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Scope
BraTS has always been focusing on the evaluation of state-of-the-art methods for the segmentation of brain tumors in multimodal
magnetic resonance imaging (MRI) scans. BraTS 2018 utilizes multi-institutional pre-operative MRI scans and focuses on the
segmentation of intrinsically heterogeneous (in appearance, shape, and histology) brain tumors, namely gliomas. Furthermore, to
pinpoint the clinical relevance of this segmentation task, BraTS’18 also focuses on the prediction of patient overall survival, via
integrative analyses of radiomic features and machine learning algorithms.

Clinical Relevance
Gliomas are the most common primary brain malignancies, with different degrees of aggressiveness, variable prognosis and various
heterogeneous histological sub-regions, i.e., peritumoral edema, necrotic core, enhancing and non-enhancing tumor core. This
intrinsic heterogeneity of gliomas is also portrayed in their imaging phenotype (appearance and shape), as their sub-regions are
described by varying intensity profiles disseminated across multimodal MRI scans, reflecting varying tumor biological properties. Due
to this highly heterogeneous appearance and shape, segmentation of brain tumors in multimodal MRI scans is one of the most
challenging tasks in medical image analysis.
There is a growing body of literature on computational algorithms addressing this important task. Unfortunately, open data sets for
designing and testing these algorithms are not currently available, and private datasets differ so widely that it is hard to compare the
different segmentation strategies that have been reported so far. Critical factors leading to these differences include, but not limited
to, i) the imaging modalities employed, ii) the type of the tumor (GBM or LGG, primary or secondary tumors, solid or infiltratively
growing), and iii) the state of disease (images may not only be acquired prior to treatment, but also post-operatively and therefore
show radiotherapy effects and surgically-imposed cavities). Towards this end, BraTS is making available a large dataset with
accompanying delineations of the relevant tumor sub-regions.

Tasks
Task 1: Segmentation of gliomas in pre-operative MRI scans: The participants are called to address this task by using the
provided clinically-acquired training data to develop their method and produce segmentation labels of the different glioma subregions. The sub-regions considered for evaluation are: 1) the "enhancing tumor" (ET), 2) the "tumor core" (TC), and 3) the "whole
tumor" (WT) [see figure below]. The ET is described by areas that show hyper-intensity in T1Gd when compared to T1, but also
when compared to “healthy” white matter in T1Gd. The TC describes the bulk of the tumor, which is what is typically resected. The
TC entails the ET, as well as the necrotic (fluid-filled) and the non-enhancing (solid) parts of the tumor. The appearance of the
necrotic (NCR) and the non-enhancing (NET) tumor core is typically hypo-intense in T1-Gd when compared to T1. The WT describes
the complete extent of the disease, as it entails the TC and the peritumoral edema (ED), which is typically depicted by hyper-intense
signal in FLAIR. The labels in the provided data are: 1 for NCR & NET, 2 for ED, 4 for ET, and 0 for everything else.
Task 2: Prediction of patient overall survival (OS) from pre-operative scans: Once the participants produce their
segmentation labels in the pre-operative scans, they will be called to use these labels in combination with the provided multimodal
MRI data to extract imaging/radiomic features that they consider appropriate, and analyze themthrough machine learning
algorithms, in an attempt to predict patient OS. The participants do not need to be limited to volumetric parameters, but can also
consider intensity, morphologic, histogram-based, and textural features, as well as spatial information, and glioma diffusion
properties extracted from glioma growth models. Participants are expected to provide predicted survival status only for subjects
with Gross Total Resection status. Three groups of survival are considered, i.e. long-survivors (e.g., >15 months), short-survivors
(e.g., <10 months), and mid-survivors (e.g. between 10 and 15 months).

Fig.1: Glioma sub-regions. The image patches show from left to right: the whole tumor (yellow) visible in T2-FLAIR (Fig.A), the tumor core (red)
visible in T2 (Fig.B), the enhancing tumor structures (light blue) visible in T1Gd, surrounding the cystic/necrotic components of the core (green) (Fig.
C). The segmentations are combined to generate the final labels of the tumor sub-regions (Fig.D): edema (yellow), non-enhancing solid core (red),
necrotic/cystic core (green), enhancing core (blue). (Figure taken from the BraTS IEEE TMI paper.)
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Data
The datasets used in this year's challenge have been updated, since BraTS'16, with more routine clinically-acquired 3T multimodal
MRI scans and all the ground truth labels have been manually-revised by expert board-certified neuroradiologists.
Ample multi-institutional routine clinically-acquired pre-operative multimodal MRI scans of glioblastoma (GBM/HGG) and lower
grade glioma (LGG), with pathologically confirmed diagnosis and available OS, will be provided as the training, validation and testing
data for this year’s BraTS challenge. These multimodal scans describe a) native (T1) and b) post-contrast T1-weighted (T1Gd), c) T2weighted (T2), and d) T2 Fluid Attenuated Inversion Recovery (FLAIR) volumes, and were acquired with different clinical protocols
and various scanners from multiple (n=19) institutions, mentioned as data contributors below. All the imaging datasets have been
segmented manually, by one to four raters, following the same annotation protocol, and their annotations were approved by
experienced neuro-radiologists. Annotations comprise the GD-enhancing tumor (ET — label 4), the peritumoral edema (ED — label
2), and the necrotic and non-enhancing tumor (NCR/NET — label 1), as described in the BraTS reference paper, published in IEEE
Transactions for Medical Imaging (Fig.1). The provided data are distributed after their pre-processing, i.e. co-registered to the same
anatomical template, interpolated to the same resolution (1 mm^3) and skull-stripped. The data provided since BraTS'17 differs
significantly from the data provided during the previous BraTS challenges (i.e., 2016 and backwards). Specifically, since BraTS’17,
expert neuroradiologists have radiologically assessed the complete original TCIA glioma collections and categorized each scan as preor post-operative. Subsequently, all the pre-operative TCIA scans were annotated by experts for the various sub-regions and
included in this year's BraTS datasets. Participants are only allowed to use additional private data (from their own institutions) for
data augmentation, if they also report results using only the BraTS'18 data and discuss any potential difference in the results.
Validation data was released on July 1, allowing participants to obtain preliminary results in unseen data and also report it in their
submitted papers, in addition to their cross-validated results on the training data. The ground truth of the validation data was not
provided to the participants. Finally, all participants were presented with the same test data, for a limited controlled time-window
(48h), before the participants are required to upload their final results in CBICA's IPP (ipp.cbica.upenn.edu).

Data Request
To request the training and the validation data of the BraTS 2018 challenge, please follow the steps below:
1. Create an account in CBICA's Image Processing Portal (ipp.cbica.upenn.edu) and wait for its approval. Note that a
confirmation email will be sent so make sure that you also check your Spam folder.
2. Once your IPP account is approved, login to ipp.cbica.upenn.edu and then click on the application "BraTS'18: Data Request",
under the "MICCAI BraTS 2018" group.
3. Fill in the requested details and press "Submit Job".
4. Once your request is recorded, you will receive an email pointing to the "results" of your submitted job. You need to login
to IPP, access the "Results.zip" file, in which you will find the file “REGISTRATION_STATUS.txt” that will provide the links to
download the BraTS 2018 data. The training data will include for each subject the 4 structural modalities, ground truth
segmentation labels and accompanying survival information, age, and resection status, whereas the validation data will
include on the 4 modalities.

Data Use
Please ensure that whenever you use and/or refer to the BraTS datasets in your manuscripts, you always cite the following papers:
[1] Menze BH, et al. "The Multimodal Brain Tumor Image Segmentation Benchmark (BRATS)", IEEE Transactions on Medical Imaging
34(10), 1993-2024 (2015) DOI: 10.1109/TMI.2014.2377694
[2] Bakas S, et al. "Advancing The Cancer Genome Atlas glioma MRI collections with expert segmentation labels and radiomic
features", Nature Scientific Data, 4:170117 (2017) DOI: 10.1038/sdata.2017.117
In addition, if the place you submit your paper does not restrict you from citing "data citations" you might also cite the following:
[3] Bakas S, et al. "Segmentation Labels and Radiomic Features for the Pre-operative Scans of the TCGA-GBM collection", The Cancer
Imaging Archive, 2017. DOI: 10.7937/K9/TCIA.2017.KLXWJJ1Q
[4] Bakas S, et al. "Segmentation Labels and Radiomic Features for the Pre-operative Scans of the TCGA-LGG collection", The Cancer
Imaging Archive, 2017. DOI: 10.7937/K9/TCIA.2017.GJQ7R0EF
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Evaluation Framework
In this year's challenge, two reference standards are used for the two tasks of the challenge: 1) manual segmentation labels of tumor
sub-regions, and 2) clinical data of overall survival.
For the segmentation task, and for consistency with the configuration of the previous BraTS challenges, we will use the "Dice score",
and the "Hausdorff distance". Expanding upon this evaluation scheme, in BraTS'18 we will also use the metrics of "Sensitivity" and
"Specificity", allowing to determine potential over- or under-segmentations of the tumor sub-regions by participating methods.
Since the BraTS'12-'13 are subsets of the BraTS'18 test data, we will also calculate performance on the '12-'13 data to allow for a
comparison against the performances reported in the BraTS TMI reference paper.
For the task of survival prediction, two evaluation schemes are considered. First, for ranking the participating teams, evaluation will
be based on the classification of subjects as long-survivors (e.g., >15 months), short-survivors (e.g., <10 months), and mid-survivors
(e.g. between 10 and 15 months). Predictions of the participating teams will be assessed based on accuracy (i.e. the number of
correctly classified patients) with respect to this grouping. Note that participants are expected to provide predicted survival status
only for subjects with resection status of GTR (i.e., Gross Total Resection). For post-challenge analyses, we will also compare both
the mean and median square error of survival time predictions.
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Deep Learning and Radiomics for Glioblastoma
Survival Prediction
Mahbubul Alam*, Lasitha Vidyaratne*, Zeina Shboul*, Linmim Pei, Thomas Batchelder and
Khan M. Iftekharuddin
Vision Lab, Electrical & Computer Engineering, Old Dominion University
(malam001, lvidy001, zshbo001, lxpei001, tbatc002, kiftekha)odu.edu

Abstract. Glioblastoma is a high-grade invasive astrocytoma
tumor. The highly invasive nature makes timely detection and
characterization of the tumor critical for the survivability
prediction of patients. This work proposes MRI- and clinical
information-based automated pipeline that implements various
state-of-the-art image processing, machine learning, and deep
learning techniques to obtain robust tumor segmentation and
patient survival estimation. We use 163 cases from the training
dataset, and 66 cases from the validation dataset provided by the
BraTS 2018 challenge for the evaluation of our model. We achieve
a cross-validated accuracy of 76.07% and a mean squared error of
438.54 for the training data. Additionally, this model obtains an
accuracy of 57.1% with a mean squared error of 382.96 for the
validation dataset.

1

INTRODUCTION

High-grade glioblastoma (HGG) or glioblastoma represents tumors arising
from the gluey or supportive tissue of the brain. HGG is considered as the most
aggressive type of brain tumor. According to the American Brain Tumor
Association (ABTA) [1] HGGs represent 74.6% of all malignant tumors and
24.7% of all primary brain tumors. World Health Organization (WHO)
categorize HGGs as stage IV brain cancer [2]. Typically, the survival duration
of patients with HGG tumor is less than two years [3, 4]. Therefore, accurate
and timely detection of HGG tumor is essential for devising an appropriate
treatment plan that may improve patient survival duration.

*

The authors have equal contribution
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Recent works have focused on developing automated survival prediction
techniques for patients with HGG tumor. Several recent studies [5-10] have
proposed automated brain tumor segmentation and patient survival prediction
techniques using machine learning and deep learning. Our proposed deep
learning and machine learning based survival prediction technique have shown
the best performance in the BraTS 2017 survival prediction challenge with
accuracy of 67% and 57% on the validation and test dataset, respectively [9].
In an effort to improve the performance of the survival prediction task, this
work proposes sophisticated computational modelling based survival prediction
method. Specifically, we approach the survival prediction task as a two-step
process, brain tumor segmentation followed by survival prediction, considering
the segmentation output as an input to the second step. The brain tumor
segmentation task is performed by utilizing two state-of-the-art convolutional
neural network (CNN) models, U-Net and fully convolutional neural network
(FCN). The outcome of these two models are fused together to achieve the final
segmentation output. This segmentation output along with the original MRI
volumes are considered as input to the survival prediction step. Several
radiomics features such as texture, topological, histogram etc. are extracted
from the raw MRI sequences and the segmented tumor volume. Furthermore, a
state-of-the-art 3D CNN architecture is utilized to extract additional features
useful for the survival prediction task. These features are then processed using
a gradient boosting based regression technique known as extended gradient
boosting (XGBoost) to obtain the survival estimation of patients.

2

DATASET

In this study, we use MR images of 163 high grade GBM patients from BtaTS18
training dataset [11-14]. The dataset provides the ground truth segmentation of
tumor tissues which comprises of enhancing tumor (ET), edema (ED), and the
necrosis and non-enhancing tumor (NCR/NET). In addition, the training dataset
provides age and overall survival (in days) data. The available scans of the MRI
are native (T1), post-contrast T1-weighted (T1Gd), T2-weighted (T2), and T2
Fluid Attenuated Inversion Recovery (FLAIR) volumes. The dataset is coregistered, re-sampled to 1 𝑚𝑚3 and skull-stripped.

3

METHODOLOGY

3.1

Brain tumor segmentation
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This work utilizes two state-of-the-art CNN architectures, U-Net and fully
convolutional neural network (FCN) to perform the brain tumor segmentation
task. The following two sub-sections provides a very brief outline of these two
models.
3.1.1 Brain tumor segmentaion using U-Net
This work utilizes a CNN based U-Net model [15, 16] to perform the brain
tumor segmentaion task. Unlike patch based CNN segmentaion pipeline where
the model only sees a localized region of the brain, the U-Net based
segementation model captures the global information from different region of
the brain tissues which is essential to achieve robust segmentaion performance.
Moreover, U-Net based model allows to achieve an end-to-end segmentation
framework rather than pixel wise classification technique. The U-Net
architecture utilized in this work is implmented following [15]. More
specifically, the architecture consists of a down-sampling (encoding) and an upsampling (decoding) stage. Rather than using regular cross entropy based loss
function, we utilize a soft dice metric based loss function to train the U-Net
model [17]. The soft dice is shown to have a differentiable form of the original
dice similarity coefficient (DSC) which is the most widely used metric to
evaluate tumor segmentaion performance. The U-Net model is trained using
mini-batch gradient descent (GD) technique which minimizes the soft dice cost
function.
3.1.2 Brain tumor segementation using FCN
Fully convolutional networks (FCNs) has been successfully used for image
processing on computer vision [18, 19]. It builds fully convolutional networks
that take input of arbitrary size and produce a correspondingly sized output with
efficient inference and learning. In comparison to generic patch-wise deep
learning methods, FCNs are able to capture global information of the whole
image. In our method, we adapt VGG-11 [20] as a pre-trained model. The
overall FCN architecture contains an encode and a decode stage. The encoding
stage contains convolution and max-pooling steps whereas the decoding stage
contains deconvlolution step to obtain the same output size as the input. Unlike
the U-Net model, the result of each convolutional layer is added as feature to
the corresponding deconvolutional layer. Finally, we take the layer number
which has the maximum probability as the segmentation result.
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The final segmentation output is achieved by fusing the outcomes obtained
from the above mentioned CNN based tumor segmentaion pipelines as shown
in Figure 1.

Figure 1. Brain tumor segmentation pipeline using U-Net and FCN
3.2

Survival Prediction

The proposed survival predition pipeline essentially involves three stages, 1)
Feature extraction stage, 2) feature selection stage, and 3) Feature
classification/regression stage
3.2.1 Feature Extraction
Overall, approximately 31 thousand features are extracted from the tumor and
the sub-regions (edema, enhancing tumor, and tumor core) as follows.
We extract forty one representative features [21] from three raw MRI
sequences, and from eight texture representations of the tumor volume that
includes several Texton filters [22], and fractal characterizations using
algorithms such as PTPSA [23], mBm [24], and holder exponent [25]. The
features obtained from these representations include histograms, co-occurance
matrix, grey-tone difference matrix, and several other statistical measures.
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Furthermore, several histogram-based features are extracted from the tumor
tissue regions. We also extract many representative volumetric features tumor
tissues with respect to the brain and whole tumor regions.
In addition, we compute the Euler characteristics of the whole tumor, edema,
enhancing and necrosis, for each slice as feature vectors.
To complement the above handcrafted features, we plan to add a set of learned
features extracted from a deep learning model to boost our survival prediction
performance. A few recent studies have attempted the use of transfer learning
with deep CNN architectures for survival prediction task [5, 8]. In this study,
we experiment with a novel 3D CNN architecture that is able to process entire
3D MRI volumes for the survival analysis. The architecture comprises of 10
layers, and takes full MRI volumes as well as the segmentation outcomes as
inputs. The network is trained for survival duration estimate using the training
dataset. The features are extracted from the second fully connected layer, and
combined with the handcrafted features for overall survival estimation task.
3.2.2 Feature Selection and Classification
We perform recursive feature selection (RFS1) on the Euler features alone,
another recursive feature selection (RFS2) on the other features (texture,
volumetric, histogram-graph based), and a final feature selection on the features
extracted from the 3D CNN.
3.2.3 Feature classification and Regression
Extreme Gradient Boosting (XGBoost) [26] is a tree boosting supervised
machine learning technique that is highly effective. XGBoost is widely used in
classification and regression tasks.
In our study, XGBoost is utilized for classification and regression overall
survival prediction on the selected features. The trained models are tuned to
their optimized hyper-parameters when a tuned grid (search grid) is created by
the different combination of the hyper-parameters. The complete pipeline for
classification and regression overall survival is illustrated in Figure 2.
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Figure 2. Survival prediction pipeline

4

EXPERIMENTAL RESULTS

We perform leave-one out cross-validation analysis on the BraTS 2018 training
dataset using the proposed survival prediction pipeline. We evaluate the
performance of our proposed method using the root mean square error (RMSE),
and the classification accuracy for a three-class setting defined as follows: 1)
long – more than 15 months, 2) Medium – between 10 to 15 months, 3) short –
less than 10 months. The best model is picked from the analysis of training data
to be used to process the validation dataset of the BraTS 2018 competition. The
ground truth is considered for the segmented tumor in the survival analysis of
the training dataset, while the segmented tumor obtained in stage one of the
proposed pipeline is used as input in the evaluation of the validation dataset.
The leave-one out cross-validation RMSE of the training dataset is 438.54, and
the three-class cross-validated survival classification accuracy is 76.07%. With
this model, we achieve a RMSE of 382.96 and a classification accuracy of
57.1% for the validation dataset.

5

CONCLUSIONS

This work proposes a robust automated glioblastoma survival prediction using
state-of-the-art computational modeling techniques. The survival prediction
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task is performed in two steps: tumor segmentation and survival prediction. The
tumor segmentation task is performed by utilizing two state-of-the-art CNN
architectures: U-Net and FCN. The survival prediction task is carried out by
first extracting different types of representative features from the raw MRI data
and the segmentation tumor output obtained from the previous step. In addition
to the hand-crafted features, we also propose a novel 3D CNN based
architecture for learning features from the raw MRI data and the segmentation
output. The hand-crafted and learned features are then processed using popular
XGBoost based regression technique to obtain the final survival prediction
output. The performance of the proposed pipeline is evaluated using BraTS
2018 challenge training and validation datasets. Our results show a leave-on out
cross-validated RMSE of 438.54, and a classification accuracy of 76.07% for
the training dataset, and RMSE of 382.96 and classification accuracy of 57.1%
for the validation dataset.

6
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Abstract. Several deep learning architectures are combined for brain
tumour segmentation. All the architectures are inspired on recent 2D
models where 2D convolution have been replaced by 3D convolutions.
The key differences between the architectures are the size of the receptive
field and the number of feature maps on the final layers. The obtained
results are comparable to the top methods of previous Brats Challenges
when median is use to average the results. Further investigation is still
needed to analyze the outlier patients.
Keywords: Brain segmentation · Brats · 3D inception · 3D VGG · 3D
Densely connected · 3D Xception.

1

Introduction

Brain tumour segmentation is an important problem which has received a considerable attention by the research community and particularly since advent of
deep learning.
Glial cells are the cause of gliomas that are the most common brain tumors.
Gliomas are usually classified into low-grade gliomas (LGG) and high grade
gliomas (HGG) which are malignant and more agressive.
Brain tumors as usually imaged using several Magnetic Resonance (MR) sequences, such as T1-weighted, contrast enhanced T1-weighted (T1c), T2-weighted
and Fluid Attenuation Inversion Recovery (FLAIR) images. From a pure pattern
recognition point of view these modalities provide complimentary information
and can be used as different feature input maps. Similar to different color planes
for RGB natural images.
The Multimodal Brain Tumor Segmentation Challenge 2018 provided a set
of MR sequences for training and evaluation of brain tumor segmentation algorithms. Ground truth for all the scans have been manually provided by expert
board-certified neuroradiologists, so that every voxel is categorized into these
classes [10]:
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Layer name kernel size num filters
conv 1 1 3 × 3 × 3
30
conv 1 2 3 × 3 × 3
30
conv 2 1 3 × 3 × 3
60
conv 2 2 3 × 3 × 3
60
conv 3 1 3 × 3 × 3
120
conv 3 2 3 × 3 × 3
120
conv 4 1 3 × 3 × 3
240
conv 4 2 3 × 3 × 3
240
fc 1
1×1×1
400
fc 2
1×1×1
200
logits
1×1×1
4
Table 1. Description of the VGG-like architecture.

–
–
–
–

Label
Label
Label
Label

0:
1:
2:
4:

background
necrotic and non-enhancing tumor
edema
enhancing tumor

We did not pay much attention on the medical details of this problem. Our
main contribution was to extend some of the recent approaches used for image
classification: VGG, inception, Xception, densely connected models to be used
with 3D data in a real segmentation problem.

2

Methods

Our approach uses an ensemble of deep neural networks with different architectures. The idea is that the ensemble provides a more robust solution with
less variance. Also some architectures may compensate for other architectures
weaknesses and thus improving the final results.
This section describes the different architectures used in our approach. All
the architectures have in common that every pixel is independently labeled using
a deep neural network architecture. We are aware that results might be better
if some post processing that considered the spatial constraints is used similar to
the CRF proposed in [9].
The key differences between the architectures are the number of parameters,
the number of feature planes and the size of the receptive field for each voxel.
These hyper-parameters were chosen as a trade-off usually limited by the memory of the GPU. More specifically, we mixed four different architectures in our
final emsemble: VGG-like, inception-2, inception-3 and densely connected. These
models are described in detail in the following subsections.
2.1

VGG-like model

This model is inspired on the well known VGG model proposed by [12]. The
differences between our approach and the original VGG are:
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– 2-D convolutions are replaced by 3-D convolutions
– Maxpool layers are not used
– The network is replicated in a convolutional way so that every pixel is labeled
independently.
Table 1 describes in detail the layers used in this model. Note that all convolutional layers are preceded by batch normalisation and followed by a ReLU
activation function, except the last layer which is followed by a softmax activation function.
2.2

Dense-like model

This architecture is inspired by the recent work [8]. The differences is that we
have replaced 2D convolutions by 3D convolutions. The advantage of the densely
connected network (compared to the VGG like) is that features are reused on
subsequent layers and each layer adds a few new features only. This allows to
increase the number of layers and therefore the size of the receptive field. This
architecture also allows to combine features of relatively small receptive field
(first layers) with features of large receptive field (last layers), which can be
useful particularly in segmentation problems.
Table 2 summarizes the architecture of our densely connected network. Note
that each layer concatenates all the output features of the previous layers, for
this reason the number of input feature grows steadily until layer conv 20. Then
two fully connected layers similar to the VGG architecture are used.
2.3

inception-like model

This architecture is inspired on some of the ideas proposed in [14] and [13]. The
key idea proposed by the inception model is to replace convolutional layer by
several parallel structures with different kernel shapes. This reduces the number
of parameters (regularization) and forces diversity on the output features of each
layer.
We took these ideas and adapted them to the problem of brain segmentation.
The main problem that we faced is the amount memory available in the GPU.
In the inception architecture the total number of layers is increased a lot, for
instance some inception layers use 1-D convolutions are used for each spatial
dimension, in the case of 2D convolution this option doubles the number of layers
and the required memory used to store intermediate results and gradients. In
our case this problem is even worse because an extension of the 1-D convolutions
to volumes implies to use three times more memory.
For this reason we simplified the GoogLenet model and added a few layers
(named as inception) before the fully connected layers as detailed in Table 3.
FIgure 1 shows the internal structure of the inception layers. As it can be
seen, four different branches are used. The first layer extracts new features and
reduces the dimensionality. The second and third branches introduce spatial
convolution; and the fourth brach is an average layer without pooling. This
structure is similar to the structure of fig 5. in [13].
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Layer name kernel size num inputs num output filters
conv 1
3×3×3
4
8
conv 2
3×3×3
12
8
conv 3
3×3×3
20
8
conv 4
3×3×3
28
8
conv 5
3×3×3
36
8
conv 6
3×3×3
44
8
conv 7
3×3×3
52
8
conv 8
3×3×3
60
8
conv 9
3×3×3
68
8
conv 10 3 × 3 × 3
76
8
conv 11 3 × 3 × 3
84
8
conv 12 3 × 3 × 3
92
8
conv 13 3 × 3 × 3
100
8
conv 14 3 × 3 × 3
108
8
conv 15 3 × 3 × 3
106
8
conv 16 3 × 3 × 3
114
8
conv 17 3 × 3 × 3
122
8
conv 18 3 × 3 × 3
130
8
conv 19 3 × 3 × 3
138
8
conv 20 3 × 3 × 3
146
8
fc 1
1×1×1
154
400
fc 2
1×1×1
400
200
logits
1×1×1
200
4
Table 2. Description of the Dense-like architecture.

Layer name kernel size num filters
conv 1 1 3 × 3 × 3
30
conv 1 2 3 × 3 × 3
30
conv 2 1 3 × 3 × 3
60
conv 2 2 3 × 3 × 3
60
conv 3 1 3 × 3 × 3
120
conv 3 2 3 × 3 × 3
120
inception see. Fig. 1
240
inception see. Fig. 1
240
inception see. Fig. 1
240
fc 1
1×1×1
400
fc 2
1×1×1
200
logits
1×1×1
4
Inception2
Inception 3
Table 3. Description of the inception architectures used in the final ensemble.
Layer name
conv 1 1
conv 1 2
conv 2 1
conv 2 2
conv 3 1
conv 3 2
inception
inception
fc 1
fc 2
logits

kernel size num filters
3×3×3
30
3×3×3
30
3×3×3
60
3×3×3
60
3×3×3
120
3×3×3
120
see. Fig. 1
240
see. Fig. 1
240
1×1×1
400
1×1×1
200
1×1×1
4
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Filter concat

3x3x3 -> 120

1x1x1 -> 30

3x3x3 -> 60

3x3x3 -> 60

1x1x1 -> 30

1x1x1 -> 40

Avg 3x3x3

base

Fig. 1. Structure of the inception layers used in the models of table 3. Each box shows
the kernel size and the number of output features.

2.4

Other architectures not in the final ensemble

We also made experiments with other architectures not included in the final
ensemble for their lower performance in our training data using cross-validation.
The more innovative structure in this group was based in the Xception architecture presented in [6]. This architecture assumes that correlation in feature
planes can be decoupled of spatial correlation, and therefore separability is applied. We implemented this separable 3D spatial filters from scratch in theano
(the library only provides this feature for 2D images).
We also made experiments with other inception architectures similar to those
presented in figs 6 and 7 of [13]. However, the results on our cross-validated
training set were not good enough.
The problem of these other inception architectures and also the Xception
layers is that they use more GPU memory compared to a more simple VGG
architecture, because more layers are used and more intermediate data and gradients need to be stored. The main advantage of these architectures in 2D images
is that they require a smaller number of parameters which help to regularize the
model. However, we found that overfitting was not the problem in our cases (the
training cost and training error was not negligible), and therefore models with
many parameters (as the VGG) could be trained without overfitting.
Finally, we also made experiments with field bias correction of the input
data [15]. In these experiments, we corrected the bias of the T1 and T1ce input
modalities and compared the performance without the field bias correctction
and the same neural network architecture. The results with the bias correction
were always worse compared to using the original raw data with the same model
architecture, and for this reason we omitted field bias correction .
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Number of parameters and receptive field size

Table 4 shows the number of parameters and receptive field size for the models
used in our final ensemble. The model that requires more parameters is the
VGG-like. This constraint limits the number of layers of the VGG model to
avoid GPU memory problems. That is the reason why the VGG-like model has
the smallest receptive field size.
The inception models halve the number of parameters (the latter layers are
the ones with more parameters) and have a larger receptive field.
Finally the densely connected model is the model with less parameters and
largest receptive field.
The idea of our ensemble is to be able to combine models with large receptive
field (more context) as the densely connected model and very expressive models,
i.e. models with many deep features (VGG-like) so that one models compensate
for the weaknesses of the others.
Model
#parameters receptive field size
VGG-like
3270252
17 × 17 × 17
inception2
1375872
21 × 21 × 21
inception3
1611882
25 × 25 × 25
Densely conected
494220
41 × 41 × 41
Table 4. Number of parameters and receptive field size for the models used in our
emseble

3
3.1

Experiments and results
Data

Our system was evaluated on the data from the Brain Tumour Segmentation
Challenge 2018 (BRATS) [11, 4, 5, 3]. As in previous editions, the training set
consists of 210 cases with high grade glioma (HGG) and 75 cases with low grade
glioma (LGG), for which manual segmentations are provided. The segmentations
include the following tumour tissue labels: 1) necrotic core and non enhancing
tumour, 2) oedema, 4) enhancing core. Label 3 is not used. The validation set
consists of 66 cases, both HGG and LGG but the grade is not revealed. For each
subject, four MRI sequences are available, FLAIR, T1, T1 contrast enhanced
(T1ce) and T2. The datasets are pre-processed by the organisers and provided
as skull-stripped, registered to a common space and resampled to isotropic 1mm3
resolution. Dimensions of each volume are 240 × 240 × 155.
3.2

Implementation detais

We implemented everything in python. Input/output data for MRI scans was
handled with the nibabel library [7] and neural networks were implemented using
tensorflow [1]. The code used in this work will be available here [2].
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We did not try any bias field correction of the input scans. The only intensity
normalization that we used was z-score normalization of the input scans using
the mean and standard deviation of the brain volume only (so the mean and std
deviation are not dependent of the brain size).
Models were trained using crops of the original MRI scans. As in [9], the
size of each crop was larger than the size of the receptive field. More specifically,
the size of the crop is set (9 + rf ) × (9 + rf ) × (9 + rf ), where rf is the size
of the receptive field. Thus, each crop contributes to the cost function with
9 × 9 × 9 voxels. This approach increases the computational efficiency (reuses
many computations) and we think that it also acts as a regularizer, forces the
model to be smooth during labeling. For each mini batch, we increased the
number of crops to fill the GPU memory (12Gb in our machine). These crops
were randomly sampled using a uniform distribution among the four classes:
healthy, oedema, core and enhancing core. During evaluation the size of the crops
were increased and consecutive crops had some overlap to handle the reduced
size of the network output (we used convolutions with only valid support).
Training was done using gradient descent with the Adam optimizer using
a constant learning rate of 0.0001 for about 40k steps. We did not observed
any overfitting during training, and for this reason we did not investigate into
adding any L2, L1 regularization, learning rate decay.... Perhaps one of the reason
why we did not observed overfitting is because we implemented a strong data
augmentation that generated affine 3D transformations of the MRI scans on the
fly.
3.3

Training results

We split the training data in two random sets, so that one of the sets that
contained 20% of the patients was used to evaluate the training progress. For
each model architecture we generated two different training partitions using
different random seeds, so that all training data was used by the models in the
ensemble.
We ranked the model architectures using the Dice scores on our validation
subset. Table 5 shows the Dice scores for our best models on our validation split.
As it can be seen the differences among models are very small, however since
the receptive field size and number of parameters is very different we think that
the models might have captured complimentary information.
Model name
Dice WT Dice TC Dice ET
VGG-like
0.880
0.771
0.689
inception2
0.882
0.792
0.685
inception3
0.880
0.789
0.695
densely connected 0.883
0.787
0.683
Table 5. Results of the selected model architectures on our validation split
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Results on the validation set

We submitted the predicted labels for each of the described models and also
for the ensemble model. There ensemble model averages the probabilities of 8
trained models (one for each architecture, and two random partitions of the
training set).
Table 6 shows the results provided by the Brats evaluation platform on the
blind validation dataset. The results are quite consistent with the results shown
on Table 5, and hence we can conclude that we did not overfitted the training
dataset and the models generalize quite well on new data. However, the evaluation on the Brats platform shows an interesting point, median values of the
Dice scores are much larger than the mean values. This confirms the existence
of image outliers.
mean
mean
mean median median median
Model name
Dice WT Dice TC Dice ET Dice WT Dice TC Dice ET
VGG-like
0.872
0.760
0.751
0.900
0.837
0.844
inception2
0.877
0.773
0.7533
0.909
0.866
0.858
inception3
0.873
0.776
0.781
0.907
0.852
0.858
densely connected 0.874
0.755
0.729
0.903
0.837
0.846
ensemble
0.881
0.777
0.773
0.912
0.873
0.860
Table 6. Results of the selected model architectures on our validation set

4

Discussion and conclusion

In this paper we have extended some well known architectures for 2D image
classification to the problem of 3D image segmentation. This can be easily done
by replacing 2D convolutions by their 3D counterparts and adjusting the number
of layers and number of feature maps to more appropriate ranges so that models
can be fitted in memory.
Each model architecture was chosen so that we had models with large/small
receptive field, many/less pararameters. The idea is that different configurations
can capture complimentary information and an ensemble model can outperform
each separate model.
The results on the validation set, show that there no exist many performance differences between the different model architectures, however the ensemble model outperforms each model. These results confirms our hypothesis
and are also consistent with the results that we had previously obtained on the
training data.
We also tried other models, not included in the final ensemble, such as the
3D Xception that assumes independence between spatial and feature dimensions.
We also tried to use bias field correction however our results showed that this
was not useful for our models.
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A careful analysis of the obtained results shows the existence of image outliers
that are not well classified. This issue severely drops our global performance as
shown by the huge difference of using the mean or median metrics. We will
investigate what is the cause of these outliers for the final evaluation on the test
set.
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Abstract. Segmenting brain tumors from multi-modal imaging remains
to be a challenging over decades. Heterogeneous appearance of brain tumors in MRI poses critical challenges in diagnosis, prognosis and survival prediction. In this paper proposed a 3D patch based U-Net model
for segmentation task in Brain Tumour Segmentation(BRATS) challenge 2018. Radiomics feature extraction and classification is done on
segmented tumor for overall survival(OS) prediction task. Preliminary
results on BRATS 2018 validation dataset demonstrate that proposed
method achieved good performance with Dice scores as 0.88, 0.83 and
0.75 for whole tumor, tumor core and enhancing tumor respectively. For
survival prediction 57.1% accuracy is achieved.
Keywords: Brain Tumor Segmentation · Gliomas · Convolutional Neural Networks · Radiomics

1

Introduction

Glioma is the most common type of brain tumor arising from glial cells. Gliomas
may have different degrees of aggressiveness, variable prognosis and several heterogeneous histological sub-regions that are described by varying intensity profiles across different Magnetic Resonance Imaging (MRI) modalities, which reflect diverse tumor biological properties [1]. Accurate segmentation and measurement of the different tumor sub-regions is critical for monitoring pro-gression,
surgery or radiotherapy planning and follow-up studies. However, the distinction
between tumor and normal tissue is difficult as tumor borders are often fuzzy
and there is a high variability in shape, location and extent across patients. Despite recent advances in automated algorithms for brain tumor segmentation in
multimodal MRI scans, the problem is still a challenging task in medical imaging
analysis [2][3][4].
Prior to BRATS challenge researchers tested their proposed algorithms on
local datasets and there is no gold standard available for fair evaluation of methods globally. BraTS challenge have provided global platform for researchers to
evaluate their proposed algorithms on publicaly available dataset with leaderboard. Additionally to the segmentation challenge, BraTS 2018 also required
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participants to develop an algorithm for survival prediction based on radiomic
imaging features.
Many computational methods based on texture analysis, probabilistic models, active contours have been proposed for tumor segmentation over decades[5].
Early approaches to this problem were based on the detection of abnormalities
using healthy-brain atlases and probability models. Then, results were upgraded
with the use of deformable registration fields coupled with Markov Random
Fields (MRF). Subsequent approaches using machine learning techniques, such
as Random Forest improved the results even more.
In recent years, Convolutional Neural Networks (CNN) have shown outstanding results in detection, classification and segmentation tasks, being able to
match and sometimes outperform humans. Some of this success is due to the
rapid improvement of machines computational power and to CNNs ability of
abstracting features in different representations of an image. Fully convolutional
networks (FCN) have proven to be an effective way to do pixel-by-pixel classification, obtaining a mean IoU of 67% in the PASCAL-VOC dataset in 2012.
This method offers the advantage of combining coarse and shallow semantic
information from images with an arbitrary input size.
U-Net based models have outperformed over traditional machine learning
methods in bio-medical image segmentation [6]. Recently, there has been an
increase in popularity of 3D CNNs which have is effective in segmentation task
at the expense of additional computational complexity[7] compared to other
state of the art algorithms.

2

Methods

We developed patch based 3D Unet model for tumor segmentation and evaluated
efficiency of radiomic features for OS prediction. The BRATS dataset exhibits
severe class imbalance, i.e. the tumor pixels are vastly outnumbered by the nontumor pixels. This poses a problem when training the network, because the
non-tumor pixels influence the total loss function much more strongly than the
tumor pixels. To address this issue, we adopt a patch-based training approach.
During training, we randomly sample patches from the images to form a batch.
Each patch is exactly the size of receptive field of the network. Details of our
approach are given in this section.
2.1

Dataset

This proposed method is trained and validated on BRATS 2018 training dataset
and validation dataset[8][9][10]. The training dataset includes 210 High Grade
Glioma(HGG) cases and 75 cases with Low Grade Glioma(LGG) while validation
set consists of 66 cases. For each case, there are four MRI sequences, including the
T1-weighted (T1), T1 with gadolinium enhancing contrast (T1c), T2-weighted
(T2) and FLAIR. All cases have been segmented manually, by four raters and
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marked annotations were approved by experienced neuro-radiologists into intratumor parts like tumor core, enhancing tumor and edema. The MRI data is
collected from various institutions and were acquired with different protocols,
magnetic field strengths and MRI scanners. Furthermore, to pinpoint the clinical
relevance of this segmentation task, BraTS 2018 also focuses on the prediction
of patient overall survival, via analysis of radiomic features. For this purpose
the survival data (in days) of 163 cases is provided in training set and 54 in
validation set. Reference segmentation and OS for validation set is hidden and
evaluation is carried out via online evaluation portal.
2.2

Pre-processing

The pre-processing of dataset is done by the organizers which includes skullstrip,
co-register to a common space and resample to isotropic 1mm x 1mm x 1mm
resolution.The dimensions of each volume are 240×240×155. Bias field correction
is done on the MR data to correct the intensity in-homogeneity in each channel
using N4ITK tool [11]. Each modality of images was normalized by subtracting
the mean and dividing by the standard deviation of the intensities within the
brain.
2.3

Patch Extraction and Training

Our model is modified version of 3D UNET with 3 downsampling and 3 upsampling branches with two back to back convolution layers with kernel size 3.
3D voxels with size 64 × 64 × 64 are extracted randomly from the training data
and given input to first layer of the model. In patch extraction care is taken
to include significant tumor area to avoid bias to background and non tumor
pixels. This is done for all the four modalities and ground truth as well. Each
layer is followed by ReLU activation and Batch Normalization. The model is
trained for 50 epochs and need 48 hours for training on NVIDIA P100 GPU
with 128GB system RAM. The framework is developed in Tensorflow[12]. At
output 4 probability maps are generated for Necrosis, Edema, Enhancing Tumor
and Background(including non tumor brain pixels). The lable is assigned to the
map with highest probability amongst all. It has been observed there are some
False Positives present in the segmentation output. 3D Connected Component
Analysis is done to remove false positives. Again, to reduce over-segmentation
in certain cases a binary brain mask is generated from brain volume and logical
AND operation is performed on segmentation output. This have improved the
accuracy of the segmentation significantly.
2.4

Radiomic Feature Extraction

After segmentation of intra-tumor parts next task in BRATS 2018 is to predict
the overall survival of the patients. For this task apart from ground truth the
only detail organizers have provided is age which makes the task challenging.
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Fig. 1. Sample Segmentation Results. Each row represents one case. Columns from
left to right: FLAIR, T1, T2, T1ce, GT and Output. Segmentation labels: Yellow for
edema, Blue for enhancing tumor and Red for tumor core
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From last few years researchers are working actively on Radiomic Feature extraction for tumor analysis and survival prediction task[13]. We compute first
order statistics, shape features, Gray Level Co-occurrence Matrix and Gray Level
Run Length Matrix features with pyradiomic package[14] and Cancer Imaging
Phenomics Toolkit (CaPTk)[15]. We computed total 468 features for edema, tumor core and enhancing tumor. These features are used to train the regression
model for survival prediction task.

3

Preliminary Results and Discussion

The performance of the proposed method is evaluated on BRATS2018 training data with 285 cases and validated on 66 cases for segmentation. Although
the testing data has not yet been made available, the validation leaderboard
still gives interesting information about the performance of the different teams’
algorithms. Average performance of proposed method on training data and validation data is given in Table 1 and Table 2 respectively in terms of Dice Similarity Index and Sensitivity. Overall, our approach reached a superior result in
the whole tumor segmentation task with an average dice coefficient of 93% over
training dataset and 87% over validation dataset. Sample segmentation results
for intra-tumor parts is given in Figure 1.
Next task is to predict the overall survival of the cases. For regression and
classification we used WEKA software toolkit[16]. Various machine learning classifiers are available in WEKA out of which we used Multi-Layer Perceptron and
Random Forests. We achieved 57.1% accuracy using MLP for OS prediction task
and achieved second position in leader-board at the time of submission of the
manuscript.
Table 1. Performance of proposed method on BraTS 2018 Training data
Evaluation
Metrics
Mean
StdDev
Median
25quantile
75quantile

4

ET
0.8002
0.2746
0.9062
0.8421
0.9422

Dice
WT
0.9324
0.1056
0.9613
0.9405
0.9728

TC
0.9197
0.1327
0.9564
0.9303
0.9687

Sensitivity
ET
WT
TC
0.8951 0.9508 0.9359
0.1397 0.0859 0.1005
0.9313 0.9645 0.9529
0.8901 0.9451 0.9328
0.9622 0.9777 0.9697

Conclusion

In this study we proposed a 3D Unet network for brain tumor segmentation and
efficacy of radiomic features for overall survival prediction. For segmentation task
we extracted 3D patches for training. Radiomic features are extracted from all
four MR modalities for OS prediction. The difference between mean and median
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Table 2. Performance of proposed method on BraTS 2018 validation data
Evaluation
Metrics
Mean
StdDev
Median
25quantile
75quantile

ET
0.7480
0.2659
0.8527
0.7325
0.8853

DICE
WT
0.8780
0.1345
0.9179
0.8665
0.9419

TC
0.8266
0.1828
0.8985
0.7771
0.9444

Sensitivity
ET
WT
TC
0.8266 0.9058 0.8186
0.2306 0.1413 0.2136
0.9035 0.9436 0.9167
0.8238 0.8953 0.7637
0.9514 0.9720 0.9571

Table 3. Performance of Random Forest and Multilayer perceptron for OS prediction
on Validation Dataset
Method Accuracy
MSE
medianSE
stdSE
SpearmanR
RF
0.375 109105.605 47545.125 143070.049
0.11
MLP
0.571 59550213.1 113611.616 128250465.8
0.427

in Table 2 indicates, that across all classes and measures few outliers caused a
great impact on the scores and this needs further investigation.
Prediction of survival without more clinical data and treatment information
is challenging and same is reflected through accuracy of the participants in the
leader-board. As the number of cases for OS prediction are less there is need to
develop efficient feature selection algorithm which will select potential features
for accurate OS prediction.
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Abstract. A new deep learning method is proposed for the automatic
delineation/segmentation of brain tumors from multi-sequence MR images. A Radiomic model for predicting the Overall Survival (OS) is designed, based on the features extracted from the segmented Volume of
Interest (VOI). An encoder-decoder type ConvNet model is designed for
pixel-wise segmentation of the tumor along three anatomical planes (axial, sagittal and coronal) at the slice level. These are then combined, using
a consensus fusion strategy, to produce the final volumetric 3D segmentation of the tumor and its sub-regions. Novel concepts such as spatial
pooling and unpooling are introduced to preserve the spatial locations of
the edge pixels to reduce segmentation error around the boundaries. We
also incorporate shortcut connections to copy and concatenate the receptive fields from the encoder to the decoder part, to help the decoder
network localize and recover the object details more effectively. These
connections allow the network to simultaneously incorporate high-level
features with the pixel-level details. The proposed segmentation and OS
models are trained and validated on the BRATS 2018 dataset.

Keywords: Convolutional Neural Network · Spatial-Pooling · Generalised Dice
Loss · Glioblastoma Multiforme

1

Introduction

Gliomas are the most common and aggressive malignant brain tumors originating from the glial cells in the central nervous system. Based on their aggressiveness and infiltrative nature, they are broadly classified into two categories,
viz. High-Grade Glioma or GlioBlastoma Multiforme (HGG/GBM) and LowGrade Glioma (LGG). over the last few decades, Magnetic Resonance Imaging
(MRI) has been extensively employed in diagnosing brain and nervous system
abnormalities mainly due to its improved soft tissue contrast. The MR sequences
include T 1-weighted, T 2-weighted, T 1-weighted contrast enhanced (T 1C), and
T 2-weighed with fluid-attenuated inversion recovery (FLAIR). The rationale behind using these four sequences lies in the fact that different tumor regions may
be visible in different sequences, thereby allowing for a more accurate demarcation of the tumor [2, 3].
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Accurate delineation of tumor region in MRI sequences is of great importance
since it allows: i) volumetric measurement of the tumor, ii) monitoring of tumor
growth in the patient between multiple MRI scans, and iii) treatment planning
with follow-up evaluation, including the prediction of overall survival (OS). Manual segmentation of tumors from MRI is a highly tedious, time-consuming and
error-prone task, mainly due to factors such as human fatigue, overabundance
of MRI slices per patient, and an increasing number of patients. Such manual
operations often lead to inaccurate delineation, and the need for an automated
or semi-automated Computer Aided Diagnosis thus becomes apparent [4, 5, 8].
The large spatial and structural variability among brain tumors make automatic
segmentation a challenging problem. The distinctive segmentation of both HGG
and LGG by the same model is also a difficult proposition.
Inspired by the success of Convolutional Neural Networks (ConvNets), we develop a novel ConvNet model with spatial-pooling called Spatial-ConvNet. This
can preserve the edge information during automated segmentation of gliomas
from multi-sequence MRI data. The segmented Volume of Interest (VOI) or tumor is used to extract two categories of Radiomic features, viz. “semantic” and
“agnostic”, for predicting the OS of patients.
The rest of the paper is organized as follows. Section 2 provides details about
the data, preparation of patch database for the ConvNet training, the proposed
multi-planar ConvNet model with spatial-pooling layer, loss function for unbalanced segmentation, and radiomic analysis of the segmented VOI for OS
prediction. Section 3 describes the experimental results of the segmentation and
OS prediction, demonstrating their effectiveness both qualitatively and quantitatively. Finally, conclusions are provided in Section 4.

2

Material and Methods

In this section we discuss the BRATS 2018 data, and steps of the tumor segmentation and survival rate prediction. The proposed segmentation method comprises of extraction of patches, training and testing of the segmentation model,
post-processing, radiomic feature extraction for overall survival prediction, followed by training and testing of classifier for OS.
2.1

Dataset

Brain tumor MRI scan datasets and patient Overall Survival (OS) data, used
in this research, were provided by BraTS 18 Challenge [1, 6, 10, 11]. The dataset
consists of 210 HGG/GBM and 75 LGG glioma cases as training dataset and
66 combined cases of HGG/GBM and LGG as validation dataset. The OS data
was included with correspondences to the pseudo-identifiers of the GBM/HGG
imaging data, with 163 and 53 as validation data points. Each patient MRI scan
set consist of four MRI sequences or channels, encompassing native (T 1) and
post-contrast enhanced T 1-weighted (T 1C), T 2-weighted (T 2), and T 2 FluidAttenuated Inversion Recovery (F LAIR) volumes, having 155 slices of 240×240

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

37 of 578

Title Suppressed Due to Excessive Length

3

resolution. The data is already aligned to the same anatomical template, skullstripped, and interpolated to 1mm3 voxel resolution. The manual segmentation
of volume structures was performed by experts following the same annotation
protocol, and their annotations were revised and approved by board-certified
neuro-radiologists. Annotation labels included were the GD-enhancing tumor
(ET), the peritumoral edema (ED), and the necrotic and non-enhancing tumor
(NCR/NET). The predicted labels are evaluated by merging three regions: whole
tumor (WT: all the three labels), tumor core (TC: ET and NCR/NET) and
enhancing tumor (ET).
The OS data is defined in terms of days, and also includes the age of patientsalong with their resection status. Only the subjects with the resection status GTR
(Gross Total Resection) is considered for the evaluation of the OS prediction
task. Based on the number of survival days, the subjects are grouped into three
classes viz. long-survivors (> 15 months), short-survivors (< 10 months), and
mid-survivors (between 10 to 15 months).
2.2

Multi-Planar ConvNet with Spatial-Pooling for segmentation

MRI scans are volumetric and can be represented in three-dimensions using
multi-planar representation viz. axial (X-Z axes), coronal (Y -X axes), and sagittal (Y -Z axes) planes. Taking advantage of this multi-view property, we propose
a deep learning based segmentation model that uses three separate ConvNets
for segmenting the tumor in the three individual planes at the slice level. These
are then combined using a consensus fusion strategy to produce the final volumetric 3D segmentation of the tumor and its sub regions. It is observed that the
integrated prediction from multiple planes is superior, in terms of accuracy and
robustness of decision, with respect to the estimation based on any single plane.
This is perhaps because of utilizing more more information, while minimizing
loss.
The ConvNet architecture, used for slice wise segmentation along each plane,
is an encoder-decoder type of network. The encoder or the contracting path uses
pooling layers to down sample an image into a set of high-level features, followed
by a decoder or an expanding part which uses the feature information to construct a pixel-wise segmentation mask. The main problem with this type of networks is that, during the down sampling or the pooling operation network loses
the spatial information. Up sampling in the decoder network then tries to approximate this through interpolation. This produces segmentation error around
the boundary of the region-of-interest (ROI) or volume-of-interest (VOI). This
is a major drawback in medical image segmentation, where accurate delineation
is of utmost importance.
In order to circumvent this problem we introduce spatial-max-pooling layer,which
can retain the max locations to be subsequently used in the unpooling operation through the spatial-max-unpooling layer. The procedure is illustrated in
Fig. 1. We also incorporate shortcut connections to copy and concatenate the
receptive fields (after convolution block) from the encoder to the decoder part to
help the decoder network localize and recover the object details more effictively.
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These connections allow the network to simultaneously incorporate high-level
features with the pixel-level details. The entire segmentation model architecture
is depicted in Fig. 2.
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Fig. 1: Spatial Pooling and Unpooling operations.

Tumors are typically heterogeneous, depending on cancer subtypes, and contain a mixture of structural and patch-level variability. Applying a ConvNet
directly to the entire slice has its inherent drawbacks. Since the size of each slice
is 240 × 240, therefore if we train the ConvNet on the whole image/slice then the
number of parameters to train will be huge. Moreover, very little difference is
observeable in adjacent MRI slices at the global level; whereas patches generated
from the same slice often exhibit significant dissimilarity. Besides, the segmentation classes are highly imbalanced. Approximately 98% of the voxels belong
to either the healthy tissue or to the black surrounding area. The NCR/NET
volumes are of the lowest size amongst all the three classes, as depicted in Fig. 3.
Each ConvNet trained on patches of size, 128 × 128 × 4 extracted from all the
four MRI sequences corresponding to a particular plane. A randomized patch
extraction algorithm, developed in our lab, is employed. The patch selection is
done using an entropy based criterion. The three ConvNets (along the three
plane) are trained end-to-end/pixels-to-pixels based on the patches extracted
from the corresponding ground truth images. During testing the stack of slices
are fed to the model, to produce pixel-wise segmentation of the tumor along
the three planes. The training performance is evaluated using Dice overlap score
[7], for the three segmented sub-regions WT, ET and TC. Since the dataset is
highly imbalanced therefore standard loss functions used in literature are not
suitable for training and optimizing the ConvNet. This is because in such cases
most classifiers focus on learning the larger classes, thereby resulting in poor
classification accuracy for the smaller classes. Therefore, we propose a new loss
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Fig. 2: Multi-planar ConvNet architecture for segmentation.
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Fig. 3: Tumor sub-class distribution for a sample patient.
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function, which is a sum of two looses viz. – Generalized Dice loss [12] and
Weighted Cross-entropy [9].
2.3

Overall Survival prediction based on radiomic features

For the OS prediction task we have extracted two types of Radiomic features, viz.
“semantic” and “agnostic” [2]. The former includes attributes like size, shape,
location, vascularity, spiculation, necrosis, and the latter attempting to capture
lesion heterogeneity through quantitative descriptors like histogram, texture,
etc. We extracted 33 semantic and 50 agnostic features from the each segmented
VOI. Then feed them to a Multilayer Perceptron (MLP) to predict the number
of survival days which is further used to determine the survival class (short, mid
or long).

3

Preliminary Results

The ConvNet models were developed using TensorFlow, with Keras in Python.
The experiments were performed on the Intel AI DevCloud platform having
cluster of Intel Xeon Scalable processors. Codes developed for our experiments
will be available soon. The proposed segmentation model is trained and validated
on the corresponding training and validation datasets provided by the BRATS
2018 [1, 10, 11] organizers.
Fig. 4 reports the preliminary quantitative evaluation results obtained by
the proposed segmentation model on the BRATS 2018 validation dataset (on
66 patients). Quantitative metrics used for evaluating the segmentation results
w.r.t. the gold standard (in case of training) and through the Leaderboard/blind
testing (in case of validation) are (i)Dice score, (ii) sensitivity, (ii) specificity and
(iii) Hausdorff distance computer for WT, TC and ET. Qualitative segmentation
result obtained by the proposed method for a sample patient from the validation
dataset is shown in Fig. 5.
Preliminary results of the proposed OS prediction method is reported in the
Table 1. We used 80% of the training data (130 patients) for training, 20% (33
patients) for validation. The model was finally tested on the 28 patients having
resection status GTR from the validation set through the Leaderboard blind
testing.

Accuracy
0.464

MSE

medianSE

stdSE

118343.214 32186.073 236471.312

SpearmanR
0.242

Table 1: OS prediction result are reported on the BraTS 2018 validation dataset.
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Fig. 4: Box-and-whisker plot of segmentation accuracy of the three sub-regions
ET, WT and TC observers with Dice score, Sensitivity, Specificity and Hausdorff95.
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Fig. 5: Example segmentation result for a sample patient (ID:
Brats18 CBICA AAM 1) from BraTS 2017 Validation Data. The green
label is edema, the red label is nonenhancing or necrotic tumor core, and the
yellow label is enhancing tumor core. The Dice coefficients for the ET, WT and
TC segmentation for this patient are 0.92, 0.90, 0.93 respectively
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Conclusion

In this paper we proposed a deep learning method for the automatic delineation/segmentation of brain tumors from multi-sequence MR images. The encoderdecoder type ConvNet model for pixel-wise segmentation performs better than
other patch based models. Integrated prediction from multiple anatomical planes
(axial, sagittal and coronal) performs superior, in terms of accuracy and robustness of decision, with respect to the estimation based on any single plane.
Novel concepts such as spatial pooling and unpooling reduced segmentation error around the boundary of the VOI. We also incorporate shortcut connections
to copy and concatenate the receptive fields from the encoder to the decoder
part, to help the decoder network localize and recover the object details more
effectively. We are getting very good validation accuracy for the segmentation
task, but for the OS task we are experimenting with some other new features
and feature selection methods to improve the accuracy.
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Abstract. The segmentation of a brain tumour in an MRI scan is a challenging
task, in this paper we present our results for this problem via the BraTS 2018
challenge, consisting of 210 HGG and 75 LGG volumes. We train and evaluate
a CNN encoder-decoder network based on a singular hourglass structure. The
hourglass network is able to classify the whole tumour, enhancing tumour and
core tumour in one pass. We apply a small amount of preprocessing to the data
before feeding it to the network but no post processing. We achieve an overall
Dice coefficient of 92% on the training set. On the validation set our network
achieves Dice coefficients of 0.59, 0.82 and 0.63 for ET, WT and TC.
Keywords: Convolutional Neural Network, Deep Learning, Hourglass, Glioma

1

Introduction

Identifying regions of the brain which are tumourous is a task often carried out by medical professionals. Manually classifying segments of the tumour is a subset of a group
of problems commonly referred to as semantic segmentation. Semantic segmentation
is the task of assigning a class to each pixel within an image, modern automated solutions to this problem often use convolutional neural networks (CNN). The introduction
of fully convolutional networks (FCN) [1] established a convolutional neural network
architecture that is widely used for the task of semantic segmentation. Architectures
such as U-NET [2] achieved success in biomedical imaging by adopting a similar architecture.
We propose the use of an adapted hourglass [3] network to solve the problem of
tumour segmentation. The hourglass network improves on U-NET by using bottleneck
blocks and adding convolutions to the skip connections. Training a CNN for this problem is a natural choice as they have demonstrated state-of-the-art performance on semantic segmentation problems such as the widely used Pascal VOC2012 [9] and cityscapes [10] datasets.
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2

Methods

2.1

Data

The dataset of BraTS 2018 [4-7] provides defined training and validation sets. The
training set is composed of 210 MRI scans of high grade gliomas (HGG) and 75 MRI
scans of low grade gliomas (LGG). Whilst the validation set is a group of 66 mixed
HGG and LGG tumours. The MRIs are volumes with XxYxZ dimensions of
240x240x155. Each volume has four corresponding modalities FLAIR T1,T2 and
T1CE.
2.2

PreProcessing

A high variance in intensity in both validation and training set was observed this lead
us normalise the training set to be centred around zero with a standard deviation of one.
By normalizing the data, we found that the required training time was reduced and the
accuracy of the network was increased. The formula for normalization is given in figure
1. Each modality was normalized separately due to the variance in intensity profile between modalities.
𝑍=

𝑥− 𝜇
𝜎

(1)

Where 𝑥 is the current intensity, 𝜇 is the mean of the modality and 𝜎 is the standard
deviation of the modality.
2.3

Hourglass Architecture

Our approach is to handle 2D slices of each volume separately, a 2D semantic segmentation problem. We performed additional experimentation using a volumetric encoderdecoder but found that the benefit of an end-to-end volumetric approach was outweighed by the significant necessary drop in features at each layer due to memory restrictions.
We design our network using an encoder-decoder structure, adapted from an hourglass network, popularized in the domain of human-pose estimation [3] The structure
of the hourglass is similar to other encoder-decoder networks, but contains a denser use
of residual blocks throughout.
The encoder contains 7 residual bottleneck blocks [8], after each a max-pooling layer
performs spatial downsampling. A further three residual blocks at the lowest spatial
resolution derive higher-level features before a series of bilinear upsampling operations
return the network to the original spatial resolution. As in the encoder, all upsampling
operations of the decoder are interleaved with residual blocks. Skip layers are added
between each matching resolution of the encoder and decoder, with each containing an
additional residual block to learn an appropriate mapping.
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We found that the choice of upsampling layer (e.g. bilinear, max-unpooling [11])
made little difference to the performance of the network. Unlike the original work [3]
we chose not to stack hourglass networks sequentially and perfom intermediate supervision, we found this too had a negligible effect on performance. The number of spatialdownsampling layers, 7 in total, were chosen based on the input resolution. Only one
residual block is used at each depth because adding two at all depths immediately doubles memory consumption which surpasses current memory constraints.
2.4

Training

The training was split into two phases pre and post true validation set release. In the
first phase the dataset was split into a test set, validation set and training set where each
set was 10%,10% and 80% of the original training set respectively. The data provided
is treated as though it is the entire dataset so that our training can be validated and tested
in preparation for the true validation set. This allows the network to avoid overfitting
and approximate the results expected on the release of the second dataset. Later the
network is retrained using a 10% test set and 90% training set split in order to obtain
test results on the original data whilst maximizing the training set size. The network is
trained for the same number of epochs for all training. The second phase is conducted
post true validation set release. In this phase the BraTS dataset is split into 10% validation and 90% training.
The network is trained using an identical training scheme for both the natural and
augmented dataset.
The hourglass network implemented in this paper only uses spatial convolutions
which means the data must be sliced along the depth dimension which effectively converts a volume into a series of 155 image with a spatial resolution of 256 2. The volumes
have a spatial resolution of 2402 however for convenience we pad them to the new
resolution. The dataset used is then 44175 images instead of 285 volumes. All four
modalities are used to train the network and are inputted as different channels to the
network.
The hourglass is trained using a cross entropy loss function with a learning rate of
10-5 which is decreased by a factor of 10 every 30 epochs. The network is trained for a
total of 50 epochs therefore the learning rate is only adapted once. The adaptive gradient descent algorithm, RMSProp is used to train the network faster than the typical
stochastic gradient descent.

2.5

Data Augmentation

Two methods of data augmentation are used in this paper vertical flipping and random
intensity variation. Vertical flipping is used because it matches the natural symmetrical shape of the brain.
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Random intensity variation is used because the intensity between MRI scans varies
significantly. This is shown by the fact that the standard deviation of the FLAIR modality in the dataset is greater than the mean by almost a factor of 10. E.g. The standard deviation and mean for the FLAIR modality are 529.2 and 61.8 respectively. The
T1, T1CE and T2 modalities have similar standard deviations. Intensity variation is
performed on the normalised dataset by first rescaling the standard deviation of the
dataset and then shifting the mean. This allows the dataset to include image intensities
which are not present in the original dataset but could appear on an MRI volume. The
range for randomly changing the standard deviation is between zero and two. The
mean is shifted between values of 0.4 and -0.4. Values above a standard deviation of
two were experimented with but lead to a significant decrease in accuracy. Shifting
the mean by over 0.5 and under -0.5 were trialed but also caused an accuracy decrease.

3

Results & Discussion

The results are split into two sections, the results on the training data set and the results
on the later released validation set. Results are shown for networks trained on the standard data and on augmented data.
3.1

Training Dataset

We trained the network on 90% of the data leaving 10% for testing purposes. The network achieved a Dice coefficient of 92% with an IOU of 86%. We find that IOU approximates the network’s worst performance on the test set in contrast to Dice which
gives an approximate representation of the average case.
3.2

Validation Dataset

The results presented in this section are those achieved when segmenting the validation
set using the network trained in section 3.1. Table 1 shows the results of the segmentation without augmentation and table 2 shows the results with flipping and intensity variation. The metrics provided in both tables are the standard metrics output by the BraTS
automatic online evaluation server. Some metrics have been omitted to save space, only
the most important evaluation metrics have been included.
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Table 1. The results of the hourglass network segmenting the unseen validation set without
augmentation in the training data.

Mean
Std
Median
25 Quantile
75 Quantile

Dice ET

Dice WT

Dice TC

Hausdorff ET

Hausdorff WT

Hausedorff TC

0.59102
0.28441
0.70712
0.47849
0.80193

0.81638
0.12274
0.86227
0.7832
0.89504

0.63479
0.24233
0.70526
0.50762
0.82568

18.11974
26.62022
5.73233
3.16228
20.02904

94.28005
50.15014
97.12933
52.71734
135.8139

130.6982
42.39722
132.5891
103.3565
163.3901

Table 2. The results of the hourglass network segmenting unseen validation set where the network has been trained with augmented data

Mean
Std
Median
25 Quantile
75 Quantile

Dice ET

Dice WT

Dice TC

Hausdorff ET

Hausdorff WT

Hausedorff TC

0.56337
0.2888
0.66684
0.39652
0.79578

0.82204
0.12962
0.86688
0.78219
0.90147

0.61797
0.21713
0.6712
0.49556
0.79259

14.27762
23.25875
5.91548
2.82843
12.55482

13.57432
15.31909
6.59447
4.18205
14.96802

17.94668
18.13535
11.18034
8.29669
18.78738

After comparing the metrics between a dataset with augmentation and one without
we find that in this challenge augmentation does not appear to give any significant increase in accuracy for Dice coefficient but improves the Hausdorff accuracies. It is
likely the case that the frequency at which the network misclassifies pixels remains the
same but the network’s ability to localize the pixels is increased.
Overall the network segments the whole tumour more accurately than it does the
core tumour or enhancing tumour, from the results in previous challenges this result is
expected. Naturally the enhancing and core tumour are much more difficult to segment
due to the similarity between all classes.
Table 1 and table 2 both show a large disparity between the median and mean accuracy especially with results for the enhancing tumour where the difference is around
10%. The difference is caused by the difficulty of detecting the enhancing tumour and
core tumour in some volumes. In most volumes the Dice coefficients are well above
the mean however some outliers achieve a score of 0 therefore dragging the mean down
significantly. When removing these cases the mean Dice coefficient increases by 4%
showing that the disparity can be explained by a few very difficult volumes. Some examples of the metrics achieved on these volumes are shown in table 3.
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Table 3. Segmentation results for very difficult volumes using a network trained with augmented data

Brats18_TCIA09_248_1
Brats18_TCIA10_195_1
Brats18_TCIA11_612_1
Brats18_TCIA12_613_1
Brats18_TCIA13_646_1

4

Dice
ET

Dice WT

Dice TC

0
0
0
0
0

0.79274
0.79941
0.73506
0.69355
0.90187

0.62938
0.62923
0.60061
0.2629
0.3996

Hausdorff
ET
0
0

0
0
0

Hausdorff
WT

14.17745
15.23155
52.7731
49.96999
35.82736

Hausedorff
TC

10.81665
25.98076
48.51804
9
6.48074

Conclusion

We propose a solution which achieves a 92% Dice coefficient on the training set and
0.59, 0.82 and 0.63 on the validation set. Although the network underperforms on Dice
score it achieves a competitive Hausdorff distance.
Much of the networks underperformance is related to outliers in the validation set
which could be mitigated in future with better preprocessing techniques. In the future
we plan to add targeted residual blocks to increase performance. Memory consumption
is often a problem when using CNNs, to combat this we plan to add residual blocks in
depths which increase the overall accuracy of the network the most. We also plan to
add skip connections with an inception block structure [12] as shown in [13] to increase
accuracy further.
We show that 2D architectures can segment 3D volumes with success but require
fine tuning and a deeper architecture to achieve better results. An approach to bridge
the gap may between 2D and 3D may be required. 3D networks outperform 2D networks when depth context is key how much context is required in most tasks remains
unclear. We plan to use a 2.5D approach where each slice has an accompanying adjacent slice either side to provide some depth context.
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Abstract. Segmenting tumors and their subregions is a challenging task
as demonstrated by the annual BraTS challenge. Moreover, predicting
the survival of the patient using mainly imaging features, while being a
desirable outcome to evaluate the treatment of the patient, it is also a
difficult task. In this paper, we present a cascaded pipeline to segment the
tumor and its subregions and then we use these results and other clinical
features together with image features coming from a pretrained VGG-16
network to predict the survival of the patient. Preliminary results with
the training and validation dataset show a promising start in terms of
segmentation, while the prediction values could be improved with further
testing on the feature extraction part of the network.
Keywords: convolutional neural networks · transfer learning · ensemble
· pretrained · segmentation · prediction

1

Introduction

Gliomas are the most common primary brain malignancies, with different degrees of aggressiveness, variable prognosis and various heterogeneous histological
sub-regions, i.e. peritumoral edema, necrotic core, enhancing and non-enhancing
tumor core. This intrinsic heterogeneity of gliomas is also portrayed in their
imaging phenotype (appearance and shape), as their sub-regions are described
by varying intensity profiles disseminated across multimodal MRI scans, reflecting varying tumor biological properties. Due to this highly heterogeneous appearance and shape, segmentation of brain tumors in multimodal MRI scans is
one of the most challenging tasks in medical image analysis.
The BraTS challenge [3, 2, 4, 6] started on 2012 and since then, it has always
been focusing on the evaluation of state-of-the-art methods for the segmentation of brain tumors in multimodal magnetic resonance imaging (MRI) scans.
The current iteration, BraTS 2018 utilizes multi-institutional pre-operative MRI
scans and focuses on the segmentation of intrinsically heterogeneous (in appearance, shape, and histology) brain tumors, namely gliomas. Furthemore, to pinpoint the clinical relevance of this segmentation task, BraTS18 also focuses on
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the prediction of patient overall survival using radiomic features and automatic
machine learning algorithms.
On BraTS 2017, Kamnitsas et al. [5] obtained the best segmentation results
with significant differences with respect to the other challengers. This approach
introduced the use of an ensemble classifier composed of different deep convolutional neural networks (CNN) architectures. Moreover, in terms of survival
prediction the best approach was presented by Shboul et al. [8] using a random
forest approach after a previous feature extraction step where image features
were extracted from a segmented image. In this paper we present a new approach based on the ideas of these two approaches where we first presegment
the tumor region using a 3D unet [7] and then we refine this segmentation with
a cascade approach using an ensemble of 4 different CNN architectures. Finally,
using the VGG-16 [9] network pretrained on the imagenet dataset, we extract
features on 20 tumor slices and combine them with the clinical data to obtain
a survival prediction. The rest of the paper is structured as follows: in section 2
we present our approach for each task, followed by the preliminary results on
the training and validation dataset and a discussion in section 3. Finally, our
conclusions are presented in section 4.

2
2.1

Methods
Task 1: Segmentation of gliomas in pre-operative MRI scans

Following our approach for multiple sclerosis segmentation by Valverder et al. [10]
and last’s year’s submission on the BraTS challenge by Wang et al. [1] we decided to implement a cascaded approach to deal with the segmentation task.
However, unlike these two approaches, we used two different networks for each
step.
Fully convolutional networks, and specifically unet ones, have a high accuracy
when segmenting lesions with a small amount of data due to the capibilities of
using large blocks of input data to train each convolutional kernel. However,
they usually have poor results when trying to segment small subregions from a
given mask. Therefore, we used a unet network to first delineate the tumor ROI
mask.
Tumor delineation This network (see figure 1 uses 5 levels of convolutional
and deconvolutional layers of 32 filters with a kernel size of 3 × 3 × 3. Residual
connections were also used to improve gradient decay, and the final output is
given by a convolutional layer with kernel size of 1 × 1 × 1 followed by a softmax
activation. As input, patches of size 21 × 21 × 21 were used for training, while
the whole image was used for testing, since the network is fully convolutional
and it speeds up the process.
Subregion segmentation With this initial ROI segmentation, we then apply
a second network focused on segmenting the tumor subregions. Following Kamnitsas et al. [5], we implement a small ensemble net. However, instead of using
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Fig. 1. 3D unet architecture for segmentation. This network uses only convolutional
and deconvolutional layers of 32 filters with a kernel size of 3 × 3 × 3. It also includes
residual connections between convolutional and deconvolutional layers.

previous architectures, we propose a framework where each small subnet shares
some metaparameters, while having different overall architectures and weights.
The goal is to capture each network’s bias but keeping the same input information. The architectures include a unet with a dense output (UCNN), a unet with
a fully convolutional output (UNET) and a dense (CNN) and fully convolutional
networks (FCNN) using only convolutions (as illustrated by figure 2.
These networks were trained independently using the same input patches of
size 13 × 13 × 13 to guarantee that the final convolutional layer of both the CNN
and FCNN networks were of size 3 × 3 × 3 (to reduce the number of parameters
of the final dense layer of the CNN network). Finally, a dense layer was trained
with the output of the previous networks to give the ensemble results instead of
using the average of all the networks. This training was performed on two steps,
the first one for the indepent networks (to avoid expanding their biases into each
other) and then a second one for the last dense layer with the previous networks
frozen.

2.2

Task 2: Prediction of patient overall survival (OS) from
pre-operative scans

After segmenting the tumor subsections, we use their volumes as features together with the clinical data (age) as features for the survival task. Moreover,
we decided to also include image features based on the surrounding area of the
tumor to imrpove regression.
Due to promising results on transfer learning tasks using pretrained networks
on natural images, we decided to use the VGG-16 network pretrained with the
ImageNet dataset to compute features for 20 slices around the center of the
tumor. These features are then passed through a fully convolutional layer (that
shares weights among all the slices) of 156 units. Finally, the output of this layer
is then combined with the clinical and volume features to obtain a final survival
prediction as illustrated by figure 3.
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Fig. 2. Ensemble network for segmentation. The different networks use the same kind
of convolutional and deconvolutional layers (represented in light yellow and dark yellow
respectively) with 32 filters and kernels of 3 × 3 × 3 and the fully connected layers all
have 4 units (for the 3 tumor subregions + the background labels).

2.3

Implementation details

All the work was developed using the Keras library and python 2.7. Moreover,
it was tested on a NVIDIA GTX Titan Xp and a Titan X PASCAL gpus with
12GB of RAM and a total system RAM of 256GB. Finally, all the code is publicly
available at: https://github.com/marianocabezas/challenges2018.

3
3.1

Results and discussion
Task 1: Segmentation of gliomas in pre-operative MRI scans

In order to only evaluate the final results and avoid sending multiple submissions
to the website, we only present the quantitative results of segmentation for the
final ensemble in table 1.
Looking at the table, the results seem to be consistent between both datasets,
even though the validation set provides slightly better results. This might be
related to the fact that the number of cases (and most likely their variability) is
lower in the validation dataset due to a lower number of cases.
Looking at the differences between the mean results and the median ones, we
observe how the median is higher for both datasets. That also suggests, that while
the overall performance is good, there are some outlier cases where the performance is worsened. For instance, this is the case for patient Brats18 CBICA AOH 1
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Fig. 3. Survival architecture composed by a pretrained VGG-16 network, a dense layer
with weight shared for each slice and a final layer that takes also into account clinical
and volumetric features.

Table 1. Summary of the results obtained from the IPP evaluation website for the
segmentation task.
Training
Mean (±σ)
Dice ET
0.66721 (0.29115)
Dice WT
0.84913 (0.13001)
Dice TC
0.71729 (0.23442)
Sensitivity ET
0.7343 (0.25561)
Sensitivity WT 0.80368 (0.17829)
Sensitivity TC 0.70196 (0.26795)
Specificity ET
0.99762 (0.00432)
Specificity WT 0.99649 (0.00416)
Specificity TC
0.99613 (0.00677)
Hausdorff95 ET 7.59116 (10.95449)
Hausdorff95 WT 7.76567 (10.008)
Hausdorff95 TC 9.82279 (8.50929)
Metric

Validation
Median
Mean (±σ)
0.78909 0.74034 (0.27735)
0.89387 0.88928 (0.07497)
0.80191 0.72644 (0.24267)
0.80397 0.76934 (0.26688)
0.8604
0.88843 (0.11746)
0.79212
0.76289 (0.2573)
0.99877 0.99803 (0.00285)
0.99793 0.99483 (0.00381)
0.99844 0.99529 (0.00607)
2.65791
5.3035 (9.96395)
4.89898 6.95631 (11.9391)
8.06226 11.92386 (13.44799)

Median
0.8339
0.91197
0.80026
0.86809
0.94084
0.87682
0.99886
0.99606
0.99735
2.23607
3.31662
8

from the training dataset. For this patient, the DSC values for enhancing tumor
(ET), whole tumor (WT) and tumor core (TC) are 0, 0.43607 and 0 respectively.
In fact, for some cases of the training and validation dataset DSC value of 0 was
obtained for the enhancing tumor region, proving to be one of the most difficult
ones.
In order to show the improvement of the cascaded approach, some qualitative
examples are presented in figure 4. As observed in this figure, the overall ROI
of the tumor is similar between both networks. However, while the unet failed
to properly differentiate between tumor subregions, the ensemble (which has
two subnetworks dedicated to classify the central voxel of a patch) is capable
of better delineate these subregions. Moreover, we can clearly see how the unet
undersegmented the enhancing tumor area. This strengthens the notion that this
is the most challenging tumor region to segment.
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Fig. 4. Qualitative example of the segmentation of one slice. While the unet provides
a good ROI segmentation, the subregions are not well delineated, while the ensemble
improves this segmentation.
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Table 2. Summary of the results obtained from the IPP evaluation website for the
survival task.
Dataset Cases Accuracy Mean SE Median SE Std. SE Spearman R
Training
59
0.373 181387.051 64498.932 384906.463
-0.05
Validation
28
0.321 199081.864 73605.696 341473.991
-0.011

3.2

Task 2: Prediction of patient overall survival (OS) from
pre-operative scans

The results obtained for the survival task are presented on table 2. As observed
in the table, the results are fairly low. In fact the accuracy is below 0.5 for both
validation and training. However, there are a few issues to take into account.
First, the number of evaluated cases is fairly lower when compared to the
segmentation task. In fact, when training, only 164 cases had any survival information, while only 1/3 of these cases where taken into account for the evaluation
of this task. It is well-known that deep learning strategies can fail to capture
enough information in the presence of a small training dataset causing issues
with generalisation. In fact, we observed how the survival prediction was usually centered in the range of 200-400, while the training dataset has a range of
5-1767. Our network could not generalise using cross-validation even though we
had a low number of parameters.
Second, normalising the clinical features and the subregion volumes is not
a trivial task. While using the zero mean approach, the network gave negative
values as output, which have no meaning for this problem. Trying to normalise
between 0 and 1 did not seem to have much of an effect. Probably, because the
VGG network provides a large number of features and the network (again due
to the low number of training samples) was not capable to compensate.

4

Conclusions

In this work, we have presented a combination of CNN architectures to first
segment the tumor and its subregions and then provide a survival prediction estimate using this segmentation, clinical data and image information from FLAIR,
T1 and T1 post-contrast. The results in terms of segmentation were promising,
while there is room for improvement in terms of survival prediction. While using transfer learning seems to improve results over using only volume estimates,
tweaking the features that are being used and how transfer learning is applied
(maybe using new fully connected layers instead of the original VGG input)
should improve results. We plan to further tweak our network to improve the
results for the testing phase.
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Abstract. This study was designed to evaluate the ability of a u-net neural network to
properly identify three regions of a brain tumor and evaluate a CNN to predict patient
survivability. 210 patients were used for training while 66 patients were used for validation. There were four MRI modalities (T2WI, T1WI, T1CE, and FLAIR) for each
patient and for each one, 1-4 physicians delineated the whole tumor, enhancing tumor,
and tumor core regions. Multiple preprocessing steps were performed on each patient’s
data before loading them into the model. The segmentation model consists of three
different u-nets, one for each region of interest. These created segmentations were then
analyzed by use of quantitative metrics (dice similarity coefficient (DSC), Hausdorff
distance (HD), sensitivity, and specificity) with respect to physician created contours.
The average [s.d] DSC for whole tumor, enhanced tumor, and tumor core contours were
0.878 [0.123], 0.724 [0.284], and 0.760 [0.294], respectively. The average [s.d.]
Hausdorff distance for whole tumor, enhanced tumor, and tumor core contours were
8.719 [18.196], 5.897 [10.413], and 10.089 [15.414], respectively. The average [s.d.]
sensitivity for whole tumor, enhanced tumor, and tumor core contours were 0.888
[0.149], 0.767 [0.267], and 0.750 [0.323], respectively. The average [s.d.] specificity
for whole tumor, enhanced tumor, and tumor core contours were 0.993 [0.005], 0.998
[0.003], 0.998 [0.002], respectively. This model was most effective in determining
accurate location of the whole tumor as for successful patient results. These results
show that the model did reasonably well defining the enhancing tumor and the tumor
core. The models used for this study can be found at “https://bitbucket.org/krogothliu/brats2018.git”. We approached overall survival prediction as a regression problem.
Each 240X240 2D slice that displayed a lesion was represented by a CNN with 3 convolutional layers of random orthogonal kernels. Accuracy on training data is 0.864.
Keywords: Magnetic Resonance Imaging, Neural Network, U-NET.

1

Introduction

In 2017, about 23,000 adults were diagnosed with brain tumors. [3]. 20% of all primary
malignant brain tumors are glioblastoma multiforme, which is the highest-grade form
of astrocytoma. Astrocytoma has its name as it first appears in brain cells called astrocytes. These can be graded depending on growth and aggression. Low grade gliomas
grow slowly, and are generally treated by surgery or radiation therapy, while high grade
gliomas have extreme poor prognosis with a median survival of 12.6 months. [4] X-
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rays, computed tomography (CT), and magnetic resonance imaging (MRI) images are
important tools used by the medical community for cancer diagnosis, treatment and
follow-up. MRI has been playing an important role in the neuroimaging due to its
excellent soft tissue contrast and capability for functional imaging. [1] Conventional
MR imaging techniques can give morphological information of the scanned area and
they can generate images influenced by different types of tissue parameters including
T1 weighted images (T1WI), T2 weighted images (T2WI) and fluid attenuation inversion recovery (FLAIR) Multi-parametric MRI allows for complementary images to
come together to give the most accurate information for tumor delineation [2]. Post
contrast T1 weighted (T1CE) images shows heterogeneous rim-enhancement in the tumor. FLAIR images suppress craniospinal fluids while enhance edema. In this study,
MRI images were used to segment heterogeneous enhancing tumors, necrotic lesions
and surrounding edema. It is imperative that the physician accurately identifies and
localizes the brain tumor for diagnosis and optimal treatment planning. Over the last
few years, deep neural networks used to aid in tumor delineation have evolved as more
research breakthroughs have been accomplished. Our aims are to employ a deep neural
network to do automatic image segmentation as well as predict life expectancy. Creating this program could potentially minimize the intra-observer variability in delineation
as the uncertainties in programming are more readily understood and more predictable.

2

Methods

2.1

Patient Population

All data was downloaded from the BraTS multimodal Brain Tumor Segmentation Challenge 2018. A total of 210 patients were used during training, while 66 patients were
used for validation. Each patient had four conventional MRI consisting of the following: T1-weighted, post contrast T1- weighted (T1CE), T2-weighted, and fluid attenuated inversion recovery (FLAIR). The MRI images came from 19 institutions and have
different scanners and clinical protocols to ensure variety of data. One to four physicians segmented enhancing tumor, peritumoral edema, and necrotic (non-enhancing tumor core) on each MRI sequences for each patient. [5-8]
2.2

Image Preprocessing

All MRI imaging modalities (T1, T2, FLAIR) were rigidly registered with the T1 contrast enhanced image (T1CE) and resampled to a spatial resolution of 1 x 1 x 1mm3. In
addition to the registration and resampling, skull stripping and normalization were performed. For each original 3D volume (240×240×155), we did the following preprocessing. To create a normal resolution, zero margins were added to pad each 2D image
to 256×256. To speed up training/validation/testing and eliminate non-enhancing and
no surrounding edema region a patch was created. Our observation showed that all tumors were included in 64 or less adjacent slices, therefore the patch was created by
cropping 64 slices containing the enhanced tumor and edema with a moderate number
of margins. Considering the brain exhibits marked symmetry across the sagittal plane,
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each slice was flipped left/right to decrease the dependence on location and increase
the variability of the available dataset using data augmentation. In the validation phase,
all 155 slices of each 3D volume went through the pipeline for segmentation. The final
result contained only the largest connected component in each volume.
2.3
Neural Network Model (segmentation)
A U-net [20] was trained to learn the features of the segmented areas: whole tumor
(WT), enhancing tumor (ET), and tumor core (TC) in the MRI images. The u-net used
in this study can be downloaded at “https://bitbucket.org/krogothliu/brats2018.git”. All
four modalities were used for segmenting WT, TC, and ET. This model was run three
different times, each of which had one type of the reference contours as the input. A
corresponding mask was generated as the output for each input structure. In this way, a
whole tumor model, an enhancing tumor model, and a tumor center model were trained
respectively. The whole tumor contour was generated by summing all three masks of
each model. The tumor core contour was created by the combining the masks of the
enhancing tumor and tumor core models. The enhancing tumor contour was the direct
output of the enhancing tumor model. The difference between T1CE and T1WI was
also taken into account. Four scaling layers were used following Pelt et al.’s [10] study
as the accuracy was improved by using a U-net with 3 or 4 scaling layers. The number
of features doubled for each consecutive convolutional layer and halved for each consecutive up-sampling layer as suggested by Ronneberger, et al. [11]. The merged layer
was comprised of features from the up-sampling layers and the convolutional layers.
The convolutional layers utilized batch normalization, which was placed right after
every merged layer, as well as two more convolutional layers at the end of the model.
[12] Soft dice was utilized as the loss function and is explained by formula 1.
2∗<𝑦𝑡𝑟𝑢𝑒, 𝑦𝑝𝑟𝑒𝑑 >+𝑐
Dice Loss =
,
(1)
<𝑦𝑡𝑟𝑢𝑒, 𝑦𝑡𝑟𝑢𝑒 >+<𝑦𝑝𝑟𝑒𝑑, 𝑦𝑝𝑟𝑒𝑑 >+𝑐

where ytrue is the clinician’s contour, ypred is the model’s output, and c (0.01) is a constant
to avoid division-by-zero singularities. The best model for each type of contour was
chosen according to the validation loss within 100 epochs run on GPU (Titan XP,
nVidia, Santa Clara, CA).

Fig. 1. U-net Model Architecture [11]
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2.4

Statistics

The metrics used to evaluate the agreement between the created U-Net model and the
given reference contours are the dice similarity coefficient (DSC), Hausdorff distance
(HD), sensitivity, and specificity. Sensitivity is also known as a true positive. It is
explained by equation 2. Specificity is also known as a true negative and explained by
equation 3.
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠𝑠
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠+𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑡𝑖𝑣𝑖𝑒𝑠

(2)
(3)

The DSC is explained in equation 4 and gives statistic regarding general overlap:
DSC =

2∗<𝑦𝑡𝑟𝑢𝑒, 𝑦̅𝑝𝑟𝑒𝑑 >
<𝑦𝑡𝑟𝑢𝑒, 𝑦𝑡𝑟𝑢𝑒 >+<𝑦̅𝑝𝑟𝑒𝑑, 𝑦̅𝑝𝑟𝑒𝑑 >

,

(4)

where 𝑦
̅ 𝑝𝑟𝑒𝑑 is binary prediction using 0.5 as the threshold.
Hausdorff Distance gives statistics regarding the amount of gross error between the
created contour and reference contour. The Hausdorff distance is the maximum distance
of a point in one contour to the nearest point of the other contour:
ℎ(𝐴, 𝐵) = max𝑎∈𝐴 {min𝑏∈𝐵 {𝑑(𝑎, 𝑏)}}
(5)
where a and b are points of sets A and B, respectively, and d(a,b) is Euclidean metric
between these points[13].
2.5
Overall Survival Prediction
The overall survival prediction was addressed as a regression problem. A 2D CNN with
three convolution layers of random orthogonal kernels was employed. [14] The
240×240 2D slices and ground truth was input into this created CNN. More recent work
has suggested that by initializing with orthogonal weights or kernels, the generated
space tends to display rich features which in turn causes better performance. [15]. Resulting representation vector, with dimensionality of 12*12*30, together with patients'
age were fed into a regressor called "extreme learning machine (ELM)" [16]. ELM was
proposed in 2006 as replacement of tedious parameter tuning in traditional shallow
neural networks, where parameters of hidden nodes were randomly generated and only
output weight connecting hidden nodes and output nodes were analytically calculated.
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3

Results

3.1

Statistics (All Patients)

The average [s.d] DSC for the whole tumor, enhanced tumor, and tumor core contours
were 0.878 [0.123], 0.724 [0.284], and 0.760 [0.294], respectively. The average [s.d.]
Hausdorff distance f were 8.719 [18.196], 5.897 [10.413], and 10.089 [15.414], respectively. The average [s.d.] sensitivity for the whole tumor, enhanced tumor, and tumor
core contours were 0.888 [0.149], 0.767 [0.267], and 0.750 [0.323], respectively. The
average [s.d.] specificity was 0.993 [0.005], 0.998 [0.003], 0.998 [0.002], respectively.

Dice Similarity Coefficient
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Tumor Core
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70

Patient
Fig. 2. DSC for whole tumor (WT), enhanced tumor (ET), and tumor core (TC) contours for each
patient
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Sensitivity

Sensitivity
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Fig. 3. Specificity for whole tumor (WT), enhanced tumor (ET), and tumor core (TC) contours
or each patient
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Fig. 4. Hausdorff Distance (mm) for whole tumor (WT), enhanced tumor (ET), and tumor core
(TC) contours or each patient
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Fig. 5. Specificity for whole tumor (WT), enhanced tumor (ET), and tumor core (TC) contours
or each patient

3.2

The validation of the Models

Fig. 6. One case from the validation dataset. The image on the left shows the reference contours,
while the image on the right depicts the contours created by u-net. (Green=WT, Blue=TC,
Red=ET

The model had different levels of success depending on the tumor area it was locating.
For the 66 patients in the validation dataset, the model correctly identified enhancing
tumor location for 59 patients, tumor core location for 62 patients, and whole tumor
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location for 65 patients. These results are shown in figure 7. A successful patient was
defined as a patient where the DSC is greater than zero. In other words, the patient was
deemed successful if the contour defined by the physician and the contour created by
the model have any overlap.

Percentage of Successful
Patients

U-NET Success Percentage
100
95
90
85
80
Enhancing
Tumor

Whole Tumor

Tumor Core

Fig. 7. Success of model on total validation patient population

The results can be further improved by only including the successful patients in
the statistical analysis. These improved statistics for the successful patients are as follows. The average [s.d] value of whole tumor, enhanced tumor, and tumor core contours were 0.891 [0.056], 0.793 [0.171], and 0.809 [0.226], respectively for DSC, 6.992
[11.587], 4.121 [5.737], and 8.963 [14.664] respectively for Hausdorff distance, and
0.902 [0.099], 0.802 [0.208] and 0.798 [0.266], respectively for sensitivity. There was
no change in specificity.
The 2D CNN was able to predict overall diagnosed patient survival. The training
accuracy on training data is 0.864.

4

Discussion

There have been significant research breakthroughs in artificial intelligence and deep
learning fields in recent years, which has the potential to transform the healthcare as
well. The deep architecture of the deep neural network makes it powerful on the image
analysis and processing. We have presented a deep U-Net architecture to correctly
detect and segment the following areas of brain lesions: enhancing tumor, tumor core,
and whole tumor. The results from our models were encouraging and can be viewed
in Table 1.
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DSC

Sens.

Spec.

HD (mm)

Successful
Pt.

All Pt.

Change

ET

0.81±0.15

0.74±0.28

9.6%

WT

0.89±0.06

0.88±0.12

1.5%

TC

0.80±0.24

0.76±0.31

6.5%

ET

0.81±0.18

0.78±0.25

4.6%

WT

0.90±0.10

0.89±0.15

1.5%

TC

0.79±0.27

0.74±0.33

6.5%

ET

1.00±0.00

1.00±0.00

0.0%

WT

0.99±0.00

0.99±0.00

0.0%

TC

1.00±0.00

1.00±0.00

0.0%

ET

3.53±4.87

6.47±16.34

-45.5%

WT

7.05±11.64

8.77±18.22

-19.7%

TC

10.57±19.07

12.99±23.53

-18.6%

Table 1. Statistical Results

The model was most effective in determining accurate location of the whole tumor
with a DSC value of 0.891 ± 0.056. The model did reasonably well in the segmentation
of the enhancing tumor and the tumor core. Table 2 shows our results compared with
the average DSC results according to the BraTS validation phase leaderboard 2018.
From these preliminary results it appears that u-net has an above average potential for
utilization in a clinical setting. However, there is still room for improvement as this
study does not have the best reported results.

DSC

ET

WT

TC

U-Net Neural Network

0.74±0.28

0.88±0.12

0.76±0.31

Ave. Reported Results

0.64±0.15

0.82±0.06

0.73±0.24

% Difference

14.3%

7.2%

4.1%

Table 2. Results of this study compared with the preliminary reported results from BraTS 2018

One such improvement is to change the ET, WT, and TC contour definitions in the
model. Currently, the whole tumor contour created by this model is defined as the sum
of three masks created by the three neural networks; the enhancing tumor contour created is the sum of the tumor core mask and the enhancing tumor mask, and the tumor
core contour is created by the tumor core mask. In an effort to improve the results, the
definition of each created contour was modified. The purpose of this modification was
to exclude any pixels in the contour that was outside of that specific mask. For example,
the whole tumor contour was originally created from the sum of the three masks, but
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now if any of the other masks were outside of the whole tumor mask, that mask’s input
in that area would be disregarded. However, the impact of this modification was moderate.
In this u-net, the input of each model consisted one type of structure contours along
with all four MRI modalities. Further investigation is warranted to derive the optimal
combination and weighting factor of each sequence. For example, FLAIR is best modality to segment the edema, but there was not enough data present for the model to
derive this. Ideally, the weight values could be input as well to force the model to use
the proper MRI modality for finding each structure. This could potentially aid the model
as it must overcome a smaller training dataset.
Overall patient survivability training results were encouraging. However, there was
a problem generating a ground truth mask for the validation data, which led to problems
assessing the validation data.

5

Conclusion

U-net, a deep neural network, was used to automatically segment the brain into whole
tumor, tumor center, and enhancing tumor. These created segmentations were then
analyzed by use of quantitative metrics (dice similarity coefficient (DSC), Hausdorff
distance (HD), sensitivity, and specificity) with respect to physician created contours.
The results of these statistics were encouraging, especially for finding the whole tumor.
Future study is still needed to investigate the impact of different scanners, protocols,
sequences, and sizes of dataset on the performance of segmentation. Predicting overall
patient survivability was successfully done when dividing the training dataset, but more
work needs to be done to be able to use it in a clinical setting.
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Abstract. In this work we propose a novel deep architecture for the
task of brain tumor segmentation. More specifically, we extend the 3-D
ResNet-18 residual network towards the aim of inducing better contextawareness. To this end, we exploit an array of 3-D ResNet-18 networks
for feature learning, one for each of the axial, sagittal and coronal views,
and fuse the per-view features together to then train per-pixel linear
classifiers for the whole tumor, tumor core and enhancing tumor categories. We reduce the network stride of the 3-D ResNet-18 network from
32 to 4 by introducing dilated convolutions using the ‘atrous’ pooling
algorithm. Further, to enhance the context-awareness of the network, we
introduce within the network a multi-scale feature pyramid via atrous
spatial pyramid pooling. Finally, we use a fully-connected Conditional
Random Field (CRF) to refine our predictions in a post processing step.
The fully-connected CRF performs a bilateral filtering of the predictions
delivered by our network. We report competitive results on the Brats
2018 validation set.
Keywords: Brain Tumor Segmentation · Residual Networks · FullyConnected CRFs.

1

Introduction

Cancer is currently one of the leading causes of death worldwide with overall
14.1 million new cases and 8.2 million deaths in 2012 [10]. Brain tumors, with
gliomas being one of the most frequent malignant types, are among the most
aggressive and dangerous types of cancer [4]. According to recent classifications
malignant gliomas are classified into four WHO grades. From these low grade
gliomas (LGG), including grade I and II are considered as relatively slow-glowing
while high grade gliomas (HGG), including grade III and grade IV glioblastoma
are more aggressive with the average survival time of approximately 1 year for patients with glioblastoma (GBM) [11, 19]. Besides being very aggressive, gliomas
are very costly to treat, making their accurate diagnosis from the early stages,
very important.
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Multimodality magnetic resonance imaging (MRI) is the primary method
of screening and diagnosis for gliomas. However, due to inconsistency and diversity of MRI acquisition parameters and sequences, there are large difference
in appearance, shape and intensity ranges, adding variability to the one that
gliomas can have between different patients. Currently, tumor regions are segmented manually by radiologists, but due to all these variations, the process is
very time consuming while the inter-observer agreement between them is considerably low. In order to address all these challenges, the multimodal brain tumor
segmentation challenge (BraTS) [20, 1–3] is organized annually, in order to highlight efficient approaches and the way forward for the accurate segmentation of
brain tumors.
Currently,the emergence of deep learning as disruptive innovation method
in the field of computer vision has impacted significantly the medical imaging
community, with numerous architectures being proposed addressing task-specific
problems. Among them the Fully Convolutional Networks (FCN) [18] and their
extension to 3D [21, 12] are among the most commonly used architectures, boosting considerably the accuracies of the semantic segmentation. Inspired by these
recent advances of deep learning, in these paper we adapt 3D CNNs with context
aware, coupled with fully-connected Conditional Random Fields for the accurate
segmentation of brain tumor.
In the next section, we discuss our contributions in detail, and we report our
performance on the Training and Validation Dataset of BraTS 2018.

2

Context-Aware 3-D Residual Networks

We now describe in detail our deep-learning pipeline. Our pipeline in this work
is based on the deep residual network architecture introduced by He in [14].
Residual networks (ResNets) ease the training of networks by adding ‘residual’
connections to the network architecture. These residual connections induce a
short-cut connection of identity mapping without adding any extra parameters
or computational complexity, thereby recasting the original mapping F (x) as
F (x) = F 0 (x) + x. We encourage the readers to refer to the original paper [14]
for details.
ResNets are the building blocks of the majority of state of the art approaches
on a variety of computer vision image segmentation benchmarks [9, 25, 24, 12],
and thus are a natural starting point in this work. However, the vanilla ResNets
lack certain desirable characteristics which make their application to the task
of brain tumor segmentation challenging. In this work, we address these challenges by extending the 3-D ResNet architecture from [12]. We now discuss these
challenges one by one and describe our strategies to overcome them.
2.1

Network Stride.

Approaches to semantic segmentation use ‘fully-convolutional networks’ (FCNs)
[18, 17] which are networks composed entirely of stacks of convolution operations,
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thereby producing per-patch outputs which spatially correspond to patches in
the input image. A major challenge that presents itself in the use of FCNs is
the network stride, also referred to as the downsampling factor. The output
activations delivered by FCNs are smaller in spatial size than the input image
due to the repeated max-pooling and convolutional strides. Thus, obtaining a
labeling that is the same size as the input image requires upsampling of the
output scores via interpolation, resulting in quantization and approximation
errors and over-smooth predictions which do not capture the finer details in the
input.
The downsampling factor of ResNets, like other popular network architectures such as [16, 22] is 32. This means that each output unit corresponds to
a 32 × 32 patch in the input image. For the Brats 2018 data where the size of
the input volume is 240 × 240 × 155, the vanilla ResNet delivers outputs of the
size 8 × 8 × 5. A popular approach to reduce the downsampling factor is using
a deconvolution filter which is a backwards convolution operation to upsample
the output, as proposed by Long and Shelhamer in [18]. However, this results
in an increased number of parameters, which will lead to overfitting for smaller
datasets like the Brats 2018 dataset where obtaining pixel-accurate ground truth
is tedious.
In this work, we use atrous convolutions proposed by Chen et al.. The atrous
algorithm introduces holes in the convolution kernel, thereby allowing us to reduce the loss in spatial resolution without any increase in the number of parameters. Authors in [23] use the same operation, rebranding it as ‘dilated convolutions’. With a strategic use of atrous convolutions, we reduce the downsampling
factor of ResNets to 4. This amounts to an output of size 60 × 60 × 39 for the
Brats 2018 data.
2.2

Context Awareness.

Standard deep networks do not have a built-in capacity to estimate the scale
of the input [6]. This limitation becomes especially crippling for brain tumor
segmentation where the scales of the whole tumor, tumor core and enhancing
tumor categories depend on a variety of factors, therefore estimating the correct
scale of tumors is a challenging task. State of the art approaches typically address
this shortcoming by feeding the input to the network at different scales and
averaging the network responses across scales [6, 7]. A number of recent methods
have proposed using feature pyramids [25, 8, 5] which instead capture features
at multiple scales. The feature pyramids are finally fused into a single feature
map via element-wise maximization, averaging or concatenation. In this work,
we use the atrous spatial pyramid pooling (ASPP) approach proposed in [8].
ASPP uses a stack of convolutional filters with increasing degrees of dilation,
thereby simulating filtering at multiple sampling rates and receptive fields. This
captures visual context at multiple scales and leads to performance boosts for a
variety of segmentation benchmarks [5]. The features at different scales are fused
via averaging. This strategy enhances the context-awareness of the network.
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Richness of Features (Network depth) vs Training/Inference
speed.

Deeper networks typically learn richer, more meaningful features as indicated
by performance boosts over shallower networks [14, 13]. However, an increase in
depth also increases training / inference time because the network represents
a sequential directed acyclic graph and prior activations need to be computed
before subsequent ones.
3-D FCNs are much slower than their 2-D counterparts. Unlike 2-D convolutions which have benefitted from both software and hardware level optimizations,
3-D convolutions still involve slow computations as the research into their optimization is in its infancy. To allow fast experimentation and validation, the
network architecture design needs careful consideration.
The authors in [24] demonstrate that decreasing the depth and increasing
the width of ResNets leads to both better accuracy and reduced training /
testing time. Inspired by them, rather than using very deep ResNets, we use the
smallest residual network ResNet-18 in our experiments. To increase the width
of the network, we use a multi-view fusion architecture where our network has
three branches, each computing features on one of axial, sagittal and coronal
views. The features from the three views are transposed to a common view and
concatenated, and linear classifiers for the three categories whole tumor, tumor
core and enhancing tumor are trained on the fused features. This increases the
speed at which the network operates as the activations of the three branches of
the network can be computed in parallel. Further our preliminary experiments
indicate that this multi-view fusion leads to better performance on a validation
set, compared to deeper variants: ResNet-34 and ResNet-50. Our approach is
described in Fig. 1.

2.4

Fully-Connected Conditional Random Fields.

As described in Sec. 2.1, the downsampling factor of our network is 4. This
amounts to an output of size 60 × 60 × 39 for an input of size 240 × 240 × 155. To
obtain predictions which have the same spatial resolution as the input volume,
we use bilinear interpolation. This introduces quantization and approximation
errors, and oversmooth predictions which do not capture the finer details in the
input data. To address this limitation, we follow up the first pass of prediction
using the network with a post-processing refinement pass. The refinement of the
network prediction is done using a fully-connected Conditional Random Field
(CRF). The fully-connected CRF performs bilateral filtering to refine the predictions made by our network, and uses the objective function proposed in [15].
Precisely, the CRF expresses the energy of a fully-connected CRF model as the
sum of unary and pairwise potentials given by
EI (l) =

X
i

ψu (li ) +

XX
i

ψp (li , lj ),

(1)

j<i
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3D-seg-ResNet-18

Probabilities
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5

Fully-Connected
CRF

Segmentation

Fig. 1. A schematic overview of our approach. Our network consists of three parallel
ResNet-18 branches, each computing mid-level features on one of the axial, sagittal
and coronal views of the input. These mid-level features are fused by transposing to
a common view and concatenation. Linear classifiers on top are trained to produce
probabilities for each of whole tumor, tumor core and enhancing tumor categories.
Further, we use a bilateral filtering performing fully-connected CRF to post-process
our network predictions.

where
ψp (li , lj ) =
µ(li , lj )
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Here l = {li } denotes the labels for all the pixels indexed by i coming from a set
of candidate labels li ∈ {1, 2, . . . , L}. ψu denotes the image dependent unary potentials, and the image dependent pairwise potentials ψp (li , lj ) are expressed by
the product of a label compatibility function µ and a weighted sum over Gaussian
kernels. The pixel intensities are expressed using the 4 modalities in the input
data pi = (flair , t1 , t2 , t1ce) and spatial positions are simply the coordinates
in 3 − D space si = (x, y, z). These are used together to define the appearance
kernel, and the spatial positions alone are used to define the smoothness kernel. The appearance kernel tries to assign the same class labels to nearby pixels
with similar colour, and the hyperparameters θα and θβ control the degrees of
nearness and similarity. The smoothness kernel aims to remove small isolated
1
2
regions. The model parameters (θα , θβ , θγ , wm
, wm
) are set by doing parameter
sweeps using a validation set.
Having discussed our method in detail, we now delve into the experimental
details and results in the next section.
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Experiments and Results

We now describe our experiments in detail, covering our training protocol and
evaluation.
3.1

Training Protocol

As described in Sec. 2 and in Fig. 1, our network is a 3 branch multi-view 3-D
ResNet-18. The three branches are initialized from the 3-D ResNet-18 network
from [12] which was trained for action recognition in videos. We augment the first
convolutional layer (conv1) of the network from [12] with an additional input
channel since we have 4 modalities (flair , t1 , t2 , t1ce), as opposed to 3 channels
in natural images (r, g, b).
Our implementation is based on the Caffe2 library. We train our networks
with randomly sampled input patches of size 97 × 97 × 97, and our network
outputs predictions of size 25 × 25 × 25. The input brain volume is preprosessed
by subtracting the per-image mean for each modality independently. We use
the weighted Softmax Cross-Entropy loss to train our network for three classes:
whole tumor, tumor core, and enhancing tumor. The weights for these three
classes are 5, 10, 10 respectively. We use random flipping across the axial axis,
and random scaling of the input between scales 0.25−2.5 for data augmentation.
We use the standard stochastic gradient descent algorithm for training, with a
weight-decay of 1 × e−5 and momentum of 0.9. We use a polynomially decaying
learning rate policy, with a starting learning-rate of 1 × e−4 and we train for
100 − K iterations.
For results on the training set, we use a random train-test split of 200 − 85
samples respectively. For results on the validation set, we use all the 285 training
samples to train, and evaluate on the 66 validation samples.
Our CRF parameters (Sec. 2.4) are estimated using the validation set of 85
samples.
3.2

Testing Protocol

We use multi-scale testing alongside flipping along the axial plane and average the probabilities delivered by the network. We use these probabilities as
unary terms along hand-crafted pairwise terms (Sec. 2.4) to the CRF for postprocessing.
3.3

Results

Our results on the train-test split are tabulated in Tab. 1, and the results on
the Brats 2018 Validation dataset are tabulated in Tab. 2. These results were
generated by the evaluation server on the official Brats 2018 website. Qualitative
results are shown in Fig. 2.
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ET
0.661

Dice
WT
0.85466

Sensitivity
ET
WT
TC
0.69755 0.9442 0.84053

TC
0.79064

ET
0.9968

Specificity
WT
TC
0.98139 0.99396

ET
6.83216

7

Hausdorff95
WT
TC
11.68252 10.91145

Table 1. Results on BraTS Training dataset.

ET
0.74057

Dice
WT
0.87189

TC
0.79898

ET
0.79469

Sensitivity
WT
TC
0.82997 0.78876

ET
0.99696

Specificity
WT
TC
0.99639 0.99731

Hausdorff95
ET
WT
TC
5.57574 5.0379 9.58839

Table 2. Results on BraTS Validation dataset.

Patient 1

Patient 2

Patient 3

Patient 4

Fig. 2. Example segmentations on the Brats 2018 Validation set delivered by our approach for four patients. Green: edema, Red: non-enhancing tumor core; Yellow: enhancing tumor core.

4

Conclusions and Future Work

In this work, we have described a novel deep-learning architecture for automatic
brain tumor segmentation. Our contributions address some of the limitations of
standard deep networks. More specifically, we have extended the 3-D residual
network to better capture the visual context in 3-D brain volumes. We devise
strategies to enable the network deliver finer, more detailed output responses,
incorporate multi-view fusion of predictions and capture multi-scale context via
a feature-pyramid scheme. We also describe a fully-connected CRF to refine the
network outputs in a post-processing step. Our approach delivers competitive
results on the Brats 2018 dataset. In the future, we would like to incorporate bias
correction, and more agressive data augmentation strategies such as rotation and
elastic deformation.
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Abstract. In the study, we used a two-dimensional convolutional neural network, to design
an automatic segmentation of brain tumor from three-dimensional MR datasets. The training datasets were obtained from the BraTs 2018 challenge. In the network, we used four types of images, including T1, T1ce, T2 and FLAIR images, for input images. The segmentation network
was SegNet. To boost the variability of the images, we randomly changed the angles, contrasts,
and brightness of the training images. Based on the results, we learned that augmentation of enhancing variability of the images has better outcomes than images without augmentation. Also,
we extracted two-dimensional slices from three slice orientations and used an ensemble method
in the prediction stage. According to the results, the above strategies all contributed to the improvement of the accuracy of segmentation. During the validation phase, we applied the optimized segmentation method to the validation datasets. The average dice coefficients are 0.766,
0.896, 0.824 for the three subsets, the enhancing tumor, the tumor core, and the whole tumor,
respectively.
Keywords: Gliomas, Deep learning, SegNet, Image segmentation

1

Introduction

Brain gliomas associated with glial cells are the major brain tumors among adults. Developing a precise diagnosis system for gliomas is the important issue nowadays.
BraTs2018 hosts the competition for segmentation of brain gliomas with MR images
[1-4]. Recently, deep learning methods based on convolutional neural networks (CNN),
such as AlexNet, VGGNet, Google Inception Net, and ResNet [5] has shown efficient
in image recognition tasks. These methods won ILSVRC competitions in recent years.
Instead of constructing full connected “layers,” CNN used series of convolutional layers in the network. The extracted convolutional kernels are similar to the filters of image
processing methods (e.g., Sobel filters, edge detectors). CNN-based techniques are especially suitable for image applications. On the other hand, graphics processing unit
(GPU) accelerating the training stage, and worldwide competitions such as ImageNet
challenge and BraTs, all contributes the fast development of deep-learning methods.
Expanding the application of image recognition, the semantic segmentation methods
recognize the class of each pixel in an image. Thus, it could be a suitable method for
the segmentation task of the BraTs 2018 challenge. In the study, we attempt to use and
compare the recently advanced convolutional neural network architecture for our task.
Besides, we also compared different pre- and post-processing methods, such as normalization, augmentation, and voting, to improve the accuracy of the results.
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2

Method

BraTS 2018 provided 285 MRI datasets with the Nifty file format, including subjects
with high-grade gliomas (HGG):210, and low-grade gliomas (LGG): 75. Each dataset
consists of four types of MR image contrasts, T1, T1 with contrast-enhancement, T2,
and FLAIR and a true-label image with pixels labeled as the GD-enhancing tumor (ET),
the peritumoral edema (ED), and the necrotic and non-enhancing tumor core
(NCR/NET). They were all aligned and normalized to the same space, and the MR
volume matrix was (X, Y, Z = 240×240×155). We padded zeros to each 3D volume,
combined the four contrasts and the true-label image to construct a 4D training volume
(256×256×256×4) and a 4D labeled volume (256×256×256×1) for each subject. For
training and validation, we divided the 285 subjects into 255 training datasets and 30
testing datasets.
We used two-dimensional SegNet for pixel-wise semantic segmentation[6]. The architecture of our SegNet implementation is shown in Figure 1. The network consisted of
the encoder and de-coder layers with 26 convolutional layers and an output layer connected a multi-class soft-max classifier. Figure 2 illustrated the convolution layer and
the max pooling layer. It was implemented with the Tensorflow framework (v1.8) and
the Python (v3.6) environment. We extracted 256×3 images from three slice orientations, including axial, coronal and sagittal slices. With 255 subjects in the training datasets, we then had 256×3×255 = 195840 images with a matrix size of 256×256. Subsequently, we normalized the images with the maximum intensity of each volume and
created a new training dataset after removing the images without pixels labeled as gliomas[7]. Also, we used augmentation, including image flipping, rotation, transpose,
and contrast adjustments, in the training procedures to enhance the variability of the
images. We compared four different configurations of the training procedures, termed
Seg-1 to Seg-4. In Seg-1, we trained the network directly from the raw data using only
the axial slice orientations. The Seg-2 procedure was the same as Seg-1 albeit with
normalized datasets. In Seg-3, the datasets were normalized, and the three slice orientations were used in training and predicting stages. The Seg-4 procedure was the Seg3 procedure plus the data augmentation approaches.

Figure 1 The SegNet architecture
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We used the rest 30 datasets to evaluate the performance of the segmentation method.
For each subject, we created different types of tensors as the input of the network. The
configurations (batch, height, width, channels) of tensors were six combinations of dimensional permutations, (Z, X, Y, channels), (Z, Y, X, channels), (Y, X, Z, channels),
(Y, Z, X, channels), (X, Y, Z, channels) and (X, Z, Y, channels). The channels were
four MR image contrasts. We then produced the network softmax outputs of six tensors,
merged the 2D slices into 3D volumes, removed the zero-padded parts of the volumes,
and obtained six volumes with softmax values of each tumor subtypes.

Figure 2 Convolution and max pooling
Finally, we implemented a voting method. Figure 3 displays the concept. We counted
the four tumors types (non-tumor, ET, ED and NCR/NET) of the six volumes and identified the class of each voxel as the prediction of the tumor subtype of the voxel. The
obtained volume with a matrix size of 240×240×155 and pixels labeled with the tumor
classes was stored as the Nifty file format for further evaluations and performance tests
in the BraTS2018 website.
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Figure 3 The voting method

Results
Figure 2 displays an example of the segmentation results. Figure 2(a) shows the true
segmentation provided by BraTS2018 and Figure 2(b-e) shows the results obtained
from SegNet with four different configurations of the training procedures, Seg-1 to Seg4. Notice that the tumor regions are hardly recognized by the Seg-1 method. With data
normalization, the Seg-2 results are slightly improved. Using the voting method, the
accuracy of the Seg-3 method is prominently increased. The data augmentation approach of the Seg-4 method slightly improves the segmentation results. The results supported that normalization, voting, and augmentation are all beneficial to raise the accuracy of the segmentation results. The voting method using the six permutations of the
3D datasets played a major role to improve the segmentation accuracy.
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Figure 2. Results showing the effect of normalization, voting and augmentation.
(a)Ground truth labels and the results of Seg-1 (b), Seg-2(c), Seg-3(d) and Seg-4(e).

Table 1 lists the average dice coefficients of the segmentation results of 30 testing
subjects. The average Dice coefficients of the whole tumor region are 0.02, 0.75,
0.88, and 0.89 for the Seg-1, Seg-2, Seg-3 and Seg-4 methods, respectively. The
group average results have the same trend as we observed in the example results
shown in Figure 2. As a result, we adopted the Seg-4 method to conduct the segmentation challenge of Brats2018.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

87 of 578

Table. 1. Average results affected by normalization, voting and augmentation

During the validation phase of the BraTs 2018, we received 66 datasets that were
unseen by the neural network in the training stage. Then, we trained the SegNet using
all the 285 training datasets with the Seg-4 configuration and used the obtained network to perform the tumor sub-type segmentation of the 66 datasets and produced the
corresponding Nifty files of the segmentation results. The files were uploaded to the
BraTs 2018 website to evaluate the accuracy of the results. Table 2 lists the accuracy
indexes of the validation results. The average dice coefficients of the validation datasets are 0.766, 0.896, 0.824 for the three subsets, the enhancing tumor (ET), the tumor core (TC), and the whole tumor (WT), respectively.

Table. 2. Results of 66 validation datasets

3

Discussions and Conclusions

In the study, we aimed to develop a fully automatic method to segment brain tumor
regions and to identify the tumor subtypes of each voxel using four MRI volumes. We
used a semantic segmentation method, SegNet for this task. We proposed four configurations of the training and prediction strategies. According to the segmentation results,
we learned that normalization, the voting method, and data augmentations all contributed to the accuracy of the segmentation results. The accuracy of the validation results
obtained with the optimized method was approximately 0.9 (the Dice coefficient of
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WT) but the segmentation of the enhancing tumor region was not as accurate (the Dice
coefficient of ET: 0.766). The CNN used in this study was implemented with 2D kernels. Thus, we spitted the 3D volumes into 2D slices and trained a 2D SegNet. The
method may be not optimal for the 3D datasets since the accuracy of the segmentation
may be improved by the 3D CNN for extracting 3D tumor features. Nonetheless, we
introduced the voting method combined with permutations of image dimensions which
prominently improved the results. Using 2D slices, the amount of training datasets is
significantly larger than the amount of 3D datasets (195840 vs. 285). The amount of
datasets used in the training stage is crucial for the deep neural networks. During the
competition period of BraTS2018, we are continuing to develop the method. We attempt to combine other neural networks, such as ResNet [8] and U-Net [9] and evaluate
whether ensemble methods [10] could improve the segmentation results. In conclusion,
the 2D semantic segmentation method combined with the voting method could be a
practical method for the segmentation of brain gliomas.
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Abstract. Brain tumor is one of the leading causes of cancer death. Accurate
segmentation and quantitative analysis of brain tumor are critical for diagnosis
and treatment planning. Since manual segmentation is time consuming, tedious
and error-prone, a fully automatic method for brain tumor segmentation is
needed. Recently, state-of-the-art approaches for brain tumor segmentation are
built on fully convolutional neural networks (FCNs) using either 2D or 3D convolutions. However, 2D convolutions cannot make full use of the spatial information of volumetric medical image data, while 3D convolutions suffer from
high expensive computational cost and memory demand. To address these problems, we proposed a novel Separable 3D U-Net architecture, which exploits the
intra-slice and inter-slice representations separately. In this way, the number of
parameters of the network can be greatly reduced, thus reducing the risk of
overfitting. Preliminary results of our method on validation data have mean dice
coefficients of 0.73, 0.88, and 0.80 for enhancing tumor, whole tumor, and tumor core, respectively.
Keywords: Separable, Segmentation, BraTS, Convolutional Neural Networks

1

Introduction

Image segmentation, especially semantic segmentation, is a fundamental and classic
problem in computer vision. It refers to partitioning an image into several disjoint
semantically meaningful parts and classifying each part into a pre-determined class.
In the application of brain tumor segmentation, the task includes the division of several sub-regions, such as GD-enhancing tumor, peritumoral edema, and the necrotic
and non-enhancing tumor core [1]. Accurate segmentation and quantitative analysis of
brain tumor are critical for diagnosis and treatment planning. Generally, manual segmentation of brain tumor is known to be time consuming, tedious and error-prone.
Therefore, there is a strong need for a fully automatic method for brain tumor segmentation. However, brain tumor segmentation is a challenging task because MR
images are typically acquired using various protocols and magnet strengths, which
results in the non-standard range of MR images. In addition, brain tumors can appear
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anywhere in the brain, and their shape and size vary greatly. Furthermore, the intensity profiles of tumor regions are largely overlap with healthy parts. Due to the challenge of brain tumor segmentation and the broad medical prospect, many researchers
have proposed various methods to solve the problem of brain tumor segmentation.
Brain tumor segmentation methods can be divided into different categories according to different principles [2]. Broadly, these methods can be divided into two major
categories: generative methods and discriminative methods. Generative methods typically rely on the prior information about the appearance of both healthy tissues and
tumors. The proposed models often regard the task of segmentation as a problem of a
posteriori distribution estimation. On the contrary, discriminative methods use very
little prior information and typically rely on a large number of low-level image features to learn the distribution from the annotated training images.
More recently, due to the success of convolutional neural networks (CNNs), great
progress has been made in the field of computer vision. At the same time, many deep
learning based brain tumor segmentation methods have been proposed and achieved
great success. Havaei et al. [3] proposed a two-pathway architecture with a local
pathway and a global pathway, which can simultaneously exploit both local features
and more global contextual features. Kamnitsas et al. [4] proposed an efficient fully
connected multi-scale CNN architecture named deepmedic that uses 3D convolution
kernels and reassembles a high resolution and a low resolution pathway to obtain the
segmentation results. Furthermore, they used a 3D fully connected conditional random field to effectively remove false positives. Isensee et al. [5] proposed 3D U-Net,
which carefully modified the popular U-Net architecture and used a dice loss function
to cope with class imbalance. They achieved competitive results on the BraTS 2017
testing data. Kamnitsas et al. [6] introduced EMMA, an ensemble of multiple models
and architectures including deepmedic, FCNs and U-Net. Due to the heterogeneous
collection of networks, the model is insensitive to independent failures of each component and has good generalization performance. They won first place in the final
testing stage of the BraTS 2017 challenge among more than 50 teams.
Although so many achievements have been made, the progress of medical image
analysis is slower than that of static images, and a key reason is the 3D properties of
medical images. This problem also occurs in the tasks of video understanding. To
solve this problem, Xie et al. [7] proposed S3D model by replacing 3D convolutions
with spatiotemporal-separable 3D convolutions. This model significantly improved on
the previous state-of-the-art 3D CNN model in terms of efficiency.
Inspired by S3D architecture for video classification and the sate-of-art U-Net architecture for medical image segmentation, we propose a novel framework named
S3D-UNet for brain tumor segmentation. We decouple a 3D convolution with one 2D
filter on intra-slice and one 1D filter on inter-slice. To make full use of 3D volumes,
we divide each 3D convolution into three branches in a parallel fashion, each with a
different orthogonal view, i.e. axial, sagittal and coronal. In this way, the number of
parameters of the network can be greatly reduced, thus reducing the risk of overfitting
in the case of a small training set.
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Methods
1.1

Dataset

The brain tumor MRI dataset used in this study are provided by BraTS’2018 Challenge [1, 8–10]. The training dataset includes multimode brain MRI scans of 285
subjects, of which 210 are GBM/HGG and 65 are LGG. Each subject contains four
scans: native T1-weighted (T1), post-contrast T1-weighted (T1c), T2-weighted (T2),
and T2 Fluid Attenuated Inversion Recovery (FLAIR). All the subjects in the training
dataset are provided with ground truth labels, which are segmented manually by one
to four raters. Annotations comprise the GD-enhancing tumor (ET - label 4), the peritumoral edema (ED - label 2), and the necrotic and non-enhancing tumor core
(NCR/NET - label 1). The validation dataset includes multimode brain MRI scans of
66 subjects which are similar to the training dataset but have no expert segmentation
annotations and the grading information.
1.2

Data Pre-processing

To remove the bias field caused by the inhomogeneity of the magnetic field and the
small motions during scanning, the N4ITK bias correction algorithm [11] is first applied to the T1, T1c and T2 scans. The multimodal scans in BraTS 2018 were acquired with different clinical protocols and various scanners from multiple institutions[1], resulting in a non-standardized intensity distribution. Therefore, normalization is a necessary stage of processing multi-mode scanning by a single algorithm. We
use histogram matching algorithm [12] to transform each scan to a specified histogram to ensure that all the scans have a similar intensity distribution. We also resize
the original image of 240x240x155 voxels to 128x128x128 voxels by removing as
many zero background as possible. This processing not only can effectively improve
the calculation efficiency, but also retain the original image information as much as
possible. In the end, we normalize the data to have a zero mean and unit variance.
1.3

Architecture

Our framework is based on the U-Net structure proposed by Ronneberger et al. [13]
which consists of a contracting path to analyze the whole image and a symmetric
expanding path to recovery the original resolution. The U-Net structure has been
widely used in the field of medical image segmentation and has achieved competitive
performance. Several studies[14, 15] have demonstrated that the 3D versions of UNet architecture using 3D volumes as input can produce better results than entirely 2D
architecture. Although 3D U-Net has good performance, it has more parameters than
2D version, and the computational complexity of 3D model is much higher than that
of 2D model. Spatiotemporal-separable 3D convolutions can greatly improve the
efficiency of the 3D CNN model. An effective model using spatiotemporal-separable
3D convolution is S3D [7] for video understanding, which significantly improved on
the previous state-of-the-art 3D CNN model in terms of efficiency. The most promi-
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nent feature of this model is that each 3D convolution is decoupled into a 2D convolution layer to learn spatial features and a 1D convolution layer to learn temporal features.
Inspired by the recent successes of S3D and U-Net in many computer vision tasks
such as video understanding and medical image segmentation, we develop a new
model named S3D-UNet, which can make full use of 3D volumes while reducing the
number of parameters and computational complexity. The schematic representation of
our proposed network is shown in Fig. 1. Just like the original U-Net, our network
consists of two parts: the left part corresponds to the contracting path that encodes the
increasingly abstract representation of the input, and the right part corresponds to the
expanding path that restores the original resolution.
16×1283 3 ×1283

16×1283 16×1283

32×643

32×643

32×643

64×323

64×323

64×323

128×163

128×163

256×83

128×163

256×83

32×643

64×323

128×163
S3D block without
residual connection

Transition down

S3D block

Transition up

256×83
1×1×1 convolution

Fig. 1. Schematic representation of our proposed network.
The original separable 3D convolution architecture is to replace a 3D convolution
with two consecutive convolution layers: one 2D convolution to learn spatial features
and one 1D convolution to learn temporal features. This structure is very effective for
video understanding tasks. For the task of brain tumor segmentation, the original S3D
convolution structure may not be optimal due to the isotropic high resolution (1
mm^3) of MRI scans. In the processing of MRI scans, we refer to the corresponding
spatial convolution and temporal convolution in original S3D convolution as intraslice convolution and inter-slice convolution. Naturally, we divide a 3D convolution
into three branches in a parallel fashion, each with a different orthogonal view, i.e.
axial, sagittal and coronal, as shown in Figure 2. After each convolution, an instance
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normalization [16] and LeakyReLU activation is applied. We call this architecture as
S3D block, which is the main contribution of our proposed method.
Relu activation

Concat

Conv
1×1×1

Conv
3×1×1

Conv
1×1×3

Conv
1×3×1

Conv
1×3×3

Conv
3×3×1

Conv
3×1×3

Conv
1×1×1

Conv
1×1×1

Conv
1×1×1

Previous Layer

Fig. 2. The detailed illustration of S3D block

Each level of the network comprises one to three S3D blocks of different resolutions. As the data proceeds through different level along the contracting path, its resolution is reduced. This is performed through transition down, which includes a 3D
convolution with a kernel size of 2 × 2 × 2 and a stride of 2. On the contrary, the transition up, which includes a 3D deconvolution with a kernel size of 2 × 2 × 2 and a
stride of 2, is used to expand the resolution in the expanding path.
1.4

Loss Function
Table 1. The distribution of the classes in the training data of BraTS 2018.

Percentage

Background
98.88

NCR/NET
0.28

ED
0.64

ET
0.20

The performance of neural network depends not only on the choice of network structure but also on the choice of the loss function[17]. Especially for severe class imbalance, the choice of loss functions becomes more important. Due to the physiological
characteristics of brain tumors, the segmentation task has an inherent class imbalance
problem. Table.1 illustrates the distribution of the classes in the training data of
BraTS 2018. Background (label 0) is overwhelmingly dominant. According to [5], we
apply a multiclass Dice loss function to approach this issue. Let R be the one hot
coding ground truth segmentation with voxel values

rnk , where k  K being the

n  N . Let P be the softmax output the network with voxel values
p , where k  K being the class at voxel n  N . The multiclass Dice loss function

class at voxel
k
n

can be expressed as
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DL = 1 −
K
2



kK




n

n
k
n

pnk rnk

p +  n rnk

(1)

Results

The network is trained on one GeForce GTX 1080Ti GPU with a batch size of 1 using
PyTorch toolbox. Adam [18] is used as the optimizer with an initial learning rate
0.001 and a l2 weight decay of 1e-8. We evaluate all the cases for training data and
validation data using online CBICA portal for BraTS 2018 challenge. The segmentation results of validation data are presented in Table 1 and 2. Table 3 and 4 show the
results of training data. Examples of the segmentations obtained from the training data
using our method are shown in Figure 3.
Table 2. Dice and Sensitivity for BraTS 2018 validation dataset

Mean
StdDev
Median
25quantile
75quantile

ET
0.73348
0.2289
0.80157
0.69969
0.85716

Dice
WT
0.88787
0.07533
0.90601
0.87748
0.93244

TC
0.80781
0.18744
0.87509
0.75545
0.9243

ET
0.77863
0.21653
0.84971
0.68999
0.93181

Sensitivity
WT
0.90126
0.08534
0.92149
0.88176
0.95833

TC
0.80024
0.20449
0.88745
0.72666
0.94249

Table 3. Specificity and Hausdorff95 for BraTS 2018 validation dataset

Mean
StdDev
Median
25quantile
75quantile

ET
0.99752
0.00328
0.99871
0.99731
0.99943

Specificity
WT
0.99427
0.00414
0.99581
0.99228
0.99725

TC
0.99817
0.00219
0.99868
0.99793
0.99946

ET
4.64261
7.24967
2.23607
1.41421
4.24264

Hausdorff95
WT
5.50541
7.10154
3.16228
2.23607
5

TC
8.14015
13.1969
4.24264
2.23607
9.43398

Table 4. Dice and Sensitivity for BraTS 2018 training dataset

Mean
StdDev
Median
25quantile
75quantile

ET
0.73953
0.23324
0.80752
0.71495
0.86075

Dice
WT
0.88809
0.05405
0.89999
0.86768
0.92713

TC
0.84419
0.11202
0.88117
0.80397
0.91793

ET
0.78628
0.20056
0.83615
0.7227
0.90571

Sensitivity
WT
0.88069
0.08275
0.90545
0.83986
0.939

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

TC
0.83281
0.11848
0.86713
0.78056
0.92181

96 of 578

Table 5. Specificity and Hausdorff95 for BraTS 2018 training dataset

Mean
StdDev
Median
25quantile
75quantile

ET
0.99791
0.00224
0.99854
0.99712
0.99949

Specificity
WT
0.99481
0.00391
0.9957
0.99315
0.99736

TC
0.9972
0.00466
0.99878
0.99732
0.99944

ET
4.63102
6.53892
2.23607
1.41421
4.32834

Hausdorff95
WT
5.88769
5.00074
4.89898
3.16228
7.09921

TC
5.66071
6.60362
4.12311
2.23607
7.2111

Fig. 3. Examples of segmentation from the of BraTS 2018 training data. red: NCR/NET, green:
ED, blue: ET.

3

Discussion

We have presented S3D-UNet architecture which aims to learn intra-slice and interslice representations in deep networks. Particularly, we decouple a 3D convolution
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with one 2D filter on intra-slice and one 1D filter on inter-slice. To make full use of
3D volumes, we divide each 3D convolution into three branches in a parallel fashion,
each with a different orthogonal view, i.e. axial, sagittal and coronal. This model can
significantly reduce the number of parameters and reduce the risk of over-fitting. In
the future work, we will continue to improve the structure of the network and use
some post-processing methods such as fully connected conditional random field to
remove false positives.
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Abstract. Multi-modal MRI scans are commonly used to grade brain
tumors based on size and imaging appearance, which play an important role in the diagnosis and treatment administered to patients. Deep
learning based approaches in general, and convolutional neural networks
in particular, have been utilized to achieve superior performance in the
fields of object detection and image segmentation. In this paper, we propose to utilize the DeepLabv3+ network for the task of brain tumor
segmentation. For this task, we consider only the T1CE, T2 and FLAIR
images to identify the whole tumor, the tumor core and the enhancing
core of the brain tumor for 57 subjects. We use 80% of the MICCAI
BraTS training data to train our network and use the remaining 20% for
validation purposes. Our method involves the segmentation of individual
slices in the three orientations and a majority voting-based combiner. We
achieve Dice coefficients of 0.8154, 0.8016, and 0.9059 for the enhancing
tumor, the tumor core and the whole tumor respectively.
Keywords: Image segmentation, Convolutional neural networks, DeepLab,
MRI, tumor, enhancing tumor, tumor core

1

Introduction

Gliomas are a type of tumor that start in glial cells and occur in the brain and
spinal cord. Differentiating High-grade gliomas (HGG) from Low-grade gliomas
(LGG) is essential in determining patient treatment path, since 80% of malignant
brain tumors are considered HGGs. By developing a segmentation algorithm to
automatically identify tumor regions using multimodal MRI scans, there is potential to improve diagnostics and follow-up treatment. Due to the heterogeneity
in the size, location, and shape of gliomas, developing algorithms for automatic
segmentation is challenging.
To accomplish automatic segmentation, we propose to use the DeepLab v3+
framework[6], which has been shown to successfully identify objects in natural
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images. To do this, we utilize the pre-trained Xception network of DeepLabv3+
and further train on multimodal MRI, treating the individual modes as image
channels. We use the sagittal, coronal and axial slices separately to train a pretrained DeepLabv3+ model, thus obtaining three separate models trained on
the slices in the three different orientations. For validation, we use the sagittal,
coronal and axial slices as the inputs to the models trained on the corresponding
slices and then employ a basic majority voting-based combiner to combine the
predictions.

2
2.1

Methodology
Data

The training dataset for the MICCAI BraTS 2018 challenge consists of 285 sets
of NIfTI image files, with 210 sets of image files for HGG type of tumor and 75
sets for LGG. Each set of image files consists of MRI scans using four different
modes: T1, T2, T1CE and FLAIR. Also, the corresponding segmentation map
is provided for each of the 285 patients. The segmentation labels are assigned as
follows:
– Label 4 is assigned to the enhancing tumor region.
– The edema is denoted by label 2.
– The NCR+NET region is identified using label 1.
Our task is to identify the enhancing tumor, the tumor core, which consists of
the enhancing tumor and the NCR+NET regions, and the whole tumor, which
consists of all three of the above regions. Details about the BraTS challenge and
the annotated dataset are provided in [10] and [3]. The relevant data sources are
[4] and [2]
2.2

Data Preprocessing

In order to perform segmentation of the different regions of a brain tumor, we
slice the 3-D NIfTI brain images along 3 orientations: sagittal, coronal, and
axial. By doing so, we get 155 axial slices and 240 slices each in the sagittal and
coronal directions. In the original image, the intensity of each voxel is stored as
a 16 bit integer and as a result, the maximum possible value of intensity of a
voxel is greater than 255. In order to use DeepLabv3+ for segmenting the slices,
we store each slice as a separate .png file. However, the intensity of each pixel
in a .png file can only range from 0 to 255. Thus, we scale the intensities in the
original NIfTI image to a value between 0 to 255 before saving each slice as a
.png file. Each NIfTI image file stores the intensities of 240 × 240 × 155 voxels.
Thus, each axial slice consists of 240 × 240 pixels, while the coronal and sagittal
slices have 240 × 155 pixels each. We use zero padding to pad each of the coronal
and sagittal slices to increase their size to 240 × 240 pixels.
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We use only the T1ce, T2 and FLAIR images to perform our experiments.
We combine the corresponding slices from our data and create RGB images,
where the FLAIR image occupies channel 1 (R), T1ce occupies channel 2 (G)
and T2 occupies channel 3 (B).
2.3

Deeplabv3+ Architecture

Convolutional neural networks typically apply convolution with different strides
as well as pooling. These methods cause a reduction in the sizes of the feature maps that are operated on by the succeeding layers, and as a result, the
last feature map lacks comprehensive information associated with object boundaries. Hence, in case of semantic image segmentation, such architectures fail to
provide precise delineation of objects. In order to overcome this challenge, an
encoder-decoder pathway is used in several architectures. While the U-Net[11]
decoder concatenates the feature maps at corresponding scales in the encoder
and decoder pathways, SegNet[1] saves and uses the max pooling indices from
the encoder pathway. On the other hand, Deeplabv3[5] uses parallel atrous convolutions at different rates in order to capture the information at different scales.
Effectively, this technique, called the Atrous Spatial Pyramid Pooling (ASPP)
allows the encoder network to use different fields of view. Thus, while encoderdecoder based networks use the decoder pathway to progressively recover spatial context, networks that use ASPP can store multi-scale information within
their feature maps. DeepLabv3+[6] combines these two techniques and uses an
encoder-decoder pathway as well as ASPP in order to achieve precise delineation
of object boundaries.
DeepLabv3+ has a similar encoder architecture as the one used in DeepLabv3,
which utilizes ASPP. However, due to the computation cost and complexity of
performing ASPP as well as the size constraints of GPU memories, it is not
th
possible to extract features that have a resolution greater than 18 of the input
image. An output stride of 16 (at most 8) is used in the convolution layer in order
to perform image segmentation. The last feature map generated by the encoder
network, which has 256 channels, is used as the input to the decoder network.
Besides this, DeepLabv3+ involves the use of depth-wise separable convolution,
which divides a traditional convolution operation into a depth-wise convolution
and a point-wise convolution. This results in lower computation cost and uses
fewer number of parameters, while maintaining the same level of accuracy.
To overcome the fact that the encoder cannot give an output that has the
same resolution as the input image, DeepLabv3+ introduces a decoder network.
The decoder network first uses bilinear upsampling to increase the resolution of
the feature maps that are received from the encoder. Then, a 1× 1 convolution is
performed before the features are concatenated with the corresponding features
from the encoder network. Finally, the decoder performs 3 × 3 convolutions
and upsamples the output to the resolution of the original image. The decoder
network uses depth-wise separable convolution and an output stride of 16 to
strike a balance between the accuracy and the computation speed.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

102 of 578

4

Roy Choudhury et al.

DeepLabV3+ modifies the Xception model[7] by making the network deeper,
using depth-wise separable atrous convolution instead of max pooling, and introducing additional batch normalization and non-linear activation layers. The
resulting architecture[8], which is implemented using Tensorflow, does not include any form of post-processing and achieves an mIoU of 89% on the Pascal
VOC dataset. At present, DeepLabv3+ heads the Pascal VOC leaderboard for
image segmentation, and thus, we decided to use this network in order to develop
our automatic brain tumor segmentation software.

Ground truth

Segmentation

Atrous Conv

Upsample by 4

1x1 Conv

1x1
Conv

3x3
rate 6

3x3
rate 12

3x3
rate 18

Image pooling

Concat

Upsample by 4

Fig. 1. DeepLabv3+ involves the use of atrous convolution at multiple scales in the
encoder network as well as a decoder network
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2.4

5

Brain tumor Segmentation using DeepLabv3+

For the purpose of our preliminary experiments, we have divided the BraTS
training data into two sets, one consisting of the MRI scans of 80% of the patients
and the other one consisting of the remaining 20% data. We use the first set to
train our network and the second set for validation. Thus, the validation set
consists of the MRI scans from 57 patients and is not seen by our model during
training.
During training, we only use the slices in our training set which actually have
tumors. On an average, in the training data provided, about 1.07% of the brain
is occupied by tumor in case of HGG and about 1.24% in case of LGG. As a
result, the portion of the brain that contains tumors is significantly smaller than
the healthy part. So, the number of voxels that have label 0 is much greater
than those that are labeled 1, 2, or 4. Thus, to minimize the class imbalance,
and to ensure that the sections of the brain that have tumors can be successfully
recognized, we only use the slices that have tumors during the training phase.
However, the validation set consists of all the slices in a specific direction (axial,
sagittal or coronal) and are segmented using the classifier trained on the slices
in the corresponding orientation.
We train our model using an existing DeepLabv3+ pre-trained model. Specifically, we use a checkpoint of the Xception model[9], which is pre-trained on the
augmented Pascal VOC dataset. We use a learning rate of 0.005 (the recommended learning rate for training this particular model is 0.007) and train for a
total of 75000 steps. We use poly decay and a decay rate of 0.1 to decrease the
learning rate after every 30000 iterations. While a larger batch size could have
helped us to train our model more successfully, we had to use a batch size of 8
due to GPU memory constraints.
Using the above method, we train our model separately on the axial, sagittal
and coronal slices. Thus, we get three separate trained models and use each model
to predict the label of each voxel using the corresponding validation slices. In this
way, after performing training and validation on the axial, sagittal and coronal
slices, we get three predictions for each voxel in the validation data.
Finally, we use majority voting in order to assign a label to each voxel based
on the predictions obtained in the previous step. Our simplistic majority voting
scheme works by first recombining all the prediction slices in the axial direction
to get the 3-D brain segmentation. We also perform the same operation along
different axes to reconstruct the segmented image using the sagittal and coronal
slices. Then, after we have reconstructed the predictions in order to get three
3-D brain images, one from the slices in each of the three orientations, we apply
majority voting. Here we refer to the prediction for voxel at position i, j, k
considering the sagittal direction slices as psagittal
, the axial direction slices as
i,j,k
coronal
paxial
and
coronal
direction
slices
as
p
.
If,
for
any voxel, any two of these
i,j,k
i,j,k
sagittal
coronal
predictions are the same, that is either pi,j,k
= pi,j,k
or psagittal
= paxial
i,j,k or
i,j,k
axial
coronal
pi,j,k = pi,j,k , then we assign the label predicted by the majority to that voxel.
However, if all the three predictions differ, we give priority to the prediction that
uses the slices in the orientation that achieves the best performance. From our
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experiments, we found that the highest average mIoU is achieved by the model
that uses the cross-sectional slices.
Our preprocessing codes and the majority voting code can be found at https :
//www.dropbox.com/s/ef idw7km7j4te4q/BraT S18F SUM L.zip?dl = 0

3

Result

We evaluate the performance of our network by training the model separately on
our training sets for the sagittal, coronal and axial slices. The models are used
to perform predictions on the validation slices of the corresponding orientations.
We report the Dice coefficient and sensitivity of each of the trained models. We
also report the Dice coefficient and the sensitivity of our combiner model which
combines the predictions from each orientation by using majority voting.
We first provide a few samples in order to visualize our image segmentation
results for slices in the three orientations. The figures provided in this section
depict the level of accuracy that we have achieved by using slices in each of
the three orientations. However, in some cases the uneven boundaries are not
identified accurately. By using the prediction combiner, we are able to handle
some special cases where any one of the three models can not achieve the best
segmentation, but a combination of the predictions from the three models can
enhance the accuracy of the prediction.
In the Figures 2, 3 and 4 , the image in the top left is the ground truth,
our prediction is depicted by the image in the middle of the top row, while the
input FLAIR, T1ce, and T2 images are located at the bottom left, middle and
right respectively.
In the Figure 5, we illustrate how the basic majority voting-based combiner
improves the accuracy of brain tumor segmentation. The image on the left of
the top row is the ground truth, the middle of the top row shows the prediction
after using the combiner and the blank image on the top right shows the axial
prediction. Thus, even the axial model, which has the best performance can
make wrong predictions that can be corrected using majority voting.

Table 1. Comparison of the Dice Coefficient achieved by the three models trained on
the sagittal, coronal, axial slices and the basic majority voting-based combiner
Class Sagittal Prediction Coronal Prediction Axial Prediction Majority prediction
WT
0.8836
0.8939
0.8950
0.9059
CT
0.7937
90.7727
0.8000
0.8016
ET
0.7936
0.7926
0.7954
0.8154

In Table 1 and Table 2 we provide the sensitivity and the Dice coefficient achieved
for the three classes: Whole tumor (WT), tumor core (TC), and enhancing tumor
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Fig. 2. Segmentation using sagittal slices: The image depicts the ground truth
and the predictions using sagittal slices using the FLAIR, T1ce and T2 images as the
inputs.

Fig. 3. Segmentation using coronal slices: The image depicts the ground truth
and the predictions using coronal slices using the FLAIR, T1ce and T2 images as the
inputs.
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Fig. 4. Segmentation using axial slices: The image depicts the ground truth and
the predictions using axial slices using the FLAIR, T1ce and T2 images as the inputs.

Fig. 5. Accuracy improvement using the basic majority voting-based combiner: The tumor can not be predicted by our model by using the axial slice but can
be identified using majority voting.
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(ET). For each model, we provide the results for the 20% of the BraTS 2018
training set, which we use for validation only.

Table 2. Comparison of the sensitivity achieved by the three models trained on the
sagittal, coronal, axial slices the basic majority voting-based combiner.
Class Sagittal Prediction Coronal Prediction Axial Prediction Majority prediction
WT
0.8513
0.8661
0.8558
0.8628
CT
0.7106
0.6878
0.7311
0.7135
ET
0.7578
0.7738
0.7788
0.7926

From the above results, we see that the use of the basic majority voting–
based combiner improves the Dice coefficient, while it has a mixed impact on
the overall sensitivity.

4

Discussion

In the next month, we plan to make improvements on our current methods for
both improving as well as implementing new features in our system. The main
improvements we plan to implement is for the problem of combining classifiers
to do better segmentations. The main feature that we plan to implement is a
new predictor for survivability. We elaborate on both these plans in the following
two subsections
4.1

Boosting

We currently can compute segmentation using multiple deep classifiers that act
on multiple slices around a voxel and then employ a basic majority votingbased combiner. We plan to combine the output segmentations using weighted
majority voting, and random forests. One of the challenges in this problem is
the size of data. Optimizing Random forests on 100s or 1000s of datasets, where
each dataset is millions of voxels, is too slow in real life. We plan to avoid this
using a majority voting that can be done using one pass on the data.
We explain the majority voting using a concrete example. Currently our classifiers output 2 bits of information (4 different types of segmentation). For three
axes (xy, yz, zx), we have 3 different classifiers that output a total of 6 bits of
information. We know the ground truth segmentation for each voxel (2 bits). We
plan to construct a matrix of size 26 × 22 , where each entry (i, j) corresponds to
the number of times the classifiers output i ∈ (0, 26 − 1) and the actual segmentation of that voxel was j. Using this table we can now compute the probability
of each segmentation given the output of the classifiers. We can now just output
the highest probability segmentation for each input 6 bit classification output.
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An easy extension of the above mentioned algorithm is to use the 6 bit
output of the classifiers from neighboring voxels to decide the segmentation
for the current voxel. The table size now increases depending on the neighbors
included. For example, if there are 6-neighbors, the classifiers output a total of
seven 6 bit numbers. This increases the table size to 7 × 26 rows. Now for each
row, we can either do the most probable segmentation or design a random forest
for computing the output 2 bit segmentation.
4.2

Survival Analysis

Prediction of overall patient survival is one of the most clinically relevant and
challenging parts of the BraTS challenge. We will develop a separate deep learning classifier which uses features generated from the DeepLabv3+ framework to
predict overall patient survival. As the data is limited we may also try traditional
machine learning approaches like support vector regression or other regression
techniques using hand crafted features from the tumor. We are currently extracting texture and shape features from the segmented tumor data for survival
prediction from these features. These features will then be used with machine
learning algorithms including logistic regression, random forests and support
vector machines to predict survival. Additionally we will attempt an end-to-end
deep learning solution that performs segmentation and applies a convolutional
deep neural network to the segmented tumor volume to predict survival. However, the small amount of data may make this approach inviable.

5

Conclusion

We use the DeepLabv3+ deep learning framework to perform brain tumor segmentation and glioma classification. We train our network separately on the
coronal ,axial and sagittal slices and use the networks to make predictions on
the corresponding slices in the validation set. Using a basic majority votingbased combiner to combine the predictions from the three models, we achieve
Dice coefficients of 0.9059, 0.8016, and 0.8154 for the whole tumor, core tumor
and enhancing tumor respectively. With further improvements and additions to
this network, we expect to use trained DeepLabv3+ outputs to build another network that can predict overall patient survival. If successful, this will form a basis
for further research and can be interrogated to discover new tumor biomarkers
related to survival.
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Abstract. Deep convolution neural networks, in particular, the encoderdecoder networks, have been extensively used in image segmentation. To
improve the segmentation accuracy, we divide training samples into two
domains according to preliminary segmentation results, and then equip
such networks with domain transfer to learn a domain invariant feature
representation. Our proposed segmentation network is applied to BraTS
2018 challenge for brain tumor segmentation, and achieves the dice score
of 0.90482, 0.84144 and 0.76493 for whole tumor, tumor core and enhancing tumor, respectively, on the challenge’s validation data set.
Keywords: Confusion loss, domain transfer, encoder-decoder network

1

Introduction

Image segmentation plays an important role in the accurate diagnosis and efficient treatment of brain tumors. However, segmenting brain tumors such as
gliobalstomas and glimas is difficult because of poor tissue contrast, irregular
shapes and various appearing locations. Moreover, manual segmentation can
be very time-consuming and may have large intra/inter-expert variablity. This
creates a great need to develop reliable automatic apporoachs for brain tumor
segmentation.
The Brain Tumor Segmentation (BraTS) challenge [2, 7, 11, 10] is one of such
platforms to evaluate the state-of-the-art methods on a large data set of annotated high grade glioblastomas and lower grade gliomas. To foster accurate
segmentation, the BraTS 2018 challenge provides multimodal MRI scans of each
patient, including native T1-weighted, post-contrast T1-weighted, T2-weighted,
and T2 Fluid Attenuated Inversion Recovery (FLAIR) volumes.
Modern deep convolutional networks have exhibited exceptional competitiveness in image segmentation, becoming industrial benchmarks [5, 13, 4]. A large
family of such networks is the encoder-decoder networks with U-shaped architectures, such as DeconvNet [8], SegNet [1], and U-Net [9, 3]. These networks
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are composed of a convolutional encoder to extract salient features and a deconvolutional decoder to recover image details. Such architecture has advantages,
including flexible input image sizes, consideration of spatial information, and an
end-to-end prediction, leading to lower computational cost and higher representation power.
Despite the excellent performance in the 2017 challenge, the state-of-the-art
encoder-decoder network of [4] in our model exploration still loses significant
segmentation accuracy for part of the BraTS 2018 training set. This is probably
because the network majorly captures the key features of well-segmented samples but misses those of the others. From the transfer learning perspective as in
[12], if treating the well-segmented samples as samples in the “source” domain
and the poor-segmented samples in the “target” domain, then the network fails
to learn a domain invariant feature representation. This can hence be viewed as
the so-called domain transfer problem that aims to match the marginal feature
distributions of source and target. Inspired by the domain transfer technique
of [12], we add a domain classifier to the modified U-net of [4] together with a
confusion loss to learn a domain invariant feature representation for the brain
tumor segmentation task. Our proposed network with domain transfer significantly enhances the segmentation accuracy on the validation set with dice score
of 0.90482, 0.84144, 0.76493 for whole tumor, tumor core and enhancing tumor
respectively.

2

Data Description

The BraTS 2018 challenge data [2, 7, 11, 10] are collected from three different
resources that are denoted as “2013”, “CBICA”, and “TCIA”, respectively. The
training data set includes 20 high-grade gliomas subjects (HGGs) from “2013”,
88 HGGs from “CBICA”, and 102 HGGs from “TCIA”, and also includes 10
“2013” and 65 “TCIA” subjects with low-grade gliomas (LGG) that are less
aggressive and infiltrative.
Each subject has four modalities of MRI scans, including native T1-weighted
(T1), post-contrast T1-weighted (T1Gd), T2-weighted (T2), and T2 FLAIR volumes. All MRI images are registered to a common template with the volume size
of 240×240×155 voxels resampled to 1 mm isotropic resolution. The tumor regions are annotated into three classes: the GD-enhancing tumor (ET, labeled
4), the peritumoral edema (ED, labeled 2), and the necrotic and non-enhancing
tumor (NCR/NET, labeled 1).
A validation data set of 66 subjects is also provided for each participating
team but with no HGG/LGG status or tumor labels. The segmentation results
on the validation set are allowed to submit multiple times at an online evaluation
platform. The final evaluation of a segmentation approach will be conducted on
an independent test data set released later.
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3

Encoder-decoder Network with Domain Transfer

In this section, we discuss the details of our framework for brain tumor segmentation. Specifically, we use domain transfer to regulate the feature learning
so that the proposed network model can capture more general features and
therefore improve generalizability. We also discuss our data preprocessing and
post-processing procedures that smooth and optimize the segmentation results.
3.1

Data Preprocessing

The main purpose of data preprocessing is to bring intensities to similar distributions to avoid any initial bias. This is important for data-driven approaches such
as deep learning algorithms. The provided data had already been skull stripped,
co-registered and resized to uniform resolution. On top of that, we removed the
top and bottom 1 intensity percentiles, and then normalized the intensities by
subtracting the mean and dividing the standard deviation. The preprocessing
was conducted on brain regions only and independently across modalities and
individuals.
3.2

Network Architecture

Our proposed network consists of two components: a modified U-Net responsible
for segmentation, and a domain classifier that regulates the feature learning of
the U-Net. The network architecture is illustrated in Fig. 1.
The modified U-Net is inspired by [4]. In our model, each level of the encoding pathway consists of a residual block with the same structure. The first
convolution layer of each residual block halves the spatial dimension with a stride
of 2 (except for the first residual block), and increases the number of channels to
8 × 2n with n the level counting from 1. As a result, the stack of 5 residual blocks
progressively reduces the spatial dimension of the input tensor by a factor of 16,
expands the receptive field, and learns increasingly abstract feature representations. To increase the prediction resolution, the decoding pathway progressively
doubles the spatial dimension on each level by an upsampling layer of scale 2,
eventually recovering the original spatial dimension. The feature maps generated by the first four residual blocks are concatenated to decoding pathway of
the same level, further improving the gradient flow. Moreover, the idea of deep
supervision [6] is adopted, where output maps of different levels are combined
sequentially through element-wise addition to constitute the network’s final prediction via a softmax function.
The domain classifier is appended to the end of encoding pathway, where the
feature representation is the most abstract. A 1×1×1 convolution layer is first
applied to significantly reduce the number of channels from 256 to 32, followed
by alternating three fully connected layers of length 256, 32 and 1, and two leaky
ReLU rectifiers.
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Fig. 1. Network architecture

Fig. 2. Network blocks

3.3

Domain Division

We performed two sets of five-fold cross-validation using the modified U-Net
of [4] (one of which has additional N4 bias correction) and obtained two full sets
of the dice coefficients on the training samples. Although N4 bias correction had
a minimal effect on most samples, it did yield significantly different results for
some cases. We picked 75 subjects with the most variations and classified them
to a different domain from the rest. The full list of those 75 subjects can be
found in Appendix.
3.4

Training Procedure

The U-Net and domain classifier are trained alternatively. In the 2n-th epoch,
the parameters of the domain classifier are kept unchanged and only parameters
of the U-Net are updated. The objective function is composed of the multiclass
dice loss function as in [4] and a confusion loss that is the cross entropy of the
predicted domain label and a uniform distribution:
P k k
X 1
u v
2 X
P ki i Pi k − λ
L2n = −
log qd ,
|K|
D
i ui +
i vi
k∈K
d
where K is the set of prediction classes, D is the set of domain categories, u and
q are the probability maps respectively output by the U-Net and the domain
classifier, v is the one-hot encoding of the ground truth, and i is the voxel index.
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The hyperparameter λ controls the degree of regulating effect of the domain
classifier to the U-Net.
In the (2n + 1)-th epoch, all parameters except those of the domain classifier
are frozen. The domain classifier aims to discriminate samples according to the
feature representation output by the encoding pathway. The cross-entropy loss
is computed with domain labels as follows:
L2n+1 = −

X

I[yD = d] log qd .

d

By training the model iteratively, both the U-Net and the domain classifier
are optimized. The best domain classifier learned by L2n+1 is expected to still
perform poorly on the final domain prediction due to the confusion loss in L2n .
With such a domain classifier, the encoding pathway has incentives to capture the
domain-invariant features. This helps to improve generalizability since differences
in MRI data representation are usually significant.
Two decreasing pattern types of loss functions are observed in our experiments (see Fig. 3). Type I refers to a pattern with a sudden drop. The sudden
drop is majorly contributed by the cross-entropy loss from the domain classifier.
Interestingly, such a drop is synchronized regardless the cross-entropy loss is
computed with domain labels or the uniform distribution. Type II behaves similarly to the one without domain transfer, where training loss decreases steadily.
Given the same training data and sufficient training epochs, cross-entropy losses
of either type reach similar magnitude eventually.

Fig. 3. Two pattern types of loss functions (blue: training set; orange: validation set).
The validation loss in even epochs refers to the dice loss only.
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The input tensors of size 128×128×128 are randomly sampled from brain
areas and augmented by random flipping and transpose during each epoch. The
training is implemented by PyTorch using the Adam optimizer with the learning
rate initially set to be 8×10−4 and exponentially decaying at a rate of 0.98 over
every two epochs. The proposed network with each different value of tuning
parameter λ was trained for about 600 epochs, and the one with the minimum
dice loss on the validation stage was chosen as the output model.
At the test time, the domain classifier is dropped. The whole brain regions
whose dimensions are padded to the nearest multiple of 16 are served as inputs
to the modified U-Net, and the returned segmentation maps are subsequently
padded to be the original dimension.
3.5

Post-processing

We employed the following post-processing techniques [14] to fill in the holes
and delete the small isolated clusters:
1. Segment the tumor mask into all connected components/clusters. Voxels in
clusters whose volume is less than 0.2 times the largest connected cluster
volume will be reclassified as non-tumor.
2. Segment the enhancing core mask into all connected components/clusters.
Voxels in clusters whose volume is less than 0.01 times the largest connected
cluster volume will be reclassified as the necrosis.
3. Fill in the holes within the tumor mask and assign voxels within the holes
to necrosis area.
By comparing the dice-ratios of the defined tumor sub-regions by our TPCNN
model with and without the three-step post-processing, we find that the performance could be improved by applying the post-processing on the existing
TPCNN results after the two-phase prediction.

4

Results

To investigate the optimum value of λ in L2n , we conducted multiple trials with
λ as the only varying parameter. Within a certain range of λ, there is a clear
enhancement of the average dice coefficient for whole tumor and tumor core,
whose optimum values are achieved at λ = 0.1 and λ = 0.075 respectively.
Passing over the optimum point, we can see a clear decline in average dice
coefficient for both. The average dice coefficient of enhancing tumor fluctuates
with λ, but its highest peak is at λ = 0.1, which is very close to the optimal
λ’s of whole tumor and tumor core. We hence choose λ = 0.1 for our proposed
network.
Detailed segmentation results are shown in table 5.

5

Appendix

See table 1.
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Fig. 4. Dice coefficients with varying λ.

Fig. 5. Segmentation result.
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Abstract. Multi-modality images are widely used in brain tumor diagnose. Different modalities clearly show different sub-regions of the tumor. For instance,
the whole tumor is easy to be segmented from FLAIR image, the necrotic components and the enhancing core can be easily distinguished from T1 post contrast
image. In this paper, we present a novel three pathways U-Net structure to segment the brain tumor. Each modality is processed in a single pathway, flair pathway for whole tumor segmentation and t1ce pathway for the enhance tumor and
necrotic components segmentation. At the end of the model, these two pathways
are fused together by the fusion pathway to get the final segmentation. We adopt
a weighting scheme at the loss layer to alleviate the problem of label imbalance.
The preliminary results on BRATS-2018 validation dataset show that the average
dice similarity coefficient of the whole brain, tumor core and enhancing part is
85.6%, 72.6%, and 72.2%, respectively.
Keywords: Segmentation, Brain Tumor, Convolution Neural Network, U-Net.

1

Introduction

Brain tumor segmentation is a fundamental problem in medical image analysis field[1,
2]. But it is labor-intensive and impractical to manually segment a large set of 3D MR
images. Thus, recent developments mainly focused on automatic segmentation. However, there are multiple challenges in automatic segmentation: 1) the tumor has a low
contrast with the surrounding tissue 2) large variation in tumor shape across different
subjects.
In the past few years, many attempts have been made to address these challenges in
tumor segmentation. The convolutional neural network has become the most promising
technique for image segmentation. In particular, U-Net shape[3, 4] architectures have
dominated this field. U-Net shape architecture is composed of convolutions and deconvolutions. A novel bridge strategy is used to connect the shadow layer features with the
deep layer features. This bridge can help the neural network to better learn the mapping
from raw data to the segmentation label and also can help to alleviate the gradient vanish problem in training stage. However, it’s still difficult to segment the sub-regions of
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the tumor from a single modality image by just using the U-Net. The main reason is
that the low contrast in image intensity. For example, the whole tumor is easy to be
segmented from FLAIR image, but the necrotic components of the tumor cannot be
distinguished from this modality. Necrotic components can be easily segmented from
T1 post contrast image, but the peritumoral edema of the tumor is hard to be distinguished from the normal tissue. As shown in Fig. 1.

Fig. 1. Different modality images show different parts of the tumor. Flair image clearly shows
the whole tumor but cannot distinguish necrotic components. While the T1ce image can distinguish necrotic components and enhance tumor but the peritumoral edema is hard to be distinguished from the normal tissue. The green color in the whole tumor is peritumoral edema, the
yellow color is the enhance tumor and the red color is the necrotic components.

In this paper, a multi-modality strategy is applied to segment the brain tumor. We
propose a novel three pathways U-Net architecture by using FLAIR image and T1 post
contrast image. Each modality image is processed in a single pathway. Flair-pathway
receives Flair image for whole tumor segmentation and t1ce-pathway receive the T1ce
image for the enhance tumor and necrotic components segmentation. We fuse these two
pathways together in the fusion pathway at the end of the model to get the final segmentation. The main novelty of our method is two folds:
1) Two pathways to process different modality data. Each pathway segment specific
region of the tumor.
2) A novel weight scheme is used to alleviate the problem of label imbalance. The
weights of each label are calculated from the training data.

2

Methods

In this section, we detail the proposed three pathways U-Net framework for automatic
brain tumor segmentation. Our method comprises training and testing stages. In the
training stage, a 2d slices select strategy is used to prepare the training slices, and then
the weights for each label is calculated by the label amount of all training slices. Then
all the training slices are inputted into the proposed model for training. In the testing
stage, every slice from the image volume is processed one by one to get the final
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segmentation result. After the testing stage, a post-processing procedure is applied to
further refine the segmentation result.
2.1

Three pathways U-Net Framework

The flowchart of the proposed framework is summarized in Fig. 2, which comprises
three components: 1) flair-pathway, 2) t1ce-pathway and 3) fusion pathway. T1ce-pathway is used to segment the enhance tumor and necrotic components from the T1ce
image, while flair-pathway is used to segment the whole tumor and brain from flair
image. Both pathways use U-Net structure that can combine the low-level feature with
the high-level feature by concatenating operation. For flair-pathway and t1ce-pathway,
we add two auxiliary supervisions to force the network to encode more semantic concepts, separately. Specifically, we add t1ce loss at the end of t1ce-pathway and flair
loss at the end of the flair-pathway. The ground truth of the flair-pathway contains two
labels, which includes the healthy brain tissue and the whole tumor. The ground truth
of the t1ce-pathway contains two labels, which includes the enhance tumor and necrotic
components. For fusion-pathway, the input is the sum of the last layers of flair-pathway
and t1ce-pathway. The ground truth of the fusion-pathway contains all labels need to
be segmented, which includes whole brain, peritumoral edema of the tumor, enhance
tumor and necrotic components. The parameters for each layer are listed in Tab. 1. For
convolution operation, the kernel size is 3x3 and the step size is 1, while for deconvolution operation, the kernel size is 4x4 and the step size is 2.

Fig. 2. The flowchart of three pathways U-Net architecture. The three pathways are highlighted
in light-pink, light-yellow, and light-blue bands. GT represents the ground truth. The batch normalization layer and the ReLU layer are followed by the convolution and deconvolution operations.
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Table 1. parameters for each layer of two pathways U-Net
Name
Type
T1ce-pathway Input
Conv1 (repeat 2 times)
Convolution + BatchNorm + ReLu
Pooling1
Pooling
Conv2 (repeat 2 times)
Convolution + BatchNorm + ReLu
Pooling2
Pooling
Conv3 (repeat 2 times)
Convolution + BatchNorm + ReLu
Pooling3
Pooling
Conv4 (repeat 2 times)
Convolution + BatchNorm + ReLu
Pooling4
Pooling
Conv5 (repeat 4 times)
Convolution + BatchNorm + ReLu
Deconv4
Deconvolution + BatchNorm + ReLu
Concate4 (Deconv4 + Conv4)
Concatenate
Deconv4_1
Convolution + BatchNorm + ReLu
Deconv3
Deconvolution + BatchNorm + ReLu
Concate3 (Deconv3 + Donv3)
Concatenate
Deconv3_1
Convolution + BatchNorm + ReLu
Deconv2
Deconvolution + BatchNorm + ReLu
Concate2 (Deconv2 + Donv2)
Concatenate
Deconv2_1
Convolution + BatchNorm + ReLu
Deconv1
Deconvolution + BatchNorm + ReLu
Concate1 (Deconv1 + Donv1)
Concatenate
Deconv1_1
Convolution + BatchNorm + ReLu
T1ce_last
Convolution + BatchNorm + ReLu
Flair-pathway uses the same parameter with t1ce-pathway
Add (T1ce_last + Flair_last)
Add
Conv6
Convolution + BatchNorm + ReLu
Fusion_last
Convolution + BatchNorm + ReLu

2.2

Output Size
240x240x1
240x240x64
120x120x64
120x120x128
60x60x128
60x60x256
30x30x256
30x30x512
15x15x512
15x15x1024
30x30x512
30x30x1024
30x30x512
60x60x256
60x60x512
60x60x256
120x120x128
120x120x256
120x120x128
240x240x64
240x240x128
240x240x64
240x240x5
240x240x5
240x240x32
240x240x5

Training Slices Preparation

We only use high-grade gliomas (HGG) images to train our model[5-7]. The first step
is to select the proper slices from the images volumes. In here, slices are selected according to the number of the label in the label volume. Specifically, we go through the
label volume slice by slice. For each slice, the number of the label (peritumoral edema
of the tumor, enhance tumor and necrotic components) is counted and only the counted
value large than 300 is selected. Then we extract the corresponding intensity slice from
the FLAIR and T1 post enhance images. In this paper, we use the flip operation to
augment the training data. We should note that all the images are normalized to a range
from 0 to 255 before training slices preparation.
2.3

Label Weights Calculation

The proposed architecture has three pathways. These three pathways segment different
components of the tumor and each pathway has its unique supervision label. In this
paper, the background is set to 0, the necrotic component is set to 1, peritumoral edema
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of the tumor is set to 2, the healthy brain tissue is set to 3 and the enhance tumor is set
to 4. For flair-pathway, we segment health brain tissue and whole brain, so we set label
value 4 and 1 to value 2. Then the weight of each label is calculated by Eq. 1.
ω𝑖 =

min{𝑁𝑖 |𝑖∈𝐿𝑝 }
𝑁𝑖

(1)

Where ω𝑖 is the weight of label 𝑖, 𝑁𝑖 is the number of label 𝑖 in all the training data, 𝐿𝑝
is the collection of ground truth label value. For flair-pathway, 𝐿𝑝 = {0, 2, 4}, for t1cepathway, 𝐿𝑝 = {0, 1, 3}, for fusion pathway, 𝐿𝑝 = {0, 1, 2, 3, 4}. For the weights of the
absent value, we set them to 1. In the similar way, we can calculate the weights for
t1ce-pathway and fusion-pathway.
2.4

The Network Training

The network is trained by Keras[8]. The kernel weights were initialized by Xavier function, and stochastic gradient descent (SGD) was used for backpropagation. We set the
start learning rate to 0.01 and used inverse learning policy, where the weight decay is
set to 0.00005, other parameters use the default setting.
Our proposed method was implemented on GPU server (GeForce GTX TITAN X,
RAM 12GB, 8 Intel(R) Core(TM) i7-6700K CPU@4.00GHz).
2.5

Post Process

Post-processing is applied to refine the segment result. We remove the incorrect small
islands produced from the network inference stage. Specifically, only the largest volume is kept from the final segmentation, all other small fragments are removed.

3

Experiments and Results

The proposed model is evaluated on BRATS-2018 validation dataset[6, 9] and training
dataset. For the training dataset, we randomly select 30 subjects as the testing data, 20
subjects as the validation data and the rest 160 subjects as the training data.
We used the Dice Similarity Coefficient (DSC) and Hausdorff Distance (HD) [10]
to evaluate the segmentation accuracy. DSC measures the degree of overlap between
two ROIs. HD measures the distance between segmentation result and the ground truth.
The DSC is calculated by Eq. 2, where | ∙ | denotes the volume of an ROI, 𝑆1 , 𝑆2 are
two regions in the brain, and ∩ denotes the intersection operator. The HD between set
A and B is calculated using Eq. 3, where ||𝑎 − 𝑏|| is Euclidean Distance.
𝐷𝑆𝐶(𝑆1 , 𝑆2 ) =

2×|𝑆1 ∩𝑆2 |
(|𝑆1 |+|𝑆2 |)

𝐻𝐷(𝐴, 𝐵) = 𝑚𝑎 𝑥(ℎ(𝐴, 𝐵), ℎ(𝐵, 𝐴))
ℎ(𝐴, 𝐵) = max min ||𝑎 − 𝑏||

(2)
(3)

𝑎∈𝐴 𝑏∈𝐵
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We have submitted preliminary results to the competition leaderboard. Tab. 2 shows
the results on 30 cases of training dataset and 66 cases of validation dataset. The DSC
of the whole tumor on both training dataset and validation dataset is same, while the
DSC of enhancing tumor and tumor core on validation is 10% and 14.7% lower than
the DSC on the training dataset. For the Hausdorff Distance, the value of the whole
tumor is smaller on the validation dataset, but the value of enhancing tumor and tumor
core is larger on the validation dataset. The main reason for the bad performance on
validation dataset is that in some cases of validation dataset, the regions of tumor core
and enhance tumor is very small, a small wrong prediction will cause a shape decrease
in DSC. In some cases, the DSC even become zero.
As we do not have the ground truth of validation data, we just show the segmentation
on training dataset in Fig. 3. Since ground truth is manually labeled, the discontinuity
error might occur between adjacent slices. However, our segmentation is smoother than
the ground truth, this is more biological feasible. Our method doesn’t reproduce this
discontinuity error.
The average time for processing one image is about one minute. This is a reasonable
processing time for clinical usage.
Table 2. The validation result on 30 cases of training dataset and 66 cases on the validation dataset. DSC and 95th percentile of HD for whole tumor (WT), enhance tumor (ET) and tumor
core (TC)

Training
Validation

WT
85.5
85.6

DSC(%)
ET
82.3
72.0

TC
87.3
72.6

WT
9.5
7.5

HD(mm)
ET
5.0
5.7

TC
6.9
9.5

Fig. 3. The segmentation results in the training dataset. Our segmentation results are smoother
than the ground truth. The green color in the whole tumor is peritumoral edema, the yellow
color is the enhance tumor and the red color is the necrotic components.
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In the proposed method, we remove the incorrect small islands produced from the
network inference stage to refine the segmentation result. The average DSC is improved
4% in whole tumor and almost 2% in both tumor core and enhance tumor on the training
dataset. Fig. 4 shows the results before post-process and after post-process. We can
clearly see that the post-processing procedure can remove the significant missegmentation.

Fig. 4. The comparison between before post-processing and after post-processing with ground
truth. The green color in the whole tumor is peritumoral edema, the yellow color is the enhance
tumor and the red color is the necrotic components.

4

Conclusion

In this paper, we propose a fully automatic three pathways U-Net for brain tumor segmentation from two modality MRI data. Our model receives 2D slices extracted from
the dataset volumes. A novel weights calculation method is used to help to train the
model and a post-processing procedure helps to refine the segmentation results. The
average DSC of the whole brain, tumor core and enhancing part on BRATS-2018 validation dataset is 85.6%, 72.6%, and 72.2%, respectively. While the average DSC of the
whole brain, tumor core and enhancing tumor on training dataset can reach 85.5%,
82.3%, and 87.3%. In the future work, we will put more efforts on improving the segmentation ability in small regions so that the segmentation accuracy will improve in the
validation dataset.
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Abstract. Accurate segmentation of different sub-regions of gliomas including
peritumoral edema, necrotic core, enhancing and non-enhancing tumor core using multimodal MRI scans has important clinical relevance in diagnosis and treatment. However, due to the highly heterogeneous appearance and shape, segmentation of brain tumors is very challenging. Recent development using deep learning models has proved its effectiveness in the past few brain segmentation challenges as well as other semantic and medical image segmentation problems. Most
models in brain tumor segmentation use a 2D/3D patch to predict the class label
for the center voxel. Variant patch sizes and scales are used to improve the model
performance. U-Net is a widely used network structure for end-to-end segmentation and can be used on entire image or extracted patches to provide classification
labels over the entire input voxels. Instead of picking the best network structure,
an ensemble of multiple models, trained on different dataset or different hyperparameters, can generally improve the segmentation performance. In this study
we propose to use an ensemble of 3D U-Nets with different hyper-parameters for
brain tumor segmentation. Preliminary results showed effectiveness of this
model. In addition, we developed a linear model for survival prediction using
extracted imaging and non-imaging features, which, despite the simplicity, can
effectively reduce overfitting and regression errors.
Keywords: Brain Tumor Segmentation, Ensemble, 3D U-Net, Deep Learning,
Survival Prediction

1

Introduction

Gliomas are the most common primary brain malignancies, with different degrees of
aggressiveness, variable prognosis and various heterogeneous histological sub-regions,
i.e. peritumoral edema, necrotic core, enhancing and non-enhancing tumor core. The
Multimodal Brain Tumor Segmentation Challenge (BraTS) 2018 utilizes multi-institutional pre-operative MRI scans and focuses on the segmentation of intrinsically heterogeneous brain tumors [1-2]. The dataset used in this challenge includes multiple-institutional clinically-acquired pre-operative multimodal MRI scans of glioblastoma
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(GBM/HGG) and low-grade glioma (LGG) containing a) native (T1) and b) post-contrast T1-weighted (T1Gd), c) T2-weighted (T2), and d) Fluid Attenuated Inversion Recovery (FLAIR) volumes [3-4]. 285 training volumes with annotated GD-enhancing
tumor, pertumoral edema and necrotic and non-enhancing tumor and the overall survival data defined in days are provided. 46 volumes are used for validation with the
following two goals: 1) provide pixel-by-pixel label maps for the three sub-regions and
background; 2) estimate the survival days.
Convolutional neural network (CNN) based models have proven their effectiveness
and superiority over traditional medical image segmentation algorithms and are quickly
becoming the mainstream in BraTS challenges. Due to the highly heterogeneous appearance and shape of brain tumors, small patches are usually extracted to predict the
class for the center voxel. To improve model performance, multi-scale patches with
different receptive field sizes are often used in the model [5]. In contrast, U-Net is a
widely used convolutional network structure that consists of a contracting path to capture context and a symmetric expanding path that enables precise localization with 3D
extension [6-7]. It can be used on the entire image or extracted patches to provide class
labels for all input voxels when padding is used. Instead of picking the best network
structure, an ensemble of multiple models, trained on different dataset or different hyper-parameters, can generally improve the segmentation performance due to the averaging effect. In this study we propose to use an ensemble of 3D U-Nets with different
hyper-parameters trained on non-uniformed extracted patches for brain tumor segmentation. During testing, a sliding window approach is used to predict class labels with
adjustable overlap to improve accuracy. With the segmentation labels, we will develop
a linear model for survival prediction using extracted imaging features and provided
non-imaging features since the linear models can effectively reduce overfitting and thus
regression errors.

2

Methods

For the brain tumor segmentation task, the steps in our proposed method include preprocessing of the images, patch extraction, training multiple models using a generic 3D
U-Net structure with different hyper-parameters, deployment of each model for full
volume prediction and final ensemble modeling. For the survival task, the steps include
feature extraction, model fitting, and deployment. Details are described as follows.
2.1

Image Pre-processing

To compensate for the MR inhomogeneity, the bias correction algorithm based on
N4ITK was first applied to the T1, T1Gd images, T2 and flair images [8], followed by
an adaptive non-local means denoising method [9]. The implementations on ITK [10]
were used with a Python wrapper from Nipype [11]. Python-based parallel execution
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with multiple threads execution was used to accelerate the two steps. Fig. 1 shows the
original T1 image (left), image with only bias correction (center) and image with bias
correction and denoising (right). The signal-to-noise ratio (SNR) of the image is increased with the denoising method.

Fig. 1. Original T1 image (left), image with only bias correction (center) and image with bias
correction and denoising (right). The right image has improved SNR.

As MR images do not have standard pixel intensity values, to reduce the effects from
different contrasts and different subjects, each 3D image was normalized to 0 to 1 by
subtracting the min values and divided by the pixel intensity range. For each subject,
images of all contrast were fused to form the last dimension so that the whole input
image size becomes 155x240x240x4.
2.2

Non-uniform Patch Extraction

For simplicity, we will use foreground to denote all tumor pixels and background to
denote the rest. There are several challenges in directly using the whole images as the
input to 3D U-Net: 1) the memory of a moderate GPU is often 12 Gb so that in order
to fit the model into the GPU, the network needs to greatly reduce the number of features and/or the layers, which often leads to a significant drop in performance; 2) the
training time is greatly prolonged since more voxels contribute to calculation of the
gradients at each step and the number of steps cannot be proportionally reduced during
optimization; 3) as the background voxels dominate the whole image, the class imbalance will cause the model to focus on background if trained with uniform loss, or prone
to false positives if trained with weighted loss that favors the foreground voxels. Therefore, to more effectively utilize the training data, smaller patches with size 64x64x64x4
were extracted from each subject. As the foreground labels contain much more variability and are difficult to segment, more patches from the foreground voxels should be
extracted.
In implementation, during each epoch, a random patch was extracted from each subject using non-uniform probabilities. The valid patch centers were first calculated by
removing edges to make sure each extracted patch was completely within the whole
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image. The probability of each valid patch center 𝑝𝑖,𝑗,𝑘 was calculated using the following equation:
𝑝𝑖,𝑗,𝑘 = ∑

𝑠𝑖,𝑗,𝑘

𝑖,𝑗,𝑘 𝑠𝑖,𝑗,𝑘

[1]

in which 𝑠𝑖,𝑗,𝑘 = 1 for all voxels with maximal intensity lower than 1 percentile, 𝑠𝑖,𝑗,𝑘 =
6 for all foreground voxels and 𝑠𝑖,𝑗,𝑘 = 3 for the rest. The patch center was randomly
selected based on the calculated probability and the corresponding patch was extracted.
Since normal brain images are symmetric along the left-right direction, a random flip
was made after patch extraction. No other augmentation was applied.
Before training, the per-input-channel mean and standard deviation of extracted
patches were calculated by running the extraction process 400 times, with each time
using a randomly selected training subject. The extracted patches were then subtracted
with the mean and divided by the standard deviation along each input channel.
2.3

Network Structure and Training

A 3D U-Net based network was used as the general structure. Zero padding was used
to make sure the spatial dimension of the output is the same with the input. For each
encoding block, a VGG like network with two consecutive 3D convolutional layers
with kernel size 3 followed by the activation function and batch norm layers were used.
The parametric rectilinear function (PReLU), given as:
𝑓(𝑥) = max(0, 𝑥) − 𝛼max(0, −𝑥)
[1]
was used with trainable parameter 𝛼 as the activaton function. The number of features
was doubled while the spatial dimension was halved with every encoding block, as in
conventional U-Net structure. To improve the expressiveness of the network, 96 features were used in the first encoding block. Dropout with ratio 0.5 was added after the
last encoding block. Symmetric decoding blocks were used with skip-connections
from corresponding encoding blocks. Features were concatenated to the de-convolution outputs. The extracted segmentation map of the input patch was expanded to the
multi-class the ground truth labels (3 foreground classes and the background).
Weighted cross entropy was used as the loss function.
The number of encoding/decoding blocks and the weights in the loss function were
used as the two tunable hyper-parameters when constructing multiple models. In current implementation, due to constraint in computational resources, only three models
were trained: 3 encoding/decoding blocks with uniform weighting, 3 encoding/decoding blocks with weights to be 1.0 for background and 2.0 for each class of foreground
voxels, 4 encoding/decoding blocks with the same non-uniform weights.
Training was performed on a Nvidia Titan Xp GPU with 12 Gb memory. 640 epochs
were used. As mentioned earlier, during each epoch, only one patch was extracted every
subject. Subject orders were randomly permuted every epoch. Tensorflow framework
was used with Adam optimizer. Batch size 1 was used during training. A learning rate
of 0.0005 was used without further adjustments during training. The total training time
was about 60 hours.
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2.4

Volume Prediction Using Each Model

Due to the fact that the model cannot fit into the memory, a sliding window approach
needs to be used to get the output of the whole input. However, as significant padding
was made to generate the output label map with the same size as the input, boundaries
were expected to cause problems when directly sliding across the whole image without
overlaps. To alleviate this problem, a stride size at a fraction of the window size was
used and the output probability was averaged. The window size was chosen to be the
same as the training window size 64x64x64, and the stride was chosen as 32x32x32.
For each window, the original image and left-right flipped image were both predicted,
and the average probability after flipping back the output of the flipped input was used
as the output. Therefore, each voxel, except for a few on the edge, will be predicted 16
times when sliding across all directions. Although smaller stride sizes can be used, the
deployment time will be greatly increased. For the given image size, it takes 1 minutes
to generate the output for the entire volume on the same GPU. The probability output
was saved for each model.
2.5

Ensemble Modeling

The ensemble modeling process was rather straightforward. The probability output of
all classes from each model was obtained and the final probability was calculated via
simple averaging. The class with the highest probability was selected as the final segmentation label of each voxel.
2.6

Survival Prediction

To predict the post-surgery survival time measured in days, extracted images features
and non-image features were used to construct a linear regression model. 6 image features were calculated from the ground truth label maps during training and the predicted
label maps during validation. For each foreground class, the volume by summing up
the voxels and the surface area by summing up the magnitude of the gradients along
three directions were obtained. Age and resection status were used as non-image features. As there were two classes of resection status and many missing values of this
status, a two-dimensional feature vector was used to represent the status, given as GTR:
(1, 0), STR: (0, 1) and NA: (0, 0). A linear regression model after normalizing the input
features to zero mean and unit standard deviation was fit with the training data.

3

Results

3.1

Brain Tumor Segmentation

All 285 training subjects were used in the training process. 66 subjects were provided
as validation. The dice indexes, sensitivities and specificities, 95 Hausdorff distances
of the enhanced tumor (ET), whole tumor (WT) and tumor core (TC) were automati-
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cally calculated after submitting to the CBICA’s Image Processing Portal. With multiple submissions, we were able to compare the performances of each individual model
and the final ensemble.
Table 1. Performances of each individual model and the ensemble
L3, uniform
L3, nonuniform
L4, nonuniform
Ensemble

Dice_ET
0.7688
0.76773
0.77068
0.78734

Dice_WT
0.90148
0.90662
0.89902
0.90587

Dice_TC
0.82365
0.82484
0.81043
0.83359

Dist_ET
4.12703
4.22177
3.14539
3.96414

Dist_WT
4.54368
6.46369
6.00811
4.01843

Dist_TC
5.5226
8.85934
6.98141
5.34027

Table 1 shows the mean dice scores and 95 Hausdorff distances of ET, WT and TC
for the three individual models and the ensemble. Sensitivity and specificity are highly
correlated with the dice indexes so that they are not included. Comparing the non-uniform weighted with the uniform weighted loss while the network structures are the
same (L3), as the foreground labels have higher weights, the WT dice score increased
from 0.901 to 0.907, but the distance also increased from 4.54 to 6.46. The ensemble
of all models has the overall best performances as compared with each individual
model.
3.2

Survival Prediction

All 163 training subjects with survival data were used in the training process. 28 cases
were evaluated after submitting to the CBICA’s Image Processing Portal. The accuracy
was 0.321, MSE was 97997.5, median SE was 76560.9, std SE was 102916.3 and
Spearman Coefficient was 0.278.

4

Discussion and Conclusions

In this paper we developed a brain tumor segmentation method using an ensemble of
3D U-Nets. Bias correction and denoising were used as pre-processing. Three networks
were trained with different number of encoding/decoding blocks and different weights
for loss. The preliminary results showed an improvement with ensemble modeling. In
addition, we used a simple linear regression for survival prediction by combining imaging and non-imaging features.
It is noted that the median metrics are significantly higher than the mean metrics.
For example, the median dice indexes are 0.867, 0.924 and 0.904 for ET, WT and TC.
It makes sense in that the theoretical maximum dice index is 1 and minimum dice index
is 0. However, we noted that in several cases, the dice indexes are 0 for ET and TC and
0.6 for WT. It is mostly due to the low sensitivity meaning that the model is not able to
recognize the tumor regions. The possible reason for these failed regions is that their
characteristics deviate a lot from the training dataset.
In the 3D U-Net model, we found that the batch norm layer was helpful in improving
the model stability and performance. However, different with the canonical application
of the batch norm layer, in which the batch statistics is used in training and the global
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statistics is used in deployment, it performed much better with batch statistics in deployment than global statistics. Since the batch size is 1, a per-channel normalization is
actually performed by subtracting its own mean. One possible explanation could be that
by doing such normalization, the model focuses on the differences of neighboring pixels in one channel and ignores the absolute values, which may help the segmentation
process. However, further investigation is needed to figure out the exact reason.
Compared with the patch-based model that only predicts the center pixel, when predicting the segmentation label maps for the full patch, different pixels are very likely
to have different effective receptive field sizes due to the zero padding in the edge. We
argue that a pixel should still be able to be predicted even based on partial receptive
field, which, for the very edge pixel, corresponds to only half of the receptive field.
Furthermore, the U-Net structure learns an optimized receptive field with multiple encoding and decoding paths and the connections in between and thus is superior than the
multi-scale model. Furthermore, the significant overlap in prediction sliding windows
can improve the prediction accuracy with more averages.
In the current implementation, only three networks were trained due to limitations
in computation time. It is expected with more networks, the results can be further improved, although the marginal improvement is expected to decrease.
For the survival task, since it is very likely to overfit with such a small dataset, we
used a linear regression model to minimize the test errors, although at the cost of the
expressiveness of the model. Further exploration of imaging features is expected to
improve the predicting power of the model.
In conclusion, we developed an ensemble of 3D U-Nets for brain tumor segmentation. The network hyper-parameters are varied to obtain multiple trained models. A
linear regression model was also developed for the survival prediction task. The code
is available at https://github.com/xf4j/brats18.
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Learning U-Net on Multi Modal MRI
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Abstract. In this study, we propose a fully automatic method for brain tumor
segmentation, which is developed using U-Net based deep convolutional
networks. U-net is a Deep Neural network architecture, based on fully
connected Convolutional Neural Network. U-net has been proven to be a
dynamic robust tool for biomedical image segmentation. U-net can be built as
3D [11][12] neural network or 2D. Our approach to the segmentation problem
is to feed a 2D U-net network with 2D planes along the z axis. The
classification to tumor classes is achieved with an architecture of 4-channel
output, where a softmax is applied to reassure probabilities. I report
preliminary, results obtained using BraTS 2018 Training dataset [1-4]. The
conclusion of this work is that U-net have potential to perform well on the
segmentation task. A combinations of few models, is needed to improve the
results even further.
Keywords: Segmentation, BraTS challenge, U-net, Convolutional neural networks,
Deep learning

1

Introduction

In this project, I investigate the potential 2D U-net to segment the Glioma tumor on an
MRI modality scan. Gliomas are a type of brain tumor that can be deadly, and
accurate segmentation of the tumor and its sub regions, is needed for treatment
planning and surgery. The large amount of data of one MRI scan, meaning 4 models
of 155 images of 240x240 pixels. To analyze and annotate this amount is time
consuming task for human expert. Automatic tumor segmentation can improve
medical treatment by providing an efficient and annotation of tumor and its
sub-region location. Deep learning U-net neural network, has proven lately as
efficient tool for many biomedical segmentation tasks. The nature of most medical
images, that have high correlation among near voxel, make them good candidate for
analyzing with convolution sliding window.

1
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2

Methods and Materials

2.1

MRI Dataset

The Training dataset of BraTS 2017 [1,2,3,4] comprises multimodal MRI scans of
glioblastoma (GBM/HGG, 135) and lower grade glioma (LGG, 108). For each
patient, there are four MRI scans as described: T1-, contrast enhanced T1- (T1c), T2and T2-weighted FLAIR. The multimodal MRI scans, were acquired with different
clinical protocols and various scanners from multiple (n=19) institutions, all images
were pre-processes, meaning: co-registered to the same anatomical template,
interpolated to the same resolution and skull-stripped.
All Images have been segmented and approved manually by experts. Annotations
comprise the GD-enhancing tumor (ET - label 4), the peritumoral edema (ED - label
2), necrotic (NCR/NET - label 1) and non-enhancing tumor (label 3).

Fig. 1: MRI slice,Flair img with 4 class labeling

2.2

MRI Pre-processing

MRI data often contain artifacts produced by inhomogeneity in the magnetic field or
small movements made by the patient during scan time, this often creates a bias
across the resulting scans, which can affect the segmentation results particularly made
by computer-based models. To correct that, I employed SimpleITK [9] N4 bias field
correction filter [10] on all T1 and T1C images in the dataset. Since MRI intensities
are expressed in arbitrary units and may vary between different machines, additional
image pre-processing was made to standardize the voxel intensities, so each sequence
was transformed to have zero mean and unit standard deviation.

2
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3

2.3

U-Net: Convolutional Networks

U-Net is a very popular end-to-end encoder-decoder network for semantic
segmentation [7]. It was originally invented and first used for biomedical image
segmentation. U-net’s have multi channel architecture, which suits well the multi
channel input of MRI images and the multi-class classification task.
Medical MRI images feature a high similarity and correlation in the intensities among
neighboring voxels, so they are good candidates for the convolution blocks
constructing the U-net.
Essentially, U-net is a deep-learning framework based on fully convolutional
networks [14], it comprises two parts:
1. A contracting path similar to an encoder, to capture context from a compact
feature representation..
2. A symmetric expanding path similar to a decoder, which allows accurate
localisation. This step is done to retain boundary information (spatial
information) despite down sampling and max-pooling performed in the
encoder stage.
3. Instead of up-sampling methods,in U-net, we concatenate the suitable
transformed layer from the decoder path.

Fig.2: Architecture of U-Net based on the paper by Olaf Ronneberger[7] et.al

3
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2.4

Model Training

The 2D U-net convolutional network, we used 4 channels for the input, holding all
MRI modalities. For output we tried 4 channels, each stand for classification of the
tumor. It didn't perform well and overfit the train data, probably from lack of enough
data. So we used separate learning process for each label, and decide the right label by
max on he predictions. Input data was 2D planse along Z-axis, and output data was
segmented planes along Z-axis. Training converged slowly and steady, in the first
epochs, improvement was around 0.002 in dice coefficient,where each epoch
consisted 4800 slices.

Loss function
During the training process, Dice score lost function was used. Sørensen's original
Dice formula was intended to be applied to binary data. Given two sets, X and Y, it is
defined as:

where |X| and |Y| are the cardinalities of the two sets (i.e. the number pixels
segmented as belonging to the class, in each set). The Sørensen index equals twice the
number of pixels common to both sets divided by the sum of the number of elements
in each set. To use Dice score for a multi-class classification, we flatten the prediction
and the ground truth, to a 1D binary vector, where each section of the sequence,
stands for a different class.
Sampling
We used random batch generator,that chose samples according to labels. To stain
single label segmentation, we used simple planes with then 4 pixels of that label. For
training of full label segmentation, we used batch’s, each contained 20% slices with
enhancing tumor (ET - label 4), and 30% slices including peritumoral edema (ED label 2) and 4 enhancing tumor (ET - label 4). This was chosen due to label
distribution, which is 11% of label 1, 54 % of label 2 and 35% of label 3.
Loss function behaves similarly in all training process. It decrease very slowly in the
first step (3-5), then few decreasing leaps, then steady slow decrease of around 0.003
per epoch. For example, first few steps of Label 2 segmentation training:
epoch 1: loss:
-0.0436 - dice_coef: 0.0436 - binary_crossentropy: 0.6943
val_loss: -0.0531 - val_dice_coef: 0.0531 - val_binary_crossentropy: 0.6951
epoch 2
loss: -0.0454 - dice_coef: 0.0454 - binary_crossentropy: 0.7070

4
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val_loss: -0.0588 - val_dice_coef: 0.0588 - val_binary_crossentropy: 0.7433
epoch 3
loss: -0.0604 - dice_coef: 0.0604 - binary_crossentropy: 1.0244
val_loss: -0.0801 - val_dice_coef: 0.0801 - val_binary_crossentropy: 1.0861
epoch 4
loss: -0.1291 - dice_coef: 0.1291 - binary_crossentropy: 0.8191
val_loss: -0.3246 - val_dice_coef: 0.3246 - val_binary_crossentropy: 1.0624
Epoch 5
loss: -0.4431 - dice_coef: 0.4431 - binary_crossentropy: 0.4999
val_loss: -0.4656 - val_dice_coef: 0.4656 - val_binary_crossentropy: 0.5125
We used 64 images per batch, and 40 batches per epoch. Tests on smaller batches,
like 32, improves fast, but reach plateau very fast as well.. After 120 epoch, we got
around 0.5 dice coefficient, and we can clearly see in Fig 3. below, that the
segmentation captures correctly around half the of pixels.

Fig 3. Prediction of label 2 after 120 epoch. Dice coefficient is around 0.5.

5
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3

Results

The performance of U-net’s was mixed for this segmentation task. While
segmenting peritumoral edema (ED - label 2) very well, the distinction between (ET label 4) and (NCR/NET - label 1), should be improved.
The U-net perform well, when segmentation had “blobe” structure, rather then
sparse structure.
The U-net did not separate well between label 4 and 1, and had bad performance on
sparse pixel segmentation.

Fig 4. Sparse labeling, perform worse in U-net convolutional network

4

Discussion

U-nets model yield good result in MRI image segmentation task. To improve the
model, we suggest to explore three main paths: Preprocessing the data and
resampling techniques, the other is optional loss functions, and data augmentation.
Improvement of the non-sufficient segmentation results on non-enhancing tumor
(label – 3), is needed.
The U-net was not sensitive enough, different architectures, that encodes to smaller
size can improve the sensitivity of the segmentation..

6
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7

Fig 5. Segmentation of Labels 1, 2, 4 and all tumor. Top line true labels, bottom
line are predictions.

Fig 6. Simple addition of Labels 1, 2, 4 predictions. and True label

Conclusion

5

The performance of U-net’s was mixed for this segmentation task. While
segmenting peritumoral edema (ED - label 2) very well, the distinction between (ET label 4) and (NCR/NET - label 1), should be improved. U-net performs well on large
blobs of labeled pixels, but performance decrease when the classified pixels create
small sparse areas. Combining different technique, as local pixel segmentation, can be
refine the results.
Sizes of tumors varies a lot. Large tumors are segmented better than small tumors.
Specialized U-net should be built and trained to improve Segmentation results on
small tumors.
Choice of loss function and resampling techniques, influence learning significantly.
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Abstract. Brain tumor segmentation is a challenging task necessary for
quantitative tumor analysis and diagnosis. We apply a multi-scale convolutional neural network based on the DeepMedic to segment glioma
subvolumes provided in the 2018 MICCAI Brain Tumor Segmentation
Challenge. We go on to extract intensity and shape features from the
images and cross-validate machine learning models to predict overall
survival. Using only the mean FLAIR intensity, nonenhancing tumor
volume, and patient age we are able to predict patient overall survival
with reasonable accuracy. Preliminary challenge results are presented.
Keywords: Glioblastoma · Segmentation · Neural Network · Quantitative Imaging

1

Introduction

Gliomas are highly malignant primary brain tumors that carry a dismal median overall survival of 15 months for high grade tumors [1]. One characteristic
that contributes to this poor survival is the substantial heterogeneity and differences between distinct glioma subvolumes. Successful and automated detection
of these subvolumes is a key step in quantitative analysis towards patient risk
stratification and computer aided diagnosis. In recent years, convolutional neural networks (CNNs) are the undisputed champions of biomedical segmentation
tasks [2]. Quantitative measurements of these subvolumes are likely to provide
insight into patient’s prognosis.
In this work we use a multi-scale convolutional neural network to segment
glioma sub-volumes in multi-contrast MRI images. We go on to extract shape
and intensity features from the sub-volumes to predict patient overall survival.
Preliminary results on the 2018 MICCAI Brain Tumor Segmentation Challenge
[3–6] are provided and compared to previous challenges.
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2

Segmentation

2.1

Network Structure

Data Preprocessing The BraTS 2018 Training set contains 285 multi-contrast
MRI (T1, T1ce, T2, FLAIR) scans of high and low-grade gliomas. 75 of the 285
patients are labeled low-grade (LGG) and the remaining are high-grade (HGG).
The imaging data is brain extracted, registered, and resampled to 1 mm isotropic
voxel size. Each subject has a ground truth segmentation with four labels, nontumor (label 0), necrotic and non-enhancing tumor core (label 1), peritumoral
edema (label 2), and Gadolinium-enhancing tumor (label 4). The BraTS 2018
Validation set contains a mix of 66 HGG and LGG patients equivalently preprocessed and does not have ground truth segmentations.
All MRI scans were normalized by subtracting the mean intensity and dividing by the standard deviation. A binary brain mask for each patient was also
created using the T1 scan, and this mask is used by the CNN to focus sampling on only the brain. The same preproccesing steps were also applied to the
validation data set before segmenting.

Convolutional Neural Network We used a 3-dimensional CNN built using the DeepMedic architecture created by Kamnitsas et al [7]. DeepMedic has
consistently produced high performing image segmentations in previous BraTS
challenges. Our CNN implementation contains a low and normal resolution pathway consisting of 11 layers each.
We trained the CNN on 95% of the BraTS 2018 Training Data. The remaining
5% was used to validate the training progress of the model. The network was
trained for 50 epochs with a batch size of 10, and the RMSprop optimizer was
used with an initial learning rate of 0.001 and lowered throughout training.
Training on a Nvidia Kepler Titan 6GB took 96 hours and, using the trained
CNN, we performed a full inference on the BraTS 2018 Validation Data to
segment the images.

2.2

Training and Validation Set Results

The segmentation results from the full inference on the validation set were uploaded to the BraTS Challenge portal where the Dice score, sensitivity, specificity, and Hausdorff distance were calculated. The preliminary results for the
66 patients in the validation set are shown in Table 1. We also performed a full
inference on the 5% of training set cases which were excluded from the model
training process, so that we can compare the performance of the model against
the ground truth segmentations. This comparison is shown in Table 2. From
these samples, we can see that the CNN classifies the overall tumor well but has
greater difficulty classifying regions with a dense mix of lower and higher grades.
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Table 1. Mean values for metrics from segmentations on the training and validation
data sets.
Data Set Label
Enhancing Tumor
Training Whole Tumor
Tumor Core
Enhancing Tumor
Validation Whole Tumor
Tumor Core

Dice
0.7332
0.89633
0.75292
0.67831
0.80558
0.6852

Sensitivity
0.84265
0.88636
0.73297
0.72923
0.81374
0.68018

Specificity
0.99781
0.99531
0.99833
0.99611
0.98703
0.99619

Hausdorff
6.20545
5.14866
8.47618
14.52297
14.415
20.01745

Table 2. Ground truth versus CNN segmentation samples from the validation data
excluded from training. Red is non-enhancing tumor and necrosis, green is edema,
and yellow is enhancing tumor. The T1 weighted image for each patient is shown for
reference.
Patient ID

Brats18 CBICA
AQQ 1

Brats18 CBICA
AXL 1

Brats18 CBICA
AYA 1

Ground
Truth

CNN
Segmentation

T1 Image
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Survival Analysis

Of the 285 training cases, 163 cases had age (range 19-86 years) and overall survival data (range 5-1767 days) provided. We used this clinical data and features
extracted from segmentations to predict the overall survival in days.
After determining the best model, we applied it to the 28 challenge validation
set cases with patient age and gross total resection status.
The challenge assesses the predictions based on the accuracy: total number
of cases correctly assigned a survival < 10 months, between 10 and 15 months,
and > 15 months. The mean-square-error (MSE) is also used as a performance
metric.
3.1

Image Processing

The format of the provided imaging data is described in section 2.1. For the
survival task, we further pre-processed the data by normalizing based on reference tissue intensities. Note, this is different than the normalization used in the
segmentation task. Creating a consistent intensity scale between patients allows
images features to discriminate short and long survival patients. To apply this
normalization, we placed small regions of interest for each patient in the gray
matter (GM) of the lentiform nucleus, the cerebrospinal fluid (CSF) of the ventricles, and the normal appearing white matter (WM). Using the mean intensity
for a pair of reference tissues, each voxel in the image was linearly scaled to map
the mean intensities to 0 and 1 respectively. For example, in the FLAIR image
each voxel value x was transformed according to
x − CSF
W M − CSF
For the FLAIR image CSF and WM were chosen because they were the darkest and brightest reference tissues respectively. For sequences T1 and FLAIR we
normalized using the CSF/WM pair, for T2 we used the WM/CSF pair, and
for the T1 contrast enhanced image we used a CSF/GM pair. This procedure is
similar to other methods presented in the literature [8] Although we performed
the normalization semi-automatically with manually placed ROIs, this procedure can be performed fully automated using brain tissue segmentation software
applied to the non-tumor regions.
yCSF/W M =

3.2

Image Features

To predict patient overall survival we calculated image features for each of the
available image sequences and segmentation labels from section 2. We also computed the union of the three regions (nonenhancing, enhancing, and edema) to
generate a whole-tumor ROI for each patient. For each image and region pair
we calculated the mean intensity using the Pyradiomics software package [9].
We also calculated the volume of each region, so the total number of features
considered is.
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4 regions × 4 images = 16 mean values
+ 4 region volumes
= 20 image features per patient
We initially experimented with features quantifying higher order histogram
statistics (quantiles, skewness, etc) and complex shape descriptors (i.e. flatness)
but found these features did not improve the performance of predictive modeling
beyond using just mean values. Similarly, we quantified image texture using gray
level co-occurrence matrices and gray level run length matrices, and nearest gray
tome difference matrices but again found that including these features did not
substantially increase model performance.
3.3

Survival Task

Our approach to overall survival follows a standard machine learning approach
to select the best performing model and estimate the generalization error using
the training data. An overview is shown in Figure 1. The best model was used
to make predictions on the provided validation data. Modeling for the survival
task was implemented in R version 3.4.0.
We partitioned the training data into 80% training and 20% testing data with
an approximately equal proportion of short, medium, and long survivors in each
set. Using the 80% partition, we performed variable selection and trained several
classes of predictive models using leave-one-out cross validation. We selected the
model with the highest Pearson correlation (R2 ) between predicted and observed
overall survival within the cross validation and made predictions on the testing
set to see how well the model generalized.
For feature selection we consecutively applied univariate, multivariate, and
step-wise feature elimination. After each selection step the resulting variables
were stored as a possible set of inputs to predictive models. First, we used a
Cox model to individually determine which image features were significantly
associated with overall survival. Any feature with p > 0.05 for the Wald-test
was discarded. Next, the remaining features were fed into a multivariate Cox
model to reduce redundancy. Features with p < 0.05 in the multivariate Cox
model were retained. Lastly, we further reduced the set of inputs using stepwise elimination based on Akaike Information Criteria (AIC) [10]. Starting with
all variables, the algorithm eliminates or replaces variables one at a time to
maximize the AIC.
In addition, we applied the Boruta method [11] to select variables predictive
of overall survival. The Boruta method is based on variable importance from the
random forest algorithm, which has traditionally been a top performing machine
leaning model.
After selecting the best model and variable combination, we trained a final
model on all the training data, made predictions on the test set, and compared
the performance to the leave-one-out cross validation. In particular, we checked
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Fig. 1. Flowchart depicting the modeling process and variable selection methods for
predicting overall survival. Several variable selection methods based on the cox model
are used to generate input sets for predictive models. Before any variable selection 20%
of the training data is held out for testing and the remaining 80% is used to select the
best variable and model combination. We tested linear models, neural networks, and
random forests to predict overall survival. Patient age, an important clinical factor,
was always included.
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for substantially decreased performance on the test data that would indicate
model overfitting.
3.4

Results

Landmark normalization was successfully applied to all patients. One case had
poor fluid suppression on the FLAIR image and could not be effectively landmark
normalized. This case was excluded from the training.
Among the mean intensities for each image over each region, the region volumes, and the patient age, we found five features were significantly associated
with overall survival in the cox model. They are: mean FLAIR intensity over the
nonenhancing and necrotic region, mean T1ce intensity over the whole tumor,
the volumes of the nonenhancing and enhancing regions, and age. With these
variables input into a multivariate Cox model only age, the FLAIR nonenhancing mean, and nonenhancing volume were independently significant. Applying
stepwise AIC did not change the variable selections any further.
Among the candidate models we tested (random forest, neural network, linear
model) the linear model performed best with R2 = 0.134 and mean-square-error
114994 using the three inputs selected by the multivariate cox model. With the
same model parameters fit to all 162 evaluable challenge cases the model to
predict overall survival is given by.
Survival = 926.8 − 10.5 · Age + 91.6 · FNNV − 55.1 · NNV
Where Age is the age in years, FNNV is the “FLAIR Nonenhancing and
Necrosis Mean” value on the landmark normalized scale, and NNV is the “Nonenhancing and Necrosis Volume” in units of mm3 /10000. This volume scaling makes
the range of values comparable to the other features. Surprisingly, this simple
linear model performed substantially better on the testing data and on the challenge validation dataset. This strongly suggests the model is not over fitting the
data. The metrics are provided in table 3
Table 3. Performance metrics for our linear model on the training data: (80% of 163
provided cases), testing data (20% of 163 provided cases), and validation data (26 cases
without known survival). The Pearson R2 for the validation data is not provided.
R2 , predicted vs observed Accuracy MSE
Training Data
0.134
44.5% 114994
Testing Data
0.399
38.2% 55193
Validation Data
53.6% 87998

At the time of this writing, this model has the lowest mean square error of any
participant team posted on the validation leaderboard. The accuracy (53.6%) is
also the third highest accuracy posted.
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Discussion

Brain tumor segmentation and prediction of overall survival are both challenging
tasks. Despite good results, our segmentation model did not perform as well as
the implementation of DeepMedic by Kamnitsas et al. that won the BraTS 2017
challenge [12]. Their model achieved better segmentation results by averaging
results across an ensemble of six different models. The single model we used is
not as robust as their ensemble method but provides satisfactory results without
the high computational cost.
In the task of predicting patients as short, medium, or long survivors we
achieved a validation accuracy of 54% with a MSE of 87998. In the training
data the most frequent class is short survivors at 65 of 163 (39.9%) which means
our models are performing better than chance. The root mean square error for
continuous prediction is on the order of 300 days, which is comparable to the
range seen among all patients. Overall survival is impacted by several factors,
including age, treatment, and performance status (not provided) and the accuracy and MSE reflects the complexity of this task even when some variables are
controlled for.
We were able to produce good results using two highly primitive image measurements (mean intensity and volume) and a linear regression model. Although
vast numbers of higher-order texture features and nonlinear models are commonly employed in quantitative imaging tasks, we found they were not useful in
predicting overall survival for this task. We suspect this is because these features
are more sensitive to tumor segmentation (and segmentation error) as well as
other variations in image quality and processing. Since predicting overall survival is already a highly uncertain task, it is easy for models to over-fit the
higher order features. In other words, the simple and robust features more easy
to generalize.

5

Conclusion

We found we could segment glioma tumors with high accuracy using a multi-scale
convolutional neural net. Using these segmentations and simple image features
we were able to predict overall survival with reasonable accuracy.
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Abstract. A semi-automatic image segmentation method based on workflow familiar to clinical radiologists is proposed. The user initializes 3D segmentation
by drawing a long axis on a multi-plane reformat. As the user draws, a 2D segmentation updates in real-time for interactive feedback. When necessary, additional long axes, short axes, or other editing operations may be drawn on one or
more MPR planes. The method learns probability distributions from the drawing
to perform the MPR segmentation, and in turn, it learns from the MPR segmentation to perform the 3D segmentation. As a preliminary experiment, a batch
simulation was performed where long and short axes were automatically drawn
on each of the 285 multispectral MR brain scans of glioma patients in the BraTS
2018 online training data. Average Dice score for tumor core was 0.86218, and
the Hausdorff 95% distance was 4.37 mm.
Keywords: Brain tumor, image segmentation, semi-automatic, machine learning

1

Introduction

Evidence from cancer researchers suggests that extraction of quantitative variables
from medical images can contribute more information for decision support in management of cancer patients. Specifically, quantitative metrics can improve both 1) diagnostic and prognostic accuracy; as well as 2) longitudinal monitoring of patient response [1]. Criteria for monitoring radiographic brain tumor progression include the
Macdonald criteria [2], Response Evaluation Criteria in Solid Tumors (RECIST) [3, 4],
WHO criteria [5], and RANO criteria [6].
Currently, radiological studies are generally limited to detection and staging along
with qualitative descriptions. Quantitative descriptors are not yet in the standard of
care primarily due to a lack of infrastructure and tools to derive, test, and deploy these
quantitative metrics at the point-of-care for all patients. Currently available tools to do
this are limited to research or clinical trials, and have not been widely deployed as they
lack the speed, precision and consistency required for wider clinical use [7]. The
amount of time required to delineate lesion boundaries correctly could be intrusive to
the radiologist’s workflow. Delineation can be performed by manually drawing the
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tumor boundary on each image slice, or by semi-automatically guiding an algorithm
whose results require editing. Although manual delineation offers complete control to
the user, humans exhibit great variability and the process is very time-consuming. Even
if an automatic or semi-automatic method were to suffer a shortcoming in accuracy, as
long as there is consistency in defining the boundary, then the volume change or change
in a quantitative feature can be tracked more dependably.
For MR brain tumor segmentation, recent research with fully automated segmentation, especially based on deep neural networks, has been promising [8]. Our approach
differs from a Computer Aided Detection (CAD) approach because we rely on a radiologist to make an indication. The motivation is adoption by clinical radiologists who
desire full-control over the segmentation, real-time feedback, an algorithm that is ready
to run immediately without the need to first be trained on a large database from their
site, and an algorithm whose rationale behind decisions is explainable.
The vital part of any measurement tool is an interface that is both familiar and effortless. Drawing the longest axis across a lesion is a natural choice for initiating contours because radiologists are already accustomed to drawing the long axis. Oncologists participating in clinical trials follow published international criteria for objectively
gauging the extent and progression of disease. The Macdonald, RECIST, and WHO
criteria each incorporate long axis measurements. However, inherent challenges with
axis-based criteria have been reported for aggressive brain tumors [9], thus motivating
the discovery of volumetric-based criteria with similar familiarity as axis-based criteria.
Besides familiarity, there are several more goals of volumetric contouring. One goal
is to achieve inter-observer consistency, while also catering to individual preferences
for accuracy and style. Consistency results from initialization strategies that are reproducible, such as generating 3D volumetric contours from a straight stroke rather than
free-form drawing. Tailoring to individual preferences is accomplished by editing tools
prepared for whenever the initial contours may be unsatisfactory. Another goal is to
provide a contingency plan in case the radiologist is both unsatisfied with the contours,
and unwilling to invest the requisite time to edit them. Radiologists should be given
the choice of confirming either the contours (thereby enabling volumetric measures),
or just the long axis, which has already been drawn, and is held in reserve as an instant
alternative. Yet another goal is automatic, large-scale, quantitative validation. Given
hundreds of datasets that have been manually contoured, batch processing can be implemented by calculating the long axis from each expert’s contours, and employing the
long axis as the simulated user input. Yet another goal is to alleviate the need to select
tools from a confusing suite of options. Ideally, there is exactly one tool in a reading
room, generally applicable to all organs, yet simultaneously specialized with organspecific features. The organ is automatically identified upon tool initialization.
Our software aims to satisfies all the aforementioned goals, namely familiarity, consistency, individualism, contingency, automatic validation, and general applicability
yet specialization. While advancements in processing speed have propelled deep
learning (DL) in various fields, medical image analysis is missing the mass quantities
of new labelled data needed for training artificial intelligence networks [10]. The
multimodal Brain Tumor Segmentation challenge (BraTS) represents a pioneering
step in this direction [11, 12]. One of our goals is to develop software which can be

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

154 of 578

used to generate such contours on new scans, at the point of read, which in turn, can
serve as the labeled image data for DL in subsequent clinical application.

2

Methods

The algorithm is implemented as a probabilistic framework with efficient user control.
2.1

Interactive MPR Segmentation

The user initializes the segmentation process by drawing a long axis on one plane of a
Multi-Plane Reformat (MPR). As the user draws the long axis, a 2D segmentation
updates in real-time for interactive feedback. The feedback has proven to be very helpful for the user to know precisely where to place the endpoint of the axis. Upon release
of the mouse, 2D segmentation occurs immediately on the other MPR planes.
When the 2D contour is unsatisfactory, an optional short axis may be drawn perpendicular to the long axis. Other editing operations are available, such as a “ball tool” for
drawing with a digital brush. A correct 2D segmentation is important since probability
distributions are learned from the 2D segmentation to be employed in segmenting the
other MPR planes.
When the contours on other MPR planes are unsatisfactory, then the user can draw
there with the same editing tools, and the option for drawing a long axis and short axis.
This is especially useful for lesions which are irregularly shaped or oriented obliquely.
2.2

3D Segmentation

Multivariate Bayesian classification [13] labels image voxels as belonging to one of
two classes, Background or Foreground. Classification combines the likelihood of
class membership based on voxel brightness, with the probability of membership prior
to observing brightness. The likelihoods are conditional probability distributions that
do not vary across the image, while the prior probabilities are spatially varying, and a
function of distance from region boundaries.
The user directly drives the segmentation process by manipulating four types of regions, where some regions govern the likelihoods, while some regions govern the prior
probabilities. Various regions are described in Table 1, and illustrated in Figure 1.
Table 1. Regions which drive probabilities.
Region

Color in Fig. 1

Inclusion

Green

Containment
Background

Yellow
Blue & pink

Avoidance

Not shown

Description

All voxels within belong to the Foreground class,
and statistically sample it.
All voxels outside belong to Background class.
Statistically typify Background class.
Spatially prohibit Foreground without affecting
statistics.
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Fig. 1. The regions are initially configured as ellipsoids, and may become warped.

The sizes and poses of regions are automatically derived from the long axis. While
the long axis describes lesion extent along one dimension, the initialization stage estimates lesion extent along other dimensions by analyzing orthogonal scout planes given
statistical sampling along the long axis. Probability distributions are modeled parametrically as Gaussian Mixture Models (GMM) [14] while placing the Inclusion region,
and as non-parametric distributions thereafter. Background regions are automatically
placed by searching the vicinity outside the Containment region, and within the body
outline, while maximizing the Mahalanobis distance [13] from the Inclusion region.
Once Background and Inclusion regions are initialized, the voxels within are used to
perform Parzen windowing [13] to estimate the likelihoods for Bayesian classification.
Noise and artifacts in CT vary by dose and choice of reconstruction kernel, and in
MR by field strength and protocol parameters, so Bayesian classification is augmented
with a Markov Random Field [15] with 3 iterations of mean-field approximation. The
output is a 3D mesh fit to voxel classification by adapting vertices connected by virtual
springs to their neighbors to provide a regularizing force that smooths the surface.
2.3

Preliminary Experiment

As a preliminary experiment, a batch simulation was performed where long and short
axes were automatically drawn on each of the 285 multispectral MR brain scans of
glioma patients in the BraTS 2018 online training data. To achieve this, the groundtruth was analyzed to find the largest slice in the central third, and an automatic process
drew the long-axis on that slice. The center of that axis was used for the center of sagittal and coronal planes to comprise a 3-plane MPR. In order to simulate the type of
long axis that a human user might draw, the axis position was favored to be more medial
than the true longest axis. Therefore, on each plane, an ellipse was fit by Principle
Component Analysis (PCA) [13] to the segmentation on that slice. The long axis with
the same orientation as the major axis of the ellipse was found. The short axis was then
found as the longest axis perpendicular to this, as shown in Figure 2.
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Fig. 3. Axial, coronal, and sagittal planes of MPR are shown from top to bottom. The blue ellipse
was fit to the yellow contour of ground-truth in order to generate the green long and short axes.
This process simulated a human user manually drawing on MPR.
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The drawn axes precipitate MPR segmentation, and Figure 3 shows a few examples.

Fig. 3. MPR segmentation (red) depicted relative to ground-truth contours (yellow) and
long/short axes (green) on a reformatted sagittal slice. MPR segmentations (not final 3D) were
measured to have 0.901 average Dice, compared to ground-truth, for 855 planes of 285 cases.

3

Results

Multi-institutional, routine clinically-acquired pre-operative multispectral MR scans
were provided by the 2018 BraTS challenge [16, 17]. The data had been preprocessed
to be co-registered to the same anatomical template, interpolated to the same resolution
(cubic mm), and skull-stripped.
The T1-weighted post-contrast scan was combined with the T2-weighted scan to
create a dual-spectra image that was input to our algorithm. Since long axes where
drawn on core tumor, this experiment segmented only that structure, and not the whole
tumor and enhancing tumor structures which are also included in the 2018 BraTS challenge. We intend to add those structures by the testing phase of the challenge, as well
as make use of the currently unused spectra, T1-weighted and FLAIR.
Segmentation accuracy was computed by the CBICA Image Processing Portal [18].
Average Dice score for the core tumor was 0.86218, with standard deviation 0.06009.
Median score was 0.87252. Specificity was 0.89267, and sensitivity was 0.99832. The
Hausdorff 95% distance was 4.37 mm.

4

Discussion

In comparison with other semi-automatic tools, products from Invivo [19] and Mirada
[20] feature initialization by a single click, whereas the additional information contained in our long axis bolsters reliability relative to a click. Perhaps the most similar
algorithm to ours is the GrowCut algorithm [21, 22] implemented in the 3D Slicer [23].
Both have general applicability, and a concept of Background and Foreground regions.
However, GrowCut is not initiated as quickly as a drag across the long axis, and one
study measured lung lesion contouring to require an average of 10 minutes [24],
whereas our ambition is sub-minute. Perhaps the most similar initialization method is
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[25] for the Random Walker algorithm [26], because a clicked point or stroke commences 2D segmentation from which Background and Foreground seeds are generated
for 3D segmentation. However, our approach intentionally seeks statistical separation
rather than a simple circumscribed shape for Background. GrowCut and the Random
Walker both lack the two additional regions that ours adds, Containment and Avoidance, which make editing expeditious. Furthermore, ours differs by its Bayesian framework, which in conjunction with the added regions, make it possible to seamlessly incorporate organ-specific processing, and in the future, to employ DL-based CAD to
derive additional spatially-varying prior probability maps.
Quantitative results were promising, while also leaving ample opportunity for nearterm improvement. Since the algorithm is currently general-purpose, and well-suited
for CT lung and liver lesions, we will add some MR-specific and brain-specific enhancements between the time of this writing and the test phase of the BraTS challenge.
These improvements will include the partitioning of the tumor into its constituent parts:
edema, necrosis, and actively enhancing regions.
During the test phase of the challenge, the long axis will be drawn manually by a
human user, with the guidance of real-time MPR segmentation as constructive feedback. We anticipate that the advantage of feedback will produce better quantitative
scores than the batch-generated long and short axes of this preliminary experiment.

5
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Abstract. We present Sirona, a new framework for fully automatic segmentation of brain MR images. Sirona combines the following novel approaches: (i) fine grained segmentation of tumor and healthy tissues including Gray Matter, White Matter, Cerebra Spinal Fluid, and Glial
Matter through a new image registration method; (ii) a novel domain
adaptation method to automatically enrich the training dataset using a
new multi-species tumor growth model along with a generative adversarial model to transfer the simulation results to match brats intensity
histogram; These approaches are not particular to a particular model and
could be used in conjunction to existing solutions to increase segmentation performance. Here we briefly discuss the formulation and provide
initial results on BRATS’18 training and validation datasets.
Keywords: Segmentation, Neural Network, Machine Learning, Glioma,
Tumor, Sirona

1

Introduction

Gliomas are a type of brain tumor arising from glial cells of the brain. They
account for about 80% of all malignant brain tumors diagnosed in the United
States [4]. Gliomas can be graded according to their aggressiveness. While lowgrade gliomas can be benign and carry a reasonable prognosis, high-grade gliomas
are malignant and have a tendency to grow quickly and invade other parts of
the brain [16]. A combination of surgery and chemotherapy is the usual course
for treatment, but the prognosis is generally poor. The median survival rate for
patients with high-grade gliomas is less than a year. Hence, the early diagnosis
of the tumor is crucial for improving treatment options for the patient.
Medical imaging is an efficient way of obtaining information about the location and structure of the brain tumor. Magnetic resonance imaging (MRI)
is a common imaging technique used to visualize the extent of tumor regions.
The standard clinical routine involves accurately delineating the different tumor
structures in the brain. However, the manual segmentation of 3D MRI scans is
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time-consuming and prone to inaccuracies and variability due to the highly heterogeneous nature of tumor appearance. Automatic segmentation methods have
the potential to provide an alternative to obtaining accurate segmentation leading to improved tumor prognosis and treatment planning, especially for cases
where access to expert radiologist is limited. Moreover, the widespread usage of
such a system would provide standardization to a field with high discrepancies
among different radiologists regarding brain segmentation.
A brain can be visualized using different MRI modalities. Different imaging
modalities provide different information about the scanned region. For example,
a particular feature visible in one modality may be hidden in another. Common
brain MRI modalities include post-Gadolinium T1 (used to enhance contrast and
visualization in the blood-brain barrier), T2 and FLAIR (to highlight different
tissue fluid intensities), and T1. Together, the complementary information from
these modalities enable a more robust segmentation of a tumor-afflicted brain.
Recently new imaging modalities such as Diffusion Tensor Imaging (DTI) and
Positron Emission Tomography (PET) have been used in cases with gliomas.
Deep learning approaches using convolutional neural networks (CNNs) have
recently demonstrated excellent performance in semantic segmentation tasks in
medical imaging. A seminal work for segmentation stem from fully-convolutional
network (FCNs) [11]. U-nets [15] are another popular architecture in medical
segmentation tasks, which merge feature maps from the contracting path of
an FCN to its expanding path to preserve local contextual information. Multiscale information is often incorporated by using parallel convolutional pathways of various resolutions [10] or by using dilated convolutions and cascading
network architectures [17]. Post-processing using Conditional Random Fields
(CRF) [10] has proven to be useful in fine-tuning segmentation and removing
noisy patches as well. The winning algorithm of the Multimodal Brain Tumor
Image Segmentation Benchmark (BraTS) challenge in 2017 was based on Ensembles of Multiple Models and Architectures (EMMA) [9], which bagged a
heterogeneous collection of networks (including DeepMedic (winner of ISLES
2015 [12]), U-nets and FCNs)) to build a robust and generic segmentation model.
Due to the limited availability of data, standard data augmentation methods involving affine transformations, reflections and elastic deformations are frequently
employed [15] to regularize the model.
In this paper, we present Sirona which could be used in conjunction to the
above solutions. Our new contributions include fine grained segmentation of the
brain, including healthy tissues. Creating a dataset for healthy brain segmentation is a very tedious task, but we propose an automated approach based
on image registration to delineate healthy tissue in tumor-bearing medical images. Moreover, we propose a domain adaptation strategy to enrich the training
dataset using Generative Adversarial Networks (GANs) in conjunction with a
novel multi-species tumor model with mass effect.
The outline of the paper is as follows. In §2, we discuss the methodology for
whole brain segmentation (§2.1), and domain adaptation (§2.2). Then in §3 we
present preliminary results on the BraTS’18 challenge [1–3, 12].
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2
2.1

Methods
Whole Brain Segmentation With Healthy Tissues

The healthy structure of the brain changes in the presence of abnormalities such
as tumors. For instance, the delineation of the tissues could be compressed due
to tumor growth in the confined space of the brain. Therefore, providing this
information to the classifier should increase the accuracy of the segmentation.
However, such data is not available in the BRATS training data, mainly due
to the fact that labelling a full 3D brain is an extremely time-consuming task.
However, here we propose an automated approach to compute this information.
Our method for segmenting healthy brain tissue uses multiple healthy brains as
atlas that have been segmented a priori. The entire process of segmentation is
divided into three main steps, which are then explained briefly in the following
sections,
1. Preprocessing: affine registration of each atlas image to the brats image,
2. Diffeomorphic registration of each atlas image to the brats image, and using
the resulting deformation to transport the atlas segmentation, and
3. Performing majority voting to fuse labels of all deformed atlases to get the
final healthy tissue segmentation.
2.1.1 Preprocessing: Rigid+Affine Registration We follow the strategy
presented in [5]. First, all the healthy brain atlases are re-sampled to match
the brats image resolution (240 × 240 × 155) using MATLAB. This is followed
by a rigid and affine registration (using NMI similarity measure; 12 degrees of
freedom; 3 multi-resolution levels; and a 3D linear interpolation model) of the
atlas T1 image to the brats T1 image. The resulting transformation is applied to
the atlas segmentation (using nearest neighbour interpolation). We use MIRTK
(https://mirtk.github.io) to do the affine registration step. This is then repeated for all the remaining atlases.
2.1.2 Diffeomorphic Registration We use large-scale diffeomorphic registration to deform the atlas so that it would be deformed to match the brats
image structure (for details please see [13, 14]). The forward registration problem is defined as follows: given a velocity field v(x) and image vector ρT , the
deformed image is computed by a solving the advection equation in t ∈ (0, 1]
∂t ρ(x, t) + v · ∇ρ(x, t) = 0,

(1)

with ρ(x, 0) = ρT in Ω. We denote this operation by the forward operator F :
ρT (x, 1) = F (v, ρT )

(2)

On the other hand, the inverse problem is formulated as follows: given two
vector fields ρT and ρR , we seek to find a velocity v(x) such that the L2 distance
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between F (v, ρT ) and ρR is minimal. This is an ill-posed problem and needs
regularization to place smoothness constraints on the velocity field. We again
refer to [13, 14] for details on how we solve this inverse problem to find this
velocity.
The affinely registered atlases T1 images are then diffeomorphically registered to the brats T1 image. The image intensities are rescaled to [0,1] before
performing the registration. The resulting velocity output is used to transport
the atlas segmentation. The resulting segmentation is a crude estimation of the
healthy tissue in the brats image.
2.1.3 Majority Voting and Label Fusion We use a simple majority voting
technique based on the quality of diffeomorphic registration. We compute the
L2 norm of the residual between each deformed atlas and brats image,
r = ||(ρT (x, 1) − ρR )||2
before (r0 ) and after (r1 ) the registration. Based on the residual ratio rr01 , weights
are assigned to each atlas. We set the weights equal to the inverse of the residual
ratio which implies that a deformed atlas which is closest to the BraTS image
will get the highest weight in the fusion process. The weights are then normalized
and the label probabilities are computed using:
pj (x) =

Na
X

dij ∗ w̃i

i=1

p̃j (x) =

1
Nl
X

pj (x)

j=1

where, x is target voxel to be labelled, Na is the number of atlases, Nl is the
number of labels, w̃i are the normalized weights, j is the label id, p̃j (x) is the
probability for voxel x being label j and
(
1, if atlasi (x) = j
dij =
0, otherwise
The final segmentation is computed using the max probability for a given
voxel,
label(x) = arg max p̃j (x)
j

. We finally overlay, the BraTS segmentation for the tumorous regions.
2.1.4 Limitations In general, the quality of BraTS T1 images is very poor,
they are flat and lose contrast near the brain boundaries. This makes it difficult
to create good quality healthy segmentation using the atlas based method. This
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is mainly due to the fact that the probabilistic atlases are only available in T1
modality. However, this limitation could be addressed by creating one or more
segmentation of T1ce or Flair images.

Fig. 1: (top row): The original T1 image for Brats18 TCIA02 135 1 training data
is shown for different views (Axial, Coronal, and Sagittal), (bottom row): the
corresponding fine grained segmentation for healthy cells computed by solving
a 3D registeration problem with a segmented atlas. We overlay BRATS tumor
segmentation with the registerred segmentation to get the final results.

2.2

Domain Adaptation

One of the main limitations in medical imaging, and in particular brain tumors,
is the scarsity of training data. To address this issue, we use a novel domain
adaptation strategy and generated synthetic BRATS data to enrich the training
dataset. This is performed by first solving a PDE based multi-species tumor
model using an atlas brain. However, this data could not be used directly due to
the domain shift between actual BRATS images and simulated results. Directly
using this synthetic data during the training process may guide the neural network to learn some features that only exist in synthetic data, resulting in poor
performance on the real dataset. To address this issue, we use CycleGAN [18] to
do the domain adaptation from the generated synthetic data to the real BRATS
data. The goal of CycleGAN [18] is to learn a mapping G : X → Y such that
the distribution of images from G(X) is indistinguishable from the distribution
Y using an adversarial loss. Because this mapping is highly under-constrained,
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it is coupled with an inverse mapping F : Y → X and a cycle consistency loss
is introduced to enforce F (G(X)) ≈ X (and vice versa). Samples of our adaptation results are shown Fig. 2. In order to visualize each brain data sample, we
normalize the values to [0, 1] and treat the channels as CMYK channels of an
image.

(I)

(II)

(III)

(a)

(b)

(c)

Fig. 2: Domain Adaptation results: I, II, III represents 3 different samples. (a)
represents synthetic brain images, (b) represents adapted synthetic images, (c)
represents real brain images. Images are shown in CMYK mode, with each channel mapped from T1, T1CE, T2, and FLAIR channel. As we can see from the
colors, the values in the adapted images are closer to the real images.

We generate synthetic images by simulating tumor growth in healthy brain
atlases. We use a multi-species tumor growth model based on the works of [6,16],
which provides us with the time evolution of enhancing and necrotic tumor
concentrations along with tumor-induced brain edema. The governing equations
for the model are reaction-diffusion-advection equations for the tumor species
along with a diffusion equation for oxygen and other nutrients. We couple this
model with linear elasticity equations with variable elasticity material properties
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to simulate the deformation of surrounding brain tissue due to tumor growth,
also known as “mass effect”.
Tumor and healthy cell concentration maps are converted into synthetic MRI
images by sampling from the intensity distribution of real MRI scans. We use
the ground truth tumor segmentation of the BraTS’18 dataset in conjunction
with our healthy tissue segmentation to transfer intensities.
2.3

Parallel Framework

We utilize a prototype framework for parallelized automatic differentiation called
anode. The anode framework is designed to accelerated differentiable dataflow
models, such as deep convolutional networks, via generalized data parallelism by
partitioning tensors across batch elements and across the spatial dimensions [7].
Generalized data parallelism across batch and spatial axes enables the training
of large models which may not easily fit on modern GPUs [8]. For example, a
UNet architecture [15] in single floating point precision applied to input tensors
with dimensions 128 × 128 × 128 × 4 uses over 4.4 GB of memory for just the
forward computation of a single input.
Preliminary microbenchmarks of anode on UNets suggest nearly linear strong
scaling to at least 32 Tesla P100 GPUs.

3
3.1

Preliminary Results
Fine Grained Healthy and Tumor Segmentation

Here we report preliminary results on BRATS’18 validation dataset, with an
exemplary segmentation shown in Figure 4. We used a 10 layer UNet with 3D
convolution as the baseline network and trained for 500 epochs using an 20%
validation split of the training data with ADAM optimizer. We used TensorFlow/Keras framework for these preliminary tests. For the preprocessing step,
we first solve a 3D image registration problem to find the fine grained healthy
segmentation of the brain given a set of segmented healthy atlases. Then using this information we crop the validation data to crop background. Then we
downsample the cropped image to 1283 resolution. We achieve a dice score of
(87.15,66.56,77.18) for (WT,TC,EN), respectively.

4

Conclusion

We presented preliminary results for Sirona, a new scalable framework for biophysicsbased medical image segmentation, and in particular gliomas. Our contributions
include an automatic healthy segmentation of the BRATS dataset, and a novel
Generative Adversarial Network to enrich the training dataset. We demonstrated
that our approach yields promising results, and showed preliminary results on
BRATS’18 validation dataset.
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Fig. 3: Boxplot for the baseline model’s validation score on the BraTS’18 training
data is shown. This model achieves a dice score of (87.15,66.56,77.18) percent
for (WT,TC,EN), respectively.

Fig. 4: (top row): The original T1ce image for Brats18 TCIA02 230 1 validation data is shown for different views (Axial, Coronal, and Sagittal), (bottom row): the corresponding segmentation result for healthy cells computed
by the neural network visualized using ITK-Snap. We achieve a dice score of
(91.855,94.48,94.026) for (EN,WT,TC), respectively.
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Abstract.
Image analysis of brain tumors is one of key elements for clinical decision, while
manual segmentation is time consuming and subjective. In this paper, we examine the neuromorphic convolutional neural network on this task of multimodal
images, using a down-up sizing network structure. We use a controlled rectifier
neuron function incorporated in neuromorphic neural network, which we think is
important for a successful segmentation of noisy data. Experiment results show
the effectiveness and feasibility of our proposed methods, from segmentation to
overall survival analysis.
Keywords: Convolutional Neural Network, Neuromorphic Processing, Brain
Tumor, Image Segmentation, Survival Analysis

1

Introduction

The assessment of brain tumors delivers valuable information and becomes one of key
elements of clinical diagnosis. Therefore, the automatic brain image segmentation
emerges as a critical technology, as there are advantages of faster, more objective and
potentially desirable accuracy. Due to the irregular nature of tumors as well as noisy
3D MRI images, the development of practical solution is still challenging throughout
the BRATS Challenge [1-4].
Overall survival(OC) analysis of patients has been also the subject of interests, which
is evaluated from the baseline to the time of last available follow-up. A time threshold
of 18 months was defined to differentiate the patients into 2 groups, those with shortor long-term survival [5]. In this paper, the segmentation algorithm is proposed and
applied to evaluate OC based on BRAT 2018 high grade glioblastomas (HGG) data set
and the survival data.
Since the convolutional networks like U-net have been widely in use [5-6], CNN and
it derivatives have attracted more attentions on segmentation tasks. Recently, the neuromorphic neural network introduced its feasibility of segmentation of 3D brain CT
images, by the successful 3D dental tooth segmentation including roots in the gum [7].
In this paper, we will give an experimental study of the eﬀectiveness of neuromorphic neural network on multimodal brain tumor segmentation. This paper is intended
for Tumor Segmentation Challenge 2018[1–4]. Since the available dataset is low, we
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utilized the convolutional filters useful for prior segmentation analysis of medical images and other noisy ones. Experiment results show the prior techniques of bio-inspired
convolutional filters and controlled linear rectifier neurons can boost the performance
of the segmentation tasks.

2

Methods

The neuromorphic convolutional neural network in Fig. 1 is inspired by a neuromorphic
neuron of simple cell, with the various orientation selective features. The system has
the process of orientation feature extraction using neuromorphic processing mimicking
the simple cell of visual cortex, based on the convolution with the ﬁlter banks. The
introduction of down-up resizing in Fig. 1 enables the abstract feature extraction, with
the robust saliency map generation combined with the controlled rectifier neuron.
Our network is based on the integer computation, while the convolutional filters are
13X13 of unsigned 8 bit integers. The fully connected neural networks in Fig. 1 is the
feedforward network of 2x20x20x5x1, with two input variables of aggregated pixel
numbers of each segmented images. The output represents the OS prediction of the
short survival period (‘0’: less than 18 months) or the long survival period (‘1’: more
than 18 months).

Fig. 1. Network architecture. Our architecture is inspired by the earlier neuromorphic convolutional recurrent neural networks of 3D dental segmentation, based on X-ray CBCT [7].
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Results

The preliminary results are illustrated in Fig. 2-4. The neuromorphic orientation enhanced features are observed at the outputs of 1st stage processing, which can reduce
the illumination change of individual image. The abstraction features enable the possible effectiveness in pattern recognition or clustering, which become advantageous for
the limited size of training data,
asedoo

Fig. 2. Outcomes of proposed neuromorphic neural network using BRATS 2018 training data
set, (HGG, CBIA_AAB_1 A, layer no= 35). Top: multimodal brain MRI images, middle: intermediate outputs of 1stage CNN, bottom: segmentation results (left end) and intermediate results.

The segmentation procedure utilizes the averaging and threshold process during
down-up sizing neural network operation. The bottom left object illustrated the segmented neuron 1 in Fig. 2, which is some way close to the enhancing tumor in the
provided ground truth. The similar functions were observed in dental tooth segmentation [7], which suggests the automatic segmentation capacity of Neuromorphic convolution filters and sow-up sizing neural networks. The controlled linear rectifier neuron
is employed to improve the OS prediction, with both the pegged threshold value and
the fixed threshold value for Fig. 3 and Fig. 4.
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Fig. 3. Outcomes of proposed neuromorphic neural network using BRATS 2018 training data
set, (HGG, CBIA_AAB_1 A, layer no= 59). Top: Multimodal brain MRI images, middle: segmentation results of BRATS dataset, bottom: two parallel outcomes of image segmentation intermediate results.
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Fig. 4. Outcomes of proposed neuromorphic neural network using BRATS 2018 training data
set, (HGG, CBIA_AAB_1 A, layer no= 62). Top: Multimodal brain MRI images, upper middle:
segmentation results of BRATS dataset, lower middle: two parallel outcomes of image segmentation intermediate results, bottom: segmented images converted by controlled rectifier neurons...

The fully connected network is trained by the limited number of 161 data sets, and
the result of Table 1 is summarized. Since there is a substantial difference among human experts of tumor segmentation, it would be challenging to implement the system
with the definite result better human experts. The estimated performance is around 71%
of accuracy.
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Table 1. OS evaluation of BRATS 2018 HGG dataset by neuromorphic neural networks
Accuracy and sensitivity
Correct recognition
Positive failure (mistaken as the long OS period : more than 18months)
Negative failure (fail to predict the short OS
period: less than 18 months)

Cases
71% (115 cases
among 161 cases)
11%
18%

The contents of Table 2 illustrate the OS prediction of validation data released for
BRATS 2018, without the ground truth of tumor segmentation. Images of Fig. 5 represent the result using validation dataset, without the ground truth of segmentation.

Fig. 5. Outcomes of proposed neuromorphic neural network using BRATS 2018 validation data
set, . Top: Multimodal brain MRI images. middle: intermediate outputs of 1stage CNN, bottom:
intermediate results and segmentation result (right end: image 1 output of Fig. 1)

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

176 of 578

7

4

Discussion

Our proposed algorithm has the feature of mimicking human visual recognition process
as an artificial way, where the neuromorphic convolutional neural network unlikely
incurs the heavy computing resources for learning. The decent size of neural network
is more favorable to the fast operation or real-time operation for enhanced medical imaging instrumentations.
In this paper we presented the network architecture using the subset configuration of
existing neuromorphic convolutional neural networks, due to the limited time and data
set scale. We could expect to find the better one with more consistent training data sets,
with further optimized feature processing neural networks.
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Table 2. OS(Overall Survuval) evaluation of BRATS 2018 validation dataset by neuromorphic
neural
networks
OS
OS
(long peBrats18_MDA_1012_1
0 Brats18_TCIA13_646_1
0
riods:
over
18
Brats18_MDA_1015_1
0 Brats18_TCIA13_636_1
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0 Brats18_TCIA03_288_1

1

Brats18_CBICA_AAM_1

1 Brats18_TCIA03_604_1

1

Brats18_CBICA_ABT_1

1 Brats18_TCIA03_313_1

1

Brats18_CBICA_ALA_1

0 Brats18_TCIA04_212_1

0

Brats18_CBICA_ALT_1

1 Brats18_TCIA04_253_1

0

Brats18_CBICA_ALV_1

1 Brats18_TCIA07_602_1

0

Brats18_CBICA_ALZ_1

1 Brats18_TCIA07_601_1
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Brats18_CBICA_APM_1
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1
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1
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1
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0 Brats18_UAB_3456_1

1

Brats18_CBICA_AUC_1

1 Brats18_UAB_3490_1

1

Brats18_CBICA_AUE_1

0 Brats18_UAB_3498_1

1

Brats18_CBICA_AZA_1

1 Brats18_UAB_3499_1

1

Brats18_TCIA13_652_1

0 Brats18_WashU_S037_1

0

Brats18_TCIA13_638_1

0 Brats18_WashU_W033_1 1

Brats18_TCIA13_617_1

0 Brats18_WashU_W038_1 1
Brats18_WashU_W047_1 1
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BrainNet: 3D Local Refinement Network for
Brain Tumor Segmentation
Xiaojun Hu, Weilin Huang, Deren Kong, Sheng Guo, and Matthew R. Scott
Malong Technologies

Abstract. We present an efficient yet conceptually simple 3D residual framework for automatic brain tumor segmentation. Our model is
able to directly predict dense voxel segmentation of tumor regions in
3D brain MRIs in a single shot. The contributions of this paper are
three-fold: (i) we propose a novel multi-level 3D refinement module that
automatically aggregates both local details and spatial-temporal context
information within 3D convolutional layers, leading to clear performance
boost; (ii) we incorporate recent Focal loss into our framework, enabling
our model to naturally cope with data imbalance that previously attempted in dense training and sampling; (iii) a new training strategy is
introduced by leveraging curriculum learning, where we design the curriculum by incorporating data augmentation and the Focal loss. These
technical developments are integrated seamlessly into a single 3D segmentation model, resulting in a highly-compacted and end-to-end trainable model that can run at about 0.5s per MRIs - about 50 times faster
than previous approaches [13, 9]. The proposed BrainNet is evaluated on
the BRATS 2015 benchmark, where we achieve the state-of-the-art results, by surpassing recently published results reported in [13, 9]. It also
obtains preliminary results on the training and validation data of the
BRATS 2018 Challenge.

1

Introduction

Accurate brain tumor segmentation from MR images is of great importance
for improving cancer diagnosis, surgery planning and prediction of patient outcome. However, manual segmentation of brain tumors is highly expensive, timeconsuming and subjective. Efforts have been devoted to developing automatic
method for this task, but it is still challenging to precisely identify some tumors
(e.g., gliomas and glioblastomas), which are often diffused, poorly contrasted,
and their boundaries are easily confused with healthy tissues. Furthermore,
structural tumor regions, such as necrotic core, oedema and enhancing core,
can appear in any location of the brain with various size and shape, making it
particularly difficult to segment them accurately. To improve the performance,
multiple MRI modalities, such as T1, T1-contrast, T2 and Fluid Attenuation Inversion Recovery (FLAIR), are often utilized to provide richer visual information,
and automatic methods are developed to explore the multiple MRI modalities.
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Past work in the literature has been dominated by approaches that pose
brain tumor segmentation as the problem of sematic segmentation, which produces dense classification at the pixel level. Generally, hand-crafted features are
designed by incorporating with a classifier learned separately, where the classifier
dose not impact the nature of the designed features. Recent deep convolutional
neural networks (CNNs) have been applied to this task by advancing feature extraction. These approaches compute deep, hieratical and learned features from
brain MRIs, allowing the features to be learned jointly and collaboratively with
a integrated classifier. This results in more meaningful features that lead to the
state-of-the-art performance [7, 12, 9, 5, 13, 6]. However, recent CNN approaches
for brain tumor segmentation often suffer from several common limitations that
negatively impact their performance. First, CNNs are powerful to compute highlevel context features with hieratical designs, but multiple pooling operations
give raise to a significant issue of down-scaling of the feature maps, leading to
loss of fine structures and detailed information through the hieratical convolutional layers. This local detailed information is critical to accurate segmentation.
Second, segmentation often involves dense training and inference where training
samples are highly correlated with neighboring pixels, significant data unbalance
between various classes and background often happens. These limitations make
it difficult to train a high-performance 3D segmentation model. Third, effectively aggregating meaningful spatio-temporal information from multi-modality
3D MRIs within a single CNN model is also challenging.

1.1

Contributions

In this work, we present a new BrainNet which is a 3D segmentation network
built on deep residual architecture [8]. The approach we describe in this paper
is to our knowledge the first to develop a single-shot 3D segmentation CNN
for this challenging task. Our model is able to directly outputs dense voxellevel segmentation results of various tumor tissues from 3D brain MRIs, without
any post-processing. The closely related work are that of [9] which inspired the
current work, but design a different 3D convolutional architecture that combines
multi-scale MRIs, with a CRF for post-processing. The current paper describes
a method that integrates a number of key technical designs into a single CNN.
Our contributions are described as follows:
– We propose a new 3D refinement module capable of aggregating rich finescale spatio-temporal features over multiple 3D convolutional layers. This
allows it to explore both local detailed features and high-level context information in both spatial and temporal domain, which is critically important
to achieving accurate segmentation.
– We introduce a new training strategy that incorporates curriculum learning
and recent Focal loss into our 3D segmentation networks. This allows our
model to learn more efficiently with the designed curriculum, where the issue
of dense training and class imbalance are handled effectively and naturally.
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– We integrate these technical improvements into a single model which allows
for a direct prediction of dense voxel-level segmentation in a single shot.
This results in a highly efficient model running at about 0.5s per MRIs allowing for real-world application of BrainNet. The BrainNet obtains the
state-of-the-art results on the BRATS 2015 [11]. It also obtains preliminary
results on the training and validation data of the BRATS 2018 Challenge
[11, 3, 1, 2].
1.2

Related Work

Convolutional neural networks have recently been applied to brain tumor segmentation in brain MRIs [7, 12, 9, 5, 13, 6]. For example, Havaei et. al. [7] explored
fully convolutional networks (FCN) for brain tumor segmentation on 2D MRI
slice, where two-phase training procedure and cascaded architecture were developed to tackle the issue of class imbalance. Similarly, boundary-aware FCN was
developed to improve segmentation accuracy by explicitly incorporating boundary information[12]. These approaches were mainly designed for 2D segmentation of individual MRI slices, while our work focuses on proposing an efficient
3D module able to learn rich spatio-temporal features directly from 3D MRIs.
Our work is closely related to that of [9, 5], where 3D CNNs were developed
for this task. Chen et. al. developed VoxResNet [5] for brain lesion segmentation,
which focuses on integrating the features learned from multiple MRI modalities.
Kamnitsas et. al. [9] also proposed a dual pathway 3D CNN for aggregating
multi-level features, and CRF was applied to refine the results. Our BrainNet
learns multi-mobility information and aggregates multi-level 3D convolutional
features with a single model that produce inference in one shot, providing a
more principled solution that work more efficiently.

2

BrainNet: 3D Local Refinement Network

We describe details of the BrainNet, including the proposed 3D refinement module and a new training strategy that integrates curriculum learning [4], Focal loss
[10] and data augmentation. Our goal is to accurately predict the label of four
tumor tissues at each voxel, by using four 3D MRI modalities: T1, T1-contrast,
T2 and FLAI, as shown in Fig. 1. The four tumor tissues are necrotic core,
oedema, non-enhancing and enhancing core, as defined in [11]. An exemplar image is shown in Fig. 1. In this work, we cast ResNet, originally designed for image
classification, into 3D dense segmentation for brain MRIs. Essentially, segmentation task can be considered as a dense classification problem implemented on
each image patch corresponding to a dense pixel at the output layer. Specifically, we make two main modifications on the original ResNet consisting of four
convolutional blocks by using 3 × 3 convolutional kernels. First, we introduce 3D
convolutions with the kernel size of 3 × 3 × 3 in all convolutional layers, as shown
in Fig. 1. The 3D convolutional filters naturally take all four MIR modalities
as an input, by considering each modality as a 3D channel like the R, G, or
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Fig. 1: Architecture of the proposed BrainNet. It has four convolutional blocks containing 19 layers with residual units.

B channel in a RGB image. Second, the output prediction maps should have
an exactly same spatial size as the input MRIs, to ensure a dense prediction.
The output layer is built on the last convolutional layer by computing a 5-class
soft-max function at each spatial location. Therefore, the spatial resolution of
the last convolutional layer should be amplified and aligned to that of input volume. This is achieved by employing the proposed 3D refinement module which
is described next.
2.1

3D Refinement Module

For dense 3D segmentation, one of the key steps is to align the spatial shape
of the convolutional features to the input volume; a straightforward approach
is to use an up-sample operation. However, the up-sample operation commonly
suffers from a significant issue of downscaling of the feature maps, leading to
loss of fine structures and local details through the convolutional layers. Both
fine structures and high-level context information are important to segmentation
task. To encode both of them in the convolutional features, we propose a novel
3D refinement module, with the goal of aggregating local details and multi-level
high-level context information in both spatial and temporal domains.
Specifically, BrainNet has four convolutional blocks, with down-sample factors of {1, 12 , 14 , 18 } and 3D channel numbers of {32, 64, 128, 256}, as shown in Fig.
1. The proposed 3D refinement module is applied to each convolutional block,
and encodes high-level context information in both spatial and temporal domains
recursively, from the higher layers to the lower ones. It works as follows: (1) we
design an adaptive layer which is connected to the output of each convolutional
block. The adaptive layer reshapes the convolutional maps by changing the number of 3D channels to a same number of 128, while keeping their original shape of
the convolutional features in each channel. (2) multi-level convolutional features
are fused recursively from the top convolutional block to the bottom one, where
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element-wise summation is used, with an ×2 up-sample operation implemented
on the lower-resolution maps. This results in 128-channel 3D convolutional maps
in the last refined convolutional layer, where each 3D convolutional maps have
a same shape with the input 3D volume. The final 5-class voxel-wise prediction is computed on the 128D features at each voxel location of the 3D features
maps. We adopt 1 × 1 × 1 kernels for all adaptive layers for simplicity, but more
advanced configurations, such as non-local operation, dilated convolutions, or
inception architecture, are readily applicable, and has the potential to improve
the performance. Our goal here is to present a fundamental framework of the 3D
refinement module. Finally, the 3D refinement module generates high-resolution
3D semantic feature maps, which enrich feature representation. It can be integrated seamlessly into our 3D segmentation network.
2.2

Training 3D BrainNet with Designed Curriculum

An efficient training approach is critically important to exploring the full potential of our 3D segmentation model, with a very limited of MRIs. We describe a
new training strategy for end-to-end learning of 3D BrainNet, by incorporating
with curriculum learning [4], Focal loss [10] and data augmentation. We emphasize that high performance of our 3D model is not only based on our model
design, but also due to our new training strategy. As mentioned, our segmentation task can be considered as dense classification problem, and then training
loss of BrainNet is computed densely over all spatial-temporal locations in 3D
MRI volume, gave rise to a number of significant issue. Firstly, dense 3D training
generates a large number of training samples which are significantly redundant
by learning from neighboring locations in spatial and temporal domains. These
samples are closely relevant with less diversity, and thus are less informative. Secondly, training would be highly inefficient when most sampling locations have
easy samples which would contribute less useful signal for learning. This happens
in dense 2D image detection [10], but would become more significant for our 3D
segmentation task. Our training approach is developed to cope with these issues.
Focal Loss As stated in [10], using automatically-selected meaningful samples is
critical to learn a high-capability model for a dense training task. Focal loss was
originally introduced in [10] for detection task. It encourages the model to learn
from a sparse set of hard samples. This naturally alleviates negative impact from
the vast amount of easy samples, leading to performance boost. Formally, the
Focal loss is defined by introducing a modulating factor (γ) to the cross entropy
loss, with a parameter (α) for class balancing [10]: F L(pt ) = −(1 − pt )γ log(pt ).
pt = p if y = 1, and otherwise pt = 1 − p. y ∈ {−1, +1} is the ground-truth class,
and p ∈ [0, 1] is the estimated probability for the class with label y = 1. γ is
focusing parameter, and the Focal loss is equal to original cross entropy loss with
γ = 0, and the training focuses on hard samples when γ > 0. It down-weights
easy samples smoothly which have a high value of pt , indicating a high estimated
probability for the correct class. A larger value of γ means more contribution
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from the hard samples to the training process. In our BrainNet, we cast Focal
loss into our 3D segmentation framework by replacing soft-max loss, providing
a simple formulation that allows the model to automatically select a spare set
of meaningful samples for learning.
Data Augmentation The training data is 3D volumetric MRIs, and a straightforward approach to increase the amount of training data is through data augmentation. This allows us to generate massive scale training data with increasing
diversity. Our data augmentation is produced as follows. First, a simple slice-level
augmentation is implemented by randomly amplifying color values. Second, we
produce volume-level augmentation where random operations are implemented
through all slices within a volume: (i) all slices are rotated with a random orientation from [90, 90] degrees, and are re-scaled by using a random ratio from
[0:7; 1:3]; (ii) horizontal and vertical flipping are implemented sequentially, with
a probability of 50% for each operation; (iii) a random spatial cropping is further
produced, and each cropped region should include a whole region of tumor if it
is presented in current slice.
Learning with Designed Curriculum Both Focal loss and data augmentation encourage the model to learn from data with more diversity and complexity.
However, as shown in our experiments, directly applying these technologies to
our 3D segmentation model is difficult to deliver obvious performance gains, and
an efficient learning scheme is critical. Our training scheme is inspired from the
intuition of curriculum learning, which encourages the learning to start from an
easier task, and then takes more complex tasks gradually during training process [4]. We propose a three-stage learning curriculum where data complexity
is increased gradually. This allows for an efficient implementation of curriculum
learning designed for our task. (i) Our 3D model is trained on the original data
without data augmentation and Focal loss. (ii) Then we increase data complexity by applying data augmentation to original videos with probability of 50%.
(iii) the model is learned from harder samples by employing Focal loss with
stronger data augmentation applied to 75% of training volumes. The three-stage
curriculum allows the model to learn properly from augmented data, leading to
stronger generalization capability with clear performance boost.
2.3

Implementation Details

The BrainNet is implemented by using Pytorch. In training stage, we equally
sample 3D patches with size of 12*128*128 from lesions and background. The
BrainnNet was trained on 4 Titan Xp GPUs for 500k iterations, with a batch
size of 40 (about 8G memory for each GPU used). We adopt the Adam to
optimize our model and set the learning rate to 1e-4. It takes about 8 hours
to train a single model. In inference stage, we split one sample into five parts
with size of 31*240*240 in order to produce inference with a single GPU, due
to the memory limitation. We predict each part individually and concatenate
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(a)
(b)
(c)
(d)
(e)
(f)
Fig. 2: Segmentation results on several examples. (a) FLAIR, (b) T1-contrast, (c) T2,
(d) ground truth (e) BrainNet, and (f) BrainNet with Focal loss. Colors: necrotic core
(red), oedema (green), non-enhancing core (blue), and enhancing core (white).

their outputs to form the final results. Each MRI scanning takes about 500ms to
predict, including the time of data preparation. We get the final predict labels
by taking the maximum probability of each class, without any post-processing.

3

Experimental Results

Table 1: Evaluation results of 110 testing cases in BRATS 2015 testing dataset,
with comparisons with the most recent results reported in [9, 13]
Dice

Precision

Sensitivity

Whole Core Enh. Whole Core Enh. Whole Core Enh.
Zhao et. al.[13] + CRF

82.0 72.0 62.0

84.0 78.0 60.0

83.0 73.0 69.0

Zhao et. al.+3D CRF [13] 84.0 73.0 62.0

89.0 76.0 63.0

82.0 76.0 67.0

DeepMedic [9]

83.6 67.4 62.9

82.3 84.6 64.0

88.5 61.6 65.6

DeepMedic+CRF [9]

84.7 67.0 62.9

85.0 84.8 63.4

87.6 60.7 66.2

BrainNet no FL

85.0 69.0 64.0

88.0 86.0 63.0

85.0 63.0 69.0

BrainNet

86.0 72.0 64.0

87.0 85.0 64.0

87.0 68.0 66.0

we evaluate our 3D BrainNet on the BRATS 2015 [11] and BRATS 2018
Challenge [11, 3, 1, 2]. (1) For BRATS 2015 [11], the training set has 220 cases
with high grade (HG) and 54 cases with low grade (LG) glioma, and segmentations GT is provided. The task is to segment four tumor tissues: necrotic core,
oedema, non-enhancing and enhancing core. The test set includes 110 cases. We
follow [9] by merging the four predicted labels into different sets of whole tumor
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(all classes), the core (class 1,3,4), and the enhancing tumor (class 4). FLAIR,
T1, T1-contrast and T2 modalities are available. (2) On BRATS 2018 Challenge
[11, 3, 1, 2], 285 cases are included in the training set, and the validation set has
66 cases. More details of the BRATS 2018 data are described in [11, 3, 1, 2].
Experimental results. Our model is evaluated on the full test set of the
BRATS, in the terms of standard Dice (f-measure), Precision and Sensitivity,
which are computed on the online evaluation platform. The results and comparisons are presented in Table 1, and the predicted results on several examples
are demonstrated in Fig. 2. As shown in Table 1, our BrainNet with Focal loss
achieved the best performance on the whole tumor and the enhancing tumor in
the term of Dice, which is the most important measure that balances precision
and sensitivity. BrainNet with Focal loss leads to clear performance improvements, particularly for the core tumor. As demonstrated in Fig. 2, Focal loss
allows the model to find finer-grained details on the boundary of tumor. By
comparing with recent state-of-the-art results reported in [9, 13], BrainNet obtained improvements of about 2%, which are significant for this challenging task.
Furthermore, as reported in [13] and [9], both of them employed CRF as a postprocessing to improve the performance, resulting in about 1-2% performance
gains. Our BrainNet is a single-shot model without any post-processing, and
thus is a more efficient approach that can run at about 0.5s per MRI scanning
using a single GPU, which can be applied to real-world applications. This is
about ×50 and ×240 faster than that of [9] (30s) and [13] (2-4 mins).
On the BRATS 2018 Challenge, we evaluate BrainNet on both training set
and validation set. On the training set, we compute a mean value of 5-fold crossvalidations on the total 285 cases (228 cases for training and the remained 57
cases for testing for each validation). The mean Dice scores for Whole, Core,
Enhancing are 87.8%, 81.9% and 72.28%, respectively. On the validation set,
we train the whole training set, and test BrainNet on the validation set, we
obtain mean Dice scores of 88.2%, 81.2% and 76.0%, for Whole, Core, Enhancing
respectively. As can be found, the evaluation results on the training set and
validation set are generally consistent. Comparing to the BRATS 2015, the mean
Dice scores of all three terms are improved on the BRATS 2018, due to the
increased number of the training samples. The performance on the BRATS 2018
will be further optimized, and the results on the test set will be reported when
it is available.

4

Conclusions

We have presented a new 3D segmentation network, BrainNet, for automatic
segmentation of brain tumor in 3D MRIs. we proposed a novel 3D refinement
module that directly aggregates both local details and spatial-temporal context information within 3D convolutional layers. We introduced a new training
strategy that incorporates curriculum learning, Focal loss and volumetric data
augmentation, allowing for a better generalization of the trained model. These
technical improvements are integrated elegantly into a single 3D segmentation
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model, resulting in a highly-compacted and end-to-end trainable model that can
run at about 0.5s per MRI volume. The BrainNet obtained the state-of-the-art
performance on the BRATS 2015, and preliminary results on the BRATS 2018
was repoted.
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Abstract
For a plenty of segmentation tasks, especially for the biomedical image, the
topological prior is vital information which is useful to achieve a better segmentation
result. The containment/nesting is a typical inter-class geometric relationship, and it
is comparably more important to be considered. In this challenge, the nested classes
relationship is introduced into the 3D-dialted-Unet architecture. The network
comprises a context aggregation pathway and a localization pathway, which encodes
increasingly abstract representation of the input as going deeper into the network,
and then recombines these representations with shallower features to precisely
localize the interest domain via a localization path. The nested-classes-prior is
combined by proposing the multi-class activation function and its corresponding loss
function. The model is only trained on the training dataset of Brats2018, and 20%
dataset is regarded as the validation dataset. The performance of validation process
on the leaderboard is 86%,78% and 70% Dice score for whole tumor, enhancing
tumor and tumor core, respectively.
Key words: Topological prior, nested classes, 3D-dialted-Unet, multi-class activation
function

1. Introduction
There exist many different models for segmentation tasks, but very few CNN
models are encoded the nested-topologic-prior. From the literature [1-7], three main
avenues are illustrated as following: (1) cascaded geometries, the network model is
modified to accommodate the hierarchical information via training successive
segmentation network for hierarchical segmentation target. (2) Comprising the
nested-classes information into the loss function, and penalize the result which is not
respect the nested geometry relationship. (3) The conditional and Markov Random
Fields are employed as post-processing ways to integrating label context prior. All
aforementioned methods handle the nesting of classes in a rather indirect way, and
consequently we propose a directly new activation function to segment the
hierarchically nested labels.
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2. Methodology
The nested-classes relationship between different labels are showed in Fig. (1).
The general network structure shown in Fig.(2) is stemming from the Fabian Isensee
Network[8] to process large 3D input blocks of 144x144x144 voxels. The original
network is inspired by the U-net which allows the network to intrinsically recombine
different scales throughout the entire network. This vertical depth is set as 5, which
balance between the spatial resolution and feature representations. The context
module is a pre-activation residual block, and is connected by 3x3x3 convolutions
with input stride 2. The purpose of localization pathway is to extract features from
lower levels of the network and change it into a high spatial resolution by employing
the means of a simple upscale technology. The upsampled features and its
corresponding level of the context aggregation feature are recombined via
concatenation. Furthermore, the localization module, consisting of a 3x3x3
convolution followed by a 1x1x1 convolution, is designed to gather these features.
The deep supervision is introduced in the localization pathway pathway by integrating
segmentation layers at different levels of the network and combining them via
elementwise summation to form the final network output. The output activation layer
is multi-class activation layer substituting with Softmax layer converting the
multi-classes problem to binary ones.
The multi-class-nested activation function shown in Fig.(3) is defined as
m
 
m  1  

a( x)       x  h  n 
 
2   

n 1
 

(1)

Where  is the sigmoid function,  is the steepness and h is the spacing between
consecutive sigmoids. For Brats 4-classes nested label case, assuming the m+1=4, h is
0.5 and steepness  is 10. It is illustrated in the Fig.(1).
The corresponding loss function is defined as
LNCE  

1
Ntot

 

pixels i classesc



yic wc log Qc a  xi 



(2)

wc is the weight of corresponding label, Ntot is the sum number of pixels, and yc =1

for the ground-truth label c of pixel i and yc =0 otherwise.
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Fig.2 Network architecture: Context pathway(left) aggregates high level information; Localization
pathway(right) localizes precisely.
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3. Experiment results
As mentioned before, a hierarchically-nested multi-classes network based on the
residual 3D Unet is proposed. Some slice of segmentation results containing the tumor,
tumor core and enhancing core are shown in Fig.(4)(a,b,c,d). From the images, the
topology geometry between different labels is constrained into the nested-classes
relationship, and consequently avoiding the error from lack of prior in topology
geometry. We train the networks using ADAM with a learning rate 0.0005, and to
regularize the network, we use early stopping on the validation set and dropout in all
residual block before the multi-classes sigmoid function. Overall, the approach,
shown in Table 1 reached the result 84% for complete tumor, 76% for tumor core and
66% for enhancing core.
In BRATS dataset 2018 [9,10]，there are 4 labels, Necrotic core, Edema,
Non-enhancing core and Enhancing core. The dataset contains 4 different modalities
for MRI, native(T1), post-contrast T1-weighted(T1Gd), T2-weighted(T2), and T2
Fluid Attenuated Inversion Recovery(FLAIR) .
The definition of three kinds of evaluation criteria, dice score, sensitivity and
specificity are illustrated as:

Dice coefficient : DC 

2A B

(3)

AB

And





Hausdorff Dis tan ce : H ( A, B)  max min d  A, B 

(4)

And
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TP
TP  FN
TN
Specificity  TNR 
TN  FP

Sensitivity  TPR 

(5)

Table 1.Evaluation result of BraTS 2018

Dice score
Sensitivity
Specificity
Enh Whole Core Enh Whole Core Enh Whole Core
Val 0.70 0.86

0.78

0.79 0.88

0.83

0.99 0.99

0.99

(a)
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(b)

(c)
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(d)
Fig.4. Segmentation result

4. Conclusions
In this paper we introduce the technique of multi-level activation for nested
classes segmentation. The experiment results indicate that the multi-level activation
function and its corresponding loss function are efficient compared with Softmax
output layer based on the same network framework. Finally, the multi-level activation
layer can be straightforwardly generalized to a deeper nesting hierarchy, and also
easily applied into the complex and efficient deep learning network.
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Abstract. Accurate brain tumor segmentation plays a pivotal role in clinical practice and research settings. In this paper, we propose the multi-level up-sampling
network (MU-Net) for automated segmentation of brain tumors, in-cluding necrosis, edema, non-enhancing, and enhancing tumor, in multimod-al magnetic
resonance (MR) sequences. This model has an encoder–decoder structure. In this
model, low level feature maps obtained by the encoder and high level feature
maps obtained by the decoder are combined by using a newly designed global
attention (GA) module. The proposed model has been evaluated on the BraTS
2018 Challenge validation dataset and achieved the Dice similarity coefficients
of 0.87, 0.72 and 0.66 in the segmentation of whole tumor, core tumor and enhancing tumor, respectively. Our results in-dicate that the proposed model has a
promising performance in automated brain tumor segmentation.
Keywords: Magnetic resonance imaging, brain tumor segmentation, encoder–
decoder, multi-level upsampling, global attention

1

Introduction

Shape and localization of brain tumors are crucial for diagnosis, treatment planning
and follow-up observation in clinical, while the manual segmentation of brain tumor in
MRI requires a high degree of skills and concentration, and is time-consuming, expensive and prone to operator bias. Thus, a fully automated and reliable computer-aided
segmentation algorithm is of great advance and significance.
As illustrated by Menze et al. [1], in the last decades, considerable research efforts
have been devoted to this task. However, due to the variable shapes and locations, dif-
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fusion and poor contrast of brain tumors, it remains a challenge to automatically segment brain tumors. In recent years, deep learning techniques have shown their advanced
ability to feature presentation and classification, and hence the mainstream has changed
from traditional machine learning algorithms to deep learning algorithms. Convolutional neural networks (CNNs) learn advanced presentation of images and segment the
image simultaneously, have been widely used in brain tumor segmentation. One stream
is patch-wise network. Zhao et al. [2] proposed a three-convolutional-pathway network,
in which the input patches for three pathways have a size of 48×48, 28×28 and 12×12,
respectively, and concatenated these three outputs for classification. Kamnitsas et al.
[3] extended a 3-D CNN architecture, i.e. DeepMedic, with multi-scale, residual connections and fully connected conditional random field. Hu et al. [4] used a cascaded UNet model and a patch-wise CNN to detect and segment brain tumors. Another stream
is based on fully convolutional networks (FCNs). Pereira et al. [5]employed two UNets - one for the localization of tumors and the other for the segmentation of intratumor structures. Li et al. [6] used three parallel end-to-end networks for three views
and generated the segmentation results using majority voting. Kamnitsas et al. [7]
trained seven end-to-end networks and used ensemble learning to produce segmentation results.
In this work, we propose a FCN called the multi-level upsampling network (MUNet) to segment brain tumor structures, including necrosis, edema and enhancing tumor
from multimodality MRI. The main contributes are: (a) we designed a global attention
module (GA) to combine the low level feature from encoder and high level feature from
decoder ; (b) we designed a multi-level decoding architecture. The proposed algorithm
has been evaluated on the BraTS 2018 Challenge validation dataset and achieved a
promising result.

2

Dataset

The proposed MU-Net model was evaluated on the Brain Tumor Segmentation 2018
(BraTS 2018) Challenge dataset. There are 285 cases for training, including 210 HGG
and 75 LGG cases [8-10]. Each case has four multimodal MR scans, including the T1,
T1c, T2, and FLAIR. All these scans were co-registered to the same anatomical template, interpolated to the same dimension of 240 × 240 × 155 and the same voxel size
of 1.0 ×1.0 ×1.0 mm3, and skull-stripped. Each case has been segmented manually, by
one to four raters, following the same annotation protocol, and their annotations were
approved by experienced neuro-radiologists. Annotations of tumor tissues comprise the
enhancing tumor (ET-label 4), the peritumoral edema (ED-label 2), and the necrotic
and non-enhancing tumor core (NCR/NET-label 1). The validation dataset consists of
66 cases, but their grade and ground truth are unseen.
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3

Methods

3.1

Segmentation Model

The proposed MU-Net model adopts the encoder-decoder structure, consisting of five
convolutional blocks, a spatial pyramid pooling (SPP) module [11], five global attention (GA) modules, and nine upsampling feature (UF) modules. The architecture of this
model is shown in Fig. 1.

Output

Input

UF 6

Block 1

GA

UF 1

Block 2

GA

UF 2

Block 3

GA

UF 3

Block 4

GA

UF 4

Block 5

GA

UF 5

UF 7
UF 8
UF 9

SPP
Fig. 1. Architecture of the proposed MU-Net model

The encoder branch is a variants of ResNet-101. The convolutional layer with 64
7×7 kernels and a stride of 2 in the root block (i.e. Block 1) is replaced with five convolutional layers, each consisting 64 3x3 kernels. The stride of the third convolutional
layer is 2, and the stride of other convolutional layers is 1. Other blocks in this branch
is the same as those in ResNet-101 [12].
Between the encoder and decoder branches, we add a SPP module, in which there
are five parallel operators, including three 3 ×3 dilated convolution with a dilation rate
of 6, 12, and 18, respectively, a 1x1 convolution and a global pooling (see Fig. 2(a)).
The input of the SPP module is processed by these five operators simultaneously, and
feature maps generated by these operators are concatenated as the output of the SPP
module.
The major part of the decoder branch contains five Decode modules (i.e. UF 1 – UF
5), which are designed to recover the size of feature maps. Usually, there are two 3 ×3
convolutions and a bilinear interpolation between them in each UF module (see Fig.
2(c)). However, since there is no down-sampling operation in the encoder block 3-5,
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the interpolation operation is omitted in the UF 5, FU 4, and UF 1 modules such that
the output feature maps have the same size as the input of the MU-Net model. Meanwhile, to combine low-level feature maps and high-level feature maps in the decoding
process, we add five GA modules to the MU-Net model. Each GA module takes two
groups of inputs - low-level feature maps from the corresponding encoder block and
high-level feature maps from the UF module at the previous level. Two 3×3 convolutions are applied to low-level feature maps, respectively. High-level feature maps are
also processed by two operations – one is the global average pooling followed by a 1×1
convolution as, and the other is a 3×3 convolution. The processed high-level feature
maps are then used as the element-wise weighting mask of the processed low-level
feature maps (see Fig. 2(b)). In addition, the output of each of UF 2 - UF 5 are fed
simultaneously to the UF module at the next level. Eventually, the output of the last
extra UF module and the output of UF 1 are concatenated and fed to another UF module
to produce the segmentation results.

Conv 3x3

Low-level
Feature

1x1 Conv

Conv 3x3

C
High-level
Feature

3x3 Conv(r=18)

x

C

Conv 1x1

3x3 Conv(r=12)

Global Pooling

3x3 Conv(r=6)

Conv 3x3

Global pooling

(a)
(b)

UF_out

C

Conv 3x3

Bilinear

Conv 3x3

GAU_out

(c)
Fig. 2. Architecture of modules used in segmentation model. (a) shows the SPP module;(b)
shows GA module; (c) shows the UF module.

3.2

Implementation

With the proposed MU-Net model, brain tumor segmentation can be performed on a
slice-by-slice basis. Hence, the transvers slices in each training data were cropped to
224 × 224, such that the pre-trained ResNet-101 can be used to initialize the encoding
branch. We randomly selected positive slices (with tumor) and negative slices (without
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tumor) at a rate of 5:1. We used the cross entropy as the loss function, and adopted the
adaptive moment estimator (Adam) with an exponentially descending learning rate of
0.001 ~ 0.00001 as the optimizer.

4

Experiments and Results

4.1

Experiments Settings

Following the request of the challenge, four intra-tumor structures have been grouped
into three mutually inclusive tumor regions: (a) whole tumor (WT) that consists of all
tumor tissues, (b) tumor core (TC) that consists of the enhancing tumor and necrotic
and non-enhancing tumor core, and (c) enhancing tumor (ET). The performance of segmenting each tumor region was quantitatively evaluated through an online system by
using three metrics, including the average Dice similarity coefficient, sensitivity and
Hausdorff distance.
4.2

Results

Preliminary results for the BraTS 2018 Training dataset have been obtained by holdout using 75% of the data (228 cases) for training and the remaining 25% for validation
(57 cases). Table 1 show the quantitative evaluation and Figure 3 shows example segmentation results on predicted cases from BraTS 2018 training data. It appears as
though prediction of whole tumor is reasonable, while the intra structures segmentation
are not good enough.
The evaluation of our algorithm’s performance on BraTS 2018 validation set are
presented in Table 2 and Figure 4. We can observe that performance on both the training and validation data are consistent, which indicates that this model generalizes well
to unseen examples.
Table 1. Quantitative result of Validation on BraTS 2018 training Set.

Mean
StdDev
Median
25quantile
75quantile

ET

Dice
WT

TC

Sensitivity
ET
WT
TC

0.61
0.27
0.72
0.50
0.80

0.83
0.11
0.86
0.78
0.90

0.73
0.17
0.77
0.64
0.86

0.83
0.17
0.88
0.80
0.95

0.89
0.09
0.91
0.85
0.96

0.75
0.21
0.82
0.62
0.93

Hausdorf-95
ET
WT
TC
41.48
37.49
41.69
5.12
61.25

47.23
23.49
46.7
30.36
59.84
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Fig. 4. Segmentation examples from the validation set. From top to bottom: the 55th, 57th, and
59th slices from the subject Brats18_TCIA01_147_1. Red - NCR&NET, Blue - ET, Green – ED.

Table 2. Quantitative result on BraTS 2018 validation set.

Mean
StdDev
Median
25quantile
75quantile

ET

Dice
WT

TC

ET

0.66
0.29
0.79
0.54
0.86

0.87
0.11
0.90
0.87
0.92

0.72
0.24
0.80
0.67
0.90

0.63
0.28
0.72
0.49
0.85

Sensitivity
WT
TC
0.84
0.16
0.89
0.82
0.93

0.73
0.25
0.82
0.64
0.90

ET

Hausdorf-95
WT
TC

7.56
14.65
2.24
1.73
6

6.73
9.71
3.61
2.83
6.95
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Fig. 4. Segmentation examples from the validation set. From top to bottom: the 54th, 57th, and
59th slices from the subject Brats18_CBICA_ANK_1. Red - NCR&NET, Blue - ET, Green ED

5

Discussion

5.1

Multi-level Upsampling

To demonstrate the performance improvement resulted from using the GA module, we
trained a similar network but without using multi-level upsampling on the BraTS 2018
training dataset and tested it on the validation dataset. Table 3 gives the performance of
both models measured by the average Dice similarity coefficient, sensitivity, specificity
and Hausdorf-95. It reveals that the dense upsampling connection is able to improve
the performance.
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Table 3. Comparison of model with Dense Upsampling and without Dense Upsampling on
BraTS 2018 validation dataset

With MU
Without MU

6

ET
0.66
0.62

Dice
WT
0.87
0.81

TC
0.72
0.65

Sensitivity
ET WT TC
0.63 0.84 0.73
0.74 0.82 0.67

Hausdorf-95
ET
WT
TC
7.56
6.73
15.74
36.74 44.85 42.26

Conclusion

In this paper, we proposed a novel end-to-end segmentation deep model called MUNet to address the task of segmenting brain tumor and its intra structures from multimodal MRI scans. We designed a module named GA to combine high-level features
and low-level features instead of concatenating them directly. The major part of the
decoder branch contains five UF modules, the outputs of four of these five UF modules
and corresponding GA are fed into the next level decoder branch. This algorithm has
been evaluated on the BraTS 2018 Challenge validation dataset and achieved a Dice
similarity coefficient of 0.87, 0.72 and 0.66 for the segmentation of whole tumor, core
tumor and enhancing tumor, respectively.
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Abstract. In this report, we proposed a novel cascaded V-Net method to segment tumor
substructures in multimodal brain magnetic resonance imaging (MRI). Although V-Net has been
successfully used in many segmentation tasks, we demonstrate that its performance could be further
enhanced by using a cascaded structure. Briefly, we use a V-Net consisting three levels with
encoding and decoding paths and intra- and inter-path skip connections. Focal loss is used to improve
performance on hard samples as well as balance the positive and negative samples. We first use it to
roughly segment the tumor structure. Then the segmentation probability map is used together with
the raw image as input for another round of segmentation. By repeating this 3 times as a cascaded
strategy, the result is further improved. In another hand, we propose to segment the whole tumor
first, and then divide it into the tumor core and enhancing tumor. Experimental results on BraTS
2018 online validation set achieved average Dice scores of 0.8647, 0.8006, 0.7213 for whole tumor,
tumor core and enhancing tumor respectively.

Keywords: Deep Learning, Brain Tumor, Segmentation, V-Net

1

Introduction
Gliomas are the most common brain tumors and comprise about 30 percent of all brain tumors.

They start in the glial cells of the brain or the spine [1]. Gliomas can be further categorized into lowgrade gliomas (LGG) and high-grade gliomas (HGG) according to their pathologic evaluation. LGG are
well-differentiated and tend to exhibit benign tendencies and portend a better prognosis for the patients.
HGG are undifferentiated and tend to exhibit malignant and carry a worse prognosis. With the
development of the Magnetic Resonance Imaging (MRI), multimodal MRI play an important role in
disease diagnosis. Different modalities are sensitive to different tissues. For example, T2-weighted (T2)
and T2 Fluid Attenuation Inversion Recovery (FLAIR) are sensitive to peritumoral edema, and postcontrast T1-weighted (T1Gd) is sensitive to necrotic core and enhancing tumor core. Thus, they can
provide complementary information about gliomas.
Segmentation of brain tumor is an essential technique in disease diagnosis, surgical planning and
prognosis [2]. Automatic segmentation provides quantitative information which is more accurate and has
better reproducibility. Moreover, the automatic classification of brain tumor relies on the results of brain
tumor segmentation. Automatic segmentation likes a powered engine and empower other intelligent
medical application. However, segmentation of brain tumor in multimodal MRI scans is one of the most
challenging tasks in medical imaging analysis due to their highly heterogeneous appearance, and variable
localization, shape and size.
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With the development of deep leaning, state-of-the-art performance for brain tumor segmentation
based on multimodal MRI have been achieved. For example, an end-to-end training using fully
convolutional network (FCN) has a good performance in localization of the tumor, and patch-wise
convolutional neural network (CNN) was used to segment the intra-tumor structure [3]. A cascaded
anisotropic CNN was designed to segment three sub-regions with three Nets, and the segmentation result
from last net was used as receptive field in the next net [4].
Inspired by the cascaded strategy and the good performance of V-Net in segmentation tasks, we
proposed a cascaded V-Net to segment brain tumor into background and three sub-regions. The cascaded
V-Net not only takes advantage of residual connection and using multi-resolution information but also
uses the extra coarse localization to boost the performance.

2

Method

2.1

Dataset and Pre-processing
The data used in experiments come from BraTS 2018 training set and validation set [5, 6, 7, 8]. The

training set include totally 210 HGG patients and 75 LGG patients. The validation set include 66 patients.
Each patient has five image modalities including T1-weighted (T1), T2, T1Gd, FLAIR, and ground truth
label. We used 80 percent of the training data as our training set, other 20 percent of the training data as
our local test set. All data used in the experiments have been pre-processed with a standard procedure.
First, images were bias corrected by using N4 [9]. Second, a histogram matching was applied to all
images with respect to a template image. Finally, we rescaled the image intensity into the range of -1 to
1.
2.2

V-Net Architecture
V-Net was initially proposed to segment prostate by training an end-to-end CNN on MRI [10]. The

architecture of our V-Net is shown in Fig. 1. The left side of V-Net reduces the size of the input by downsampling, and the right side of V-Net recovers the semantic segmentation image which has the same size
with input image by applying de-convolutions. The detailed parameters about V-Net is shown in Table
1. By means of introducing residual function and skip connection, V-Net has a better segmentation
performance compared with classical CNN.
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Fig. 1. The architecture of the V-Net.
Table 1. The detailed parameters about V-Net.
Input

Output

Dimensions

Dimensions

Conv(k=3,p=1,s=1) + BN + ReLU

96*96*96*4

96*96*96*16

Conv(k=2,p=0,s=2)+ BN + ReLU

96*96*96*16

48*48*48*32

Conv(k=3,p=1,s=1) + BN

48*48*48*32

48*48*48*32

(input+output) + ReLU

48*48*48*32

48*48*48*32

Conv(k=2,p=0,s=2) + BN + ReLU

48*48*48*32

24*24*24*64

Conv Block * 2

24*24*24*64

24*24*24*64

(input+output) + ReLU

24*24*24*64

24*24*24*64

Conv(k=2,p=0,s=2) + BN + ReLU

24*24*24*64

12*12*12*128

Conv Block * 3

12*12*12*128

12*12*12*128

(input+output) + ReLU

12*12*12*128

12*12*12*128

12*12*12*128

6*6*6*256

Conv Block * 3

6*6*6*256

6*6*6*256

(input+output) + ReLU

6*6*6*256

6*6*6*256

6*6*6*256

12*12*12*128

Cat(output, skip)

12*12*12*128

12*12*12*256

Conv Block * 3

12*12*12*256

12*12*12*256

(input+output) + ReLU

12*12*12*256

12*12*12*256

12*12*12*256

24*24*24*64

Cat(output+skip)

24*24*24*64

24*24*24*128

Conv Block * 3

24*24*24*128

24*24*24*128

(input+output) + ReLU

24*24*24*128

24*24*24*128

Blocks
Input Block

Sub-blocks or layers

Down Block 1
Residual Block

Down Block 2
Residual Block

Down Block 3
Residual Block

Conv(k=2,p=0,s=2) + BN + ReLU
Down Block4
Residual Block
Conv(k=2,p=0,s=2) + BN + ReLU
Up Block 1
Residual Block

Conv(k=2,p=0,s=2) + BN + ReLU
Up Block 2
Residual Block
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Conv(k=2,p=0,s=2) + BN + ReLU

24*24*24*128

48*48*48*32

Cat(output+skip)

48*48*48*32

48*48*48*64

Conv(k=3,p=1,s=1) + BN + ReLU

48*48*48*64

48*48*48*64

Conv(k=3,p=1,s=1)+BN

48*48*48*64

48*48*48*64

(input+output) + ReLU

48*48*48*64

48*48*48*64

48*48*48*64

96*96*96*16

Cat(output+skip)

96*96*96*16

96*96*96*32

Conv(k=3,p=1,s=1) + BN

96*96*96*32

96*96*96*32

(input+output) + ReLU

96*96*96*32

96*96*96*32

Conv(k=1,p=0,s=1) + BN + ReLU

96*96*96*32

96*96*96*4

Softmax

96*96*96*4

96*96*96*1

Up Block 3
Residual Block

Conv(k=2,p=0,s=2) + BN + ReLU
Up Block 4
Residual Block

Out Block

Note: Each Conv Block contains three convolution layers: Conv1(k=1, p=0, s=1), Conv2(k=3, p=1, s=1),
and Conv3(k=1, p=0, s=1). k, kernel size; p, padding; s, stride.
2.3

Proposed Cascaded V-Net Framework
Although V-Net performs well in segmentation tasks, its performance may be further improved if

we can provide extra information, such as coarse localization. Therefore, we propose a cascaded V-Net
for tumor segmentation. Briefly, we 1) use a V-Net for the brain whole tumor segmentation; 2) another
V-Net to further divide the tumor region into three substructures, e.g., tumor necrosis, edema, and
enhancing tumor. Note that the coarse segmentation of whole tumor in the last V-Net is also used a part
of input to boost the performance; and 3) the third V-Net to refine the segmentation result by using the
image input together with the segmentation probability maps from the last step. Detailed steps are as
follows.
The proposed framework is shown in Fig. 2. There are three networks to segment substructure of
brain tumors sequentially. The first network (V-Net 1) is designed to segment the whole tumor. V-Net 1
uses four modality MR images as inputs, and outputs the mask of whole tumor (WT). The second network
(V-Net 2) is designed to segment the brain tumor into three sub-regions: whole tumor (WT), tumor core
(TC) and enhancing tumor (ET). V-Net 2 uses four modality MR images and the mask of WT as inputs,
and outputs the segmented mask with three labels. The third network (V-Net 3) is designed to obtain
more accurate results about the three sub-regions of brain tumor. V-Net 3 uses four modality MR images
and the labeled mask as inputs and outputs the final accurate segmentation results. The cascaded V-Net
take advantage of combining extra coarse localization information or segmentation information, and
multimodal MR imaging to obtain more accurate segmentation results.
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Fig. 2. The proposed cascaded framework for brain segmentation.

Network implementation.
Our cascaded V-Net was implemented in the deep learning framework PyTorch. In our network,
we initialized weight with kaiming initialization [11], and used focal loss [12] as loss function. Adaptive
Moment Estimation (Adam) [13] was used as optimizer with learning rate 0.001, batch size 8.
2.4

Post-processing
The predicted segmentation results were post-processed using connected component analysis. We

consider that the isolated segmentation labels with small size are prone to artifacts and thus remove them.
After the V-Net 1, the components with total voxel number below a threshold (T=15000) were discarded
in the binary whole tumor map. After the V-Net 2, a mask of different labels was used in the connected
component analysis. Moreover, if all the connected components were less than 15000 voxels, we will
retain the largest connected component.

3

Experimental Results

3.1

Segmentation results on local test set
We used 20 percent of the training data as our local test set. The local test set include 42 HGG

patients and 15 LGG patients. Some of the segmentation results are shown in Fig. 3. The segmentation
of whole tumor achieved best results with average dice score 0.8505. And the segmentation of enhancing
tumor seems not good enough. Moreover, in order to evaluate the preliminary experimental results, we
calculated the average dice scores, sensitivity and specificity for whole tumor, tumor core and enhancing
tumor respectively. The results are shown in Table 2.
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Fig. 3. The comparison of segmentation results and ground truth on four cases from local test set.
Table 2. Segmentation accuracy evaluation on local test set.

3.2

Whole Tumor

Tumor Core

Enhancing Tumor

Dice mean ± SD

0.8505 ±0.0972

0.7842 ±0.1919

0.7426 ±0.2080

Sensitivity mean ±SD

0.9180±0.1091

0.7596±0.2199

0.7174±0.2337

Specificity mean ±SD

0.9981±0.0012

0.9996±0.0008

0.9997±0.0003

Segmentation results on MICCAI BraTS 2018 validation set
The segmentation results on BraTS 2018 online validation set achieved average dice scores of

0.8647, 0.8006, 0.7213 for whole tumor, tumor core and enhancing tumor respectively. Interestingly, the
average dice scores of whole tumor and tumor core are bigger than that in local test set. And they have
the same tendency with that in local test set. The segmentation of whole tumor performed best while the
segmentaion of enhancing tumor core performed worst. The details are shown in Table 3.
Table 3. Segmentation accuracy evaluation on BraTS 2018 validation set.

Whole Tumor

Tumor Core

Enhancing Tumor

Dice mean ± SD

0.8647 ±0.1238

0.8006 ±0.2231

0.7213 ±0.2633

Sensitivity mean ±SD

0.9419 ±0.1301

0.7987 ±0.2363

0.7522 ±0.2316

Specificity mean ±SD

0.9870 ±0.0091

0.9974 ±0.0029

0.9983 ±0.0026

Hausdorff95 mean ±SD

8.3350 ±12.3272

7.4854 ±9.1365

4.4946 ±7.5252
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4

Discussion
We found three interesting points in the preliminary experiment. Firstly, we used two kinds of pre-

processing method to process the training data and the validation data and compared their segmentation
results. Except the method proposed in the method part, we also normalize the images by subtracting the
mean and dividing by the standard deviation of the brain region. As a result, there is almost no different
in the two average dice scores for whole tumor, tumor core and enhancing tumor respectively.
Secondly, according to the evaluation results, our model performs better in online validation set
than that in our local test set. The reason might be that we didn’t do ten-fold cross validation. So the
results are not generalizable enough.
Thirdly, the post-processing method is so important that it will make the average dices increase or
decrease obviously. If the threshold is big, some of small cluster will be discarded improperly. If the
threshold is small, some false positive results will be kept incorrectly. In order to have a better
performance, wo test lots of thresholds and choose the best one. However, this threshold may not be
suitable for other models. All in all, the threshold used in component connected analysis is important to
have a better performance.

5

Conclusions
In conclusion, we proposed a cascaded V-Net to segment brain tumor into background and three

sub-regions of brain tumor. The experimental results on BraTS 2018 online validation set achieved
average Dice scores of 0.8647, 0.8006, 0.7213 for whole tumor, tumor core and enhancing tumor
respectively.
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Pre and Post Processing Techniques for Brain
Tumor Segmentation
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Abstract. Over the past few years, deep learning convolutional networks such as U-Net [1], ResNet [2] and Fully-Convolutional Networks
(FCNs) [3] have been consistently used to obtain state-of-art performances for the task of semantic segmentation on MRI and CT images.
Pre-processing and Post-processing methods, however, are often overlooked in favor of deeper or different deep learning network architectures.
Pre-processing and post-processing methods can provide additional information and increased information density which can help improve
the predictions of a deep learning network resulting in enhanced performance overall. This paper explores different methods of pre-processing
and post-processing the data to augment a U-Net architecture. To train
the algorithms we use the data sets of the Brain Tumor Segmentation
challenge (BraTS) 2018 competition [4, 5, 9, 10].
Keywords: Pre-Processing · Post-Processing · Brain Tumor · Semantic
Segmentation · U-Net · Deep Learning

1

Introduction

Gliomas are a type of tumor that can occur in the human brain and spinal cord.
While they are the most common of brain malignancies - making their identification an important task - their heterogeneity in appearance and shape has
made their identification one of the most challenging tasks in medical imaging.
Over the past several years, the literature on computational algorithms developed for these tasks has focused on using deep learning architectures. Networks
such as U-Net [1] and DeepMedic [6] and ensembles thereof have shown consistent and robust performance on tasks like semantic segmentation. Due to the
nature of Deep Learning, pre-processing and post-processing of data are often
given lower priority over the development of newer or deeper model architectures.
This work presents different processing techniques used in conjunction with
a U-Net model architecture trained for the task of semantic segmentation. The
work uses data obtained from multi-institutional pre-operative MRI scans made
available as part of BraTS 2018. Further, the work leverages BraTS evaluation
tools to analyze the performance of the proposed methods.
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2

2
2.1

Vivek H.V.

Methods
Pre-Processing

Asymmetry Masks: As noted in the work by [7], symmetry in axial view is
an important indicator for brain tumor segmentation as tumors usually break
symmetric appearance of a healthy brain. Building on the work proposed in [8]
and [7], asymmetry-based masks are generated from the FLAIR modalities. A
Gaussian filter is used to remove noise from the masks.
To increase the probability of detecting tumors using this technique, the
image is first transposed and added to the original image. To determine the
correct threshold value, the asymmetry is then compared along the axial view.
The masks generated were able to detect large tumors that cause asymmetry
in axial or median views. The masks, however, perform poorly in cases where
the tumor is very close to the center of the image modality since these do
not contribute to asymmetry in the image. These asymmetry-masks are then
encoded into the U-Net as an extra modality of the input data.
Threshold Masks: Using asymmetry-masks as the bounds of whole tumors,
further masks are generated using thresholding on T1CE and T2 images. A
Gaussian filter is used to remove noise from the masks. These masks can detect
large tumor-cores and enhancing tumors in T1CE and T2 modalities respectively.
Similar to the asymmetry-based masks, these are then fed into the U-Net as extra
modalities.
Standardization and Normalization The images in all modalities are standardized with a mean of 0 and a standard deviation of 1. The image is then
normalized to [0, 1].
2.2

Pipeline

Patching The BraTS dataset offers four modalities: FLAIR, T1, T2 and T1CE.
Each image in all modalities is of size 240x240 pixels. For the purpose of training
in a limited memory environment, every slice is padded with zeros to 288x288
before being divided into 9 patches each of size 96x96 pixels.
Data Trimming From the dataset thus generated, all patches with low information density (empty FLAIR modality patches were used to determine information density) were removed. Further, data points without a tumor were
randomly discarded with a probability of 0.5 to balance the dataset.
Data Augmentation The data is then augmented by transposing, flipping and
rotating the images of each modality (8x).
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3

Multi-Scale: The DeepMedic [6] algorithm used multi-scale patches to feed its
model architecture. A similar approach is used in this work where patches of size
144x144 are re-scaled to 96x96 and added to the input pipeline.
2.3

Training

Data Split The BraTS 2018 dataset consisted of 285 cases divided into 210
cases of High-Grade Glioma and 75 cases of Low-Grade Glioma. The dataset
was divided into 29 test cases and the remaining 256 cases were further divided
into 90% training and 10% validation sets.
U-Net: A 2D U-Net is used for training in the semantic segmentation task. The
U-Net architecture is 10 layers deep. The input is of shape (n x 96 x 96 x 11).
The 11 channels are 96x96 patches of : FLAIR, FLAIR-Scaled, T1, T1 Scaled,
T2, T2 Scaled, T1CE, T1CE Scaled, FLAIR Asymmetry Mask, T2-Threshold
Mask and T1CE-Threshold Mask.
Training Parameters Three different networks are trained - one each for
Whole Tumor (all labels), Tumor Core (labels 1 and label 4) and Enhancing
Tumor (label 4 only). All networks use the same input dataset. The models are
optimized using the Adam optimizer (starting learning rate = 0.0001) with a
decreasing learning rate (factor 0.25 with patience of 5 epochs) for 50 epochs.
2.4

Post-Processing

The results from the three networks are combined to obtain final predicted masks
of 240x240 pixels. For every patient, the following post-processing techniques are
used to further obtain better results on the validation set:
– The slice with the largest tumor area is determined for each patient. Using
this as a baseline, all other predicted tumors which have an area lesser than
50 pixels or which reside outside the contour determined by the largest tumor
are removed.
– Using “Whole Tumor” predictions, the predicted “Tumor Core” regions
bounded within the contour of the “Whole Tumor”. This removes artifacts
from the predicted “Tumor Core” regions. The same technique is employed
to bound “Enhancing Tumor” predictions within the “Tumor Core” regions.

3

Results

The BraTS 2018 evaluation too is used to evaluate the performance of the methods described in this work.
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3.1

Vivek H.V.

Local Test Set

The performance of the proposed pipeline on the local test set (n=29) in given
in Table 1. Figure 1 provides an example of performance of the network on a
slice in the local test set where dice score achieved was greater 0.9. Figure 2 an
example of performance of the network on a slice in the local test set where dice
score achieved was less than 0.7.

Table 1: Table captions should be placed above the tables.
Whole Tumor Tumor Core Enhancing Tumor
0.8744
0.7182
0.6662
0.0721
0.1504
0.1661
0.8933
0.7533
0.7185

Mean
Standard Deviation
Median

(a) FLAIR

(b) T1

(e) Ground Truth

(c) T1CE

(d) T2

(f) Predicted

Fig. 1: Performance of the network on a slice in the Local test set (Dice
Score>0.9)
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(a) FLAIR

(b) T1

(e) Ground Truth

(c) T1CE

5

(d) T2

(f) Predicted

Fig. 2: Performance of the network on a slice in the Local test set (Dice
Score<0.7)
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3.2

Vivek H.V.

BraTS Validation Set

The performance of the proposed pipeline on the BraTS 2018 validation set
(n=66) in given in Table 2. Figure 3 provides an example of performance of the
network on a slice in the BraTS validation set where dice score achieved was
greater 0.9. Figure 4 an example of performance of the network on a slice in the
BraTS validation set where dice score achieved was less than 0.7.

Table 2: Table captions should be placed above the tables.
Mean
Standard Deviation
Median

(a) FLAIR

Whole Tumor Tumor Core Enhancing Tumor
0.8819
0.6485
0.5679
0.0720
0.2233
0.2747
0.9001
0.7284
0.6297

(b) T1

(c) T1CE

(d) T2

(e) Predicted

Fig. 3: Performance of the network on a slice in the BraTS validation set (Dice
Score>0.9)
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(a) FLAIR

(b) T1

(c) T1CE

7

(d) T2

(e) Predicted

Fig. 4: Performance of the network on a slice in the BraTS validation set (Dice
Score<0.7)
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Vivek H.V.

4

Discussion

– It should also be noted that the poor performance on “Tumor Core” and
“Enhancing Tumor” doesn’t align with the performance of “Whole Tumor”
model. Future work will focus on improving the performance of the “Tumor
Core” and “Enhancing Tumor” models.
– While the proposed methods in this paper show good results on “Whole
Tumor”, further research is necessary to quantify the impact of each of the
methods proposed for pre-processing and post processing.
– The training was first conducted using patches of size 64x64 pixels. The
performance was seen to be lower than the models using 96x96 patches. In
future work, the impact of patch size and the techniques proposed in this
paper will be quantified.
– This work uses a 2D U-Net architecture. It has been seen that 3D U-Nets
consistently perform better than 2D counterparts. Future experiments will
expand on the work using 3D Deep Learning architectures.

5

Conclusion

In this paper, the author proposes different pre-processing and post-processing
techniques that accompany Deep Learning models trained for semantic segmentation.
– Asymmetry-based techniques were used to generate region-of-interest masks
– Thresholding-based techniques were used to generate region-of-interest masks
– Multi-Scale images were generated to increase information for deep learning
algorithms
– A U-Net was used for the deep learning part of the pipeline which was fed
using the aforementioned techniques
– Simple size and location-based post-processing techniques were used to improve predictions generated by the U-Net
The pre-processing and post-processing techniques proposed in this paper can
help augment the deep learning pipeline that has become the de-facto tool for
semantic segmentation in medical imaging. However, further work is necessary to
determine the impact of pre-processing and post-processing. The author plans
to conduct future work in the following areas: 1. Improve performance of the
“Tumor Core” and “Enhancing Tumor” regions. 2. Quantify the contribution
of each of the pre-processing and post-processing steps and compare them to
a baseline U-Net model 3. Use 3D deep learning architecture and compare the
performance of the methods proposed in this paper
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Abstract. In this paper we demonstrate the effectiveness of a well
trained U-Net in the context of the BraTS 2018 challenge. This endeavour is particularly interesting given that researchers are currently besting
each other with architectural modifications that are intended to improve
the segmentation performance. We instead focus on the training process,
argue that a well trained U-Net is hard to beat and intend to back up
this assumption with a strong participation in this years BraTS challenge. Our baseline U-Net, which has only minor modifications and is
trained with a large patch size and a dice loss function already achieves
competitive dice scores on the BraTS2018 validation data. By incorporating region based training, additional training data and a simple
postprocessing technique, we obtain dice scores of 81.01, 90.83 and 85.44
and Hausdorff Distances (95th percentile) of 2.54, 4.97 and 7.04 for the
enhancing tumor, whole tumor and tumor core, respectively.
Keywords: CNN, Brain Tumor, Glioblastoma, U-Net, dice loss

1

Introduction

Quantitative assessment of brain tumors provides valuable information and therefore constitutes an essential part of diagnostic procedures. Automatic segmentation is attractive in this context, as it allows for faster, more objective and
potentially more accurate description of relevant tumor parameters, such as the
volume of its subregions. Due to the irregular nature of tumors, however, the
development of algorithms capable of automatic segmentation remains challenging.
The brain tumor segmentation challenge (BraTS) [1] aims at encouraging the
development of state of the art methods for tumor segmentation by providing
a large dataset of annotated low grade gliomas (LGG) and high grade glioblastomas (HGG). The BraTS 2018 training dataset, which consists of 210 HGG and
75 LGG cases, was annotated manually by one to four raters and all segmentations were approved by expert raters [2,3,4]. For each patient a T1 weighted,
a post-contrast T1-weighted, a T2-weighted and a FLAIR MRI was provided.
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The MRI originate from 19 institutions and were acquired with different protocols, magnetic field strengths and MRI scanners. Each tumor was segmented
into edema, necrosis and non-enhancing tumor and active/enhancing tumor.
The segmentation performance of participating algorithms is measured based
on the DICE coefficient, sensitivity, specificity and 95th percentile of Hausdorff
distance.
It is unchallenged by now that convolutional neural networks (CNNs) dictate
the state of the art in biomedical image segmentation [5,6,7,8,9,10]. As a consequence, all winning contributions to recent BraTS challenges were exclusively
build around CNNs. One of the first notably successful neural network for brain
tumor segmentation was DeepMedic, a 3D CNN introduced by Kamnitsas et
al. [5]. It comprises a low and a high resolution pathway that capture semantic
information at different scales and recombines them to predict a segmentation
based on precise local as well as global image information. Kamnitsas et al. later
enhanced their architectures with residual connections for BraTS 2016 [11]. With
the success of encoder-decoder architectures for semantic segmentation, such as
FCN [12,13] and most notably the U-Net [14], it is unsurprising that these architectures are used in the context of brain tumor segmentation as well. In BraTS
2017, all winning contributions were at least partially based on encoder-decoder
networks. Kamnitsas et al. [9], who were the clear winner of the challenge, created
an ensemble by combining three different network architectures, namely 3D FCN
[12], 3D U-Net [15,14] and DeepMedic [5], trained with different loss functions
(dice loss [16,17] and crossentropy) and different normalization schemes. Wang
et al. [10] used a FCN inspired architecture, enhanced with dilated convolutions
[13] and residual connections [18]. Instead of directly learning to predict the regions of interest, they trained a cascade of networks that would first segment the
whole tumor, then given the whole tumor the tumor core and finally given the
tumor core the enhancing tumor. Isensee et al. [6] employed a U-Net inspired
architecture that was trained on large input patches to allow the network to
capture as much contextual information as possible. This architecture made use
of residual connections [18] in the encoder only, while keeping the decoder part
of the network as simple as possible. The network was trained with a multiclass
dice loss and deep supervision to improve the gradient flow.
Recently, a growing number of architectural modifications to encoder-decoder
networks have been proposed that are designed to improve the performance of
the networks for their specific tasks [17,19,20,21,10,6,22,7]. Due to the sheer
number of such variants, it becomes increasingly difficult for researchers to keep
track of which modifications extend their usefulness over the few datasets they
are typically demonstrated on. We have implemented a number of these variants
and found that they provide no additional benefit if integrated into a well trained
U-Net. In this context, our contribution to the BraTS 2018 challenge is intended
to demonstrate that such a U-Net, without using significant architectural alterations, is capable of generating competitive state of the art segmentations.
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2

Methods

In the following we present the network architecture and training schemes used
for our submission. As hinted in the previous paragraph, we will use a 3D U-Net
architecture that is very close to its original publication [15] and optimize the
training procedure to maximize its performance on the BraTS 2018 training and
validation data.
2.1

Preprocessing

With MRI intensity values being non standardized, normalization is critical to
allow for data from different institutes, scanners and acquired with varying protocols to be processed by one single algorithm. This is particularly true for neural
networks where imaging modalities are typically treated as color channels. Here
we need to ensure that the value ranges match not only between patients but
between the modalities as well in order to avoid initial biases of the network. We
found the following workflow to work well. We normalize each modality of each
patient independently by subtracting the mean and dividing by the standard
deviation of the brain region. The region outside the brain is set to 0.
2.2

Network architecture

U-Net [14] is a successful encoder-decoder network that has received a lot of
attention in the recent years. Its encoder part works similarly to a traditional
classification CNN in that it successively aggregates semantic information at the
expense of reduced spatial information. Since in segmentation, both semantic as
well as spatial information are crucial for the success of a network, the missing
spatial information must somehow be recovered. U-Net does this through the
decoder, which receives semantic information from the bottom of the ’U’ (refer
to Fig. 1) and recombines it with higher resolution feature maps obtained directly
from the encoder through skip connections. Unlike other segmentation networks,
such as FCN [12] and previous iterations of DeepLab [13] this allows U-Net to
segment fine structures particularly well.
Our network architecture is an instantiation of the 3D U-Net [15] with minor
modifications. Following our successful participation in 2017 [6], we stick with
our design choice to process patches of size 128x128x128 with a batch size of two.
Due to the high memory consumption of 3D convolutions with large patch sizes,
we implemented our network carefully to still allow for an adequate number of
feature maps. By reducing the number of filters right before upsampling and
by using inplace operations whenever possible, this results in a network with 30
feature channels at the highest resolution, which is nearly double the number we
could train with in our previous model (on a 12 GB NVIDIA Titan X GPU).
Due to our choice of loss function, traditional ReLU activation functions did not
reliably produce the desired results, which is why we replaced them with leaky
ReLUs (leakiness 10−2 ) throughout the entire network. With a small batch size
of 2, the exponential moving averages of mean and variance within a batch
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Fig. 1. We use a 3D U-Net architecture with minor modifications. It instance normalization [23] and leaky ReLU nonlinearities and reduces the number of feature maps
before upsampling. Feature map dimensionality is noted next to the convolutional
blocks, with the first number being the number of feature channels.

learned by batch normalization [24] are unstable and do not reflect the feature
map activations at test time very well. We found instance normalization [23]
to provide more consistent results and therefore used it to normalize all feature
map activations (between convolution and nonlinearity). For an overview over
our segmentation architecture, please refer to Fig. 1.

2.3

Training Procedure

Our network architecture is trained with randomly sampled patches of size
128x128x128 voxels and batch size 2. We refer to an epoch as an iteration over
250 batches and train for a maximum of 500 epochs. The training is terminated
early if the exponential moving average of the validation loss (α = 0.95) has
not improved within the last 60 epochs. Training is done using the ADAM optimizer with an initial learning rate lrinit = 1 · 10−4 , which is reduced by factor
5 whenever the above mentioned moving average of the validation loss has not
improved in the last 30 epochs. We regularize with a l2 weight decay of 10−5 .
One of the main challenges with brain tumor segmentation is the class imbalance in the dataset. While networks will train with crossentropy loss function,
the resulting segmentations may not be ideal in the sense of the dice score they
obtain. Since the dice scores is one of the most important metrics based upon
which contributions are ranked, it is imperative to optimize this metric. We
achieve that by using a soft dice loss for the training of our network. While several formulations of the dice loss exist in the literature [25,16,17], we prefer to use
a multi-class adaptation of [16] which has given us good results in segmentation
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challenges in the past [8,6]. This multiclass Dice loss function is differentiable
and can be easily integrated into deep learning frameworks:
Ldc = −

P k k
u v
2 X
P ki i Pi k
|K|
+
u
i vi
i i
k∈K

(1)

where u is the softmax output of the network and v is a one hot encoding
of the ground truth segmentation map. Both u and v have shape i by c with i
being the number of pixels in the training patch and k ∈ K being the classes.
When training large neural networks from limited training data, special care
has to be taken to prevent overfitting. We address this problem by utilizing
a large variety of data augmentation techniques. The following augmentation
techniques were applied on the fly during training: random rotations, random
scaling, random elastic deformations, gamma correction augmentation and mirroring. Data augmentation was done with our own in-house framework which is
publically available at https://github.com/MIC-DKFZ/batchgenerators.
The fully convolutional nature of our network allows to process arbitrarily
sized inputs. At test time we therefore segment an entire patient at once, alleviating problems that may arise when computing the segmentation in tiles with
a network that has padded convolutions. We furthermore use test time data
augmentation by mirroring the images and averaging the softmax outputs.
2.4

Region based prediction

Wang et al. [10] use a cascade of CNNs to segment first the whole tumor, then
the tumor core and finally the enhancing tumor. We believe the cascade and
their rather complicated network architecture to be of lesser importance, but the
fact that they did not learn the labels (enhancing tumor, edema, necrosis) but
instead optimized the regions that are finally evaluated in the challenge directly
to be key to their good performance in last years challenge. For this reason we
will also train a version of our model where we replace the final softmax with a
sigmoid and optimize the three (overlapping) regions (whole tumor, tumor core
and enhancong tumor) directly with the dice loss.
2.5

Cotraining

285 training cases is a lot for medical image segmentation, but may still not
be enough to prevent overfitting entirely. We therefore also experiment with
cotraining on institutional data. Since the label definitions between the BraTS
dataset and our own differ slightly, we add a second segmentation layer (1x1x1
convolution) at the end, which acts as a supervised version of m heads [26]. During training, the BraTS segmentation layer only receives gradients from BraTS
examples and the other segmentation layer is trained only on institutional data.
The losses of both layers are averages to obtain the total loss of a minibatch.
The rest of the network weights are shared.
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2.6

Postprocessing

One of the most challenging parts in the BraTS challenge data is distinguishing
small blood vessels in the tumor core region (that must be labeled either as edema
of as necrosis) from enhancing tumor. Since this is particularly detrimental for
LGG patients that may have no enhancing tumor at all we replace all enhancing
tumor voxels with necrosis if less than 500 enhancing tumor voxels are present
in a patient.

3

Experiments and Results

We designed our training scheme by running a five fold cross-validation on the
285 training cases of BraTS 2018. Training set results are summarized in Table 3,
validation set results can be found in table 2. Validation set results were obtained
by using the five networks from the training cross-validation as an ensemble. For
consistency with other publications, all reported values were computed by the
online evaluation platform (https://ipp.cbica.upenn.edu/).
Due to the relatively small size of the validation set (66 cases vs 285 training
cases) we base our main analysis on the cross-validation results. We are confident
that conclusions drawn from the training set are more robust and will generalize
well to the test set. The vast majority of observations we draw from the training
set translate into the validation set as well.

baseline
baseline
baseline
baseline
baseline
baseline

+
+
+
+
+

enh.
73.43
postprocess
77.11
regions
73.81
regions + postprocess
77.82
regions + cotraining
74.62
regions + cotraining + postprocess 77.17

Dice
whole
89.76
89.76
90.02
90.02
90.08
90.08

core
82.17
82.17
82.87
82.87
84.30
84.30

enh.
4.88
3.99
5.01
3.93
4.68
3.68

HD95
whole
5.86
5.86
6.26
6.26
5.61
5.61

core
7.11
7.11
6.48
6.48
6.00
6.00

Table 1. Results on BraTS 2018 training data (285 cases). All results were obtained
by running a five fold cross-validation. Metrics were computed by the online evaluation
platform.

We refer to our U-Net trained on the BraTS labels and training data as
baseline. With Dice scores of 73.43/89.76/82.17 (enh/whole/core) on the training set and 79.59/90.80/84.32 (enh/whole/core) on the validation set this baseline model is by itself already strong. Adding region based training (regions)
improved the dice scores of both the enhancing tumor as well as the tumor
core. When training with our institutional data (cotraining), we gain an additional dice point on enhancing tumor and tumor core. Our postprocessing,
which is targeted at fixing false positive enhancing tumor predictions in LGG
patients has a substantial impact on enhancing tumor dice. On the training
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baseline
baseline
baseline
baseline
baseline
baseline

+
+
+
+
+

enh.
79.59
postprocess
80.36
regions
79.25
regions + postprocess
80.48
regions + cotraining
80.45
regions + cotraining + postprocess 81.01

Dice
whole
90.80
90.80
90.72
90.72
90.83
90.83

core
84.32
84.32
85.14
85.14
85.44
85.44

enh.
3.12
2.55
3.80
2.81
3.12
2.54

HD95
whole
4.79
4.79
5.23
5.23
4.97
4.97

core
8.02
8.02
7.23
7.23
7.04
7.04

Table 2. Results on BraTS2018 validation data (66 cases). Results were obtained by
using the five models from the training set cross-validation as an ensemble. Metrics
were computed by the online evaluation platform.

set it increases the mean dice by up to 4.01 points (baseline+regions vs baseline+regions+postprocess). However, its impact on the best performing model is
less pronounced, resulting in only an increase of 2.55 dice points (baseline+ regions+cotraining+postprocess on train set). This is most likely due to an increase
in segmentation quality which partly removes the neccessity for postprocessing.
Especially the inclusion of institutional data seems to have resolved many false
positives in LGG patients by itself. Comparing baseline+regions+postprocess
vs baseline+regions+cotraining+postprocess we notice that training with additional training data only yiels marginal improvements. In the training data,
inclusing institutional data reduced the enh. tumor dice scores by 0.65 but increased the tumor core dice by 1.43. On the validation set, the impact of our
postprocessing is lower, yielding only a minor improvement on in dice score
(0.56) for our best model. We believe this is caused by a discrepancy in data
distribution between the training and validation set resulting in the validation
set having relatively few patients with no enhancing tumor label. With enhancing tumor dice scores on the test set being generally lower than validation and
training set scores for almost all participants in recent BraTS challenges, we
believe the test set to contain many LGG cases without enhancing tumor label
therefore our postprocessing to be a promising approach to maximize our dice
scores.
Figure 2 shows a qualitative example generated from our best performing
model. The patient shown is taken from the validation set (CBICA AZA 1). As
can be seen in the middle (t1ce), there are several blood vessels close to the enhancing tumor. Segmentation CNNs typically struggle to correctly differentiate
between such vessels and actual enhancing tumor. This is most likely due to a)
a difficulty in detecting tube-like structures b) few training cases where these
vessels are an issue c) the use of dice loss functions that does not sufficiently
penalize false segmentations of vessels due to their relatively small size. In the
case shown here, our model correctly segmented the vessels as background.
Finally we compare our best model (baseline+regions+cotraining+ postprocess) with other entries in the validation leaderboard https://www.cbica.upenn.edu/
BraTS18/lboardValidation.html (accessed on July 14th 2018, see Table 3).
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Fig. 2. Qualitative results. The case shown here is patient CBICA AZA 1 from the
validation set. Left: flair, middle: t1ce, right: our segmentation. Enhancing tumor is
shown in yellow, necrosis in turquoise and edema in violet.

enh.
xuhuaren
83.70
SCAN
79.65
ETS livia
79.26
NVDLMED 82.33
MIC-DKFZ 81.01

Dice
whole
90.76
90.01
90.29
91.00
90.83

core
87.40
85.13
85.42
86.68
85.44

enh.
3.35
3.60
3.32
3.92
2.54

HD95
whole
5.20
4.41
5.38
4.52
4.97

core
5.55
5.58
6.59
6.85
7.04

Table 3. Comparison with other teams (validation leaderboard).

4

Discussion

In this paper we demonstrated that a generic U-Net architecture that has only
minor modifications can obtain very competitive segmentation, if trained correctly. Our baseline model is already strong on the BraTS 2018 validation data
with dice scores of 79.59, 90.80 and 84.32 for enhancing tumor, whole tumor and
tumor core, respectively. Using region based training improved results for the
tumor core by about one dice point. Additional training data yielded some improvements for the enhancing tumor dice. Our simple postprocessing technique
of removing enhancing tumor entirely from a patient if the total number of predicted enhancing tumor voxels was below 500 proved to be effective. Overall our
current best model achieves dice scores 81.01, 90.83 and 85.44 and 95th percentiles of Hausdorff Distance of 2.54, 4.97 and 7.04 for enhancing tumor, whole
tumor and tumor core, respectively. We will continue to improve our model until
the release of the testing data and look forward to test our model on new, unseen
patients.
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Abstract. Segmentation of Brain tumor from magnetic resonance imaging (MRI) is a vital process to improve diagnosis, treatment planning and
to study the difference between subjects with tumor and healthy subjects. In this paper, we exploit a convolutional neural network (CNN)
with hypercolumn technique to segment tumor from healthy brain tissue. Hypercolumn is the concatenation of a set of vectors which form by
extracting convolutional features from multiple layers. Proposed model
integrates batch normalization (BN) approach with hypercolumn. BN
layers help to alleviate the internal covariate shift during stochastic gradient descent (SGD) training by zero-mean and unit variance of each
mini-batch. Our model achieves a mean dice score of 88.50%, 80.16%
and 75.68% of whole tumor, tumor core and enhancing tumor respectively in segmentation task and 67.9% in overall survival prediction task
with the validation set of BraTS 2018 challenge.
Keywords: Brain Tumor Segmentation, Glioma, Convolutional Neural
Network, Hypercolumn, PixelNet, Magnetic Resonance Imaging, Survival Prediction

1

Introduction

Gliomas are the most frequent brain tumor with the highest mortality rate which
develops from glial cell [6]. Early detection, accurate segmentation and estimation of the relative volume are very crucial for overall survival (OS) prediction,
treatment and surgical planning. In addition, manual segmentation of tumor
tissue is tedious, time consuming and required strongly supervised by a human expert. It is also prone to inter and intra-rater variability. So it is highly
necessary to develop automatic segmentation system to diagnose and estimate
the volume, size, shape and location of the tumor. In recent years, the success
of deep learning is huge as it shows state of art performance in the applications of segmentation, classification, regression and detection. Khan et al. [8]
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Fig. 1. Batch Normalized PixelNet Architecture.

exploits convolutional neural network (CNN) for glioma segmentation and extracts handcrafted features like histogram, co-occurrence matrix, neighbourhood
gray tone difference, run length, volume and areas to predict OS using random
forest regression model. Alain et al. [12] use the residual convolutional neural
network with Bayesian dropout to segment tumor and calculates the geometric
features(e.g. volume, heterogeneity, rim width, surface irregularity etc.) from the
segmented tumor. Later, a simple artificial neural network (ANN) is utilized to
predict the exact days of OS. 3D U-net and linear regression approaches are
exploited to segment and predict OS [1].
In this paper, we propose a batch normalized CNN architecture with hypercolumn features inspired by mutli-modal PixelNet [5, 9, 10] where a modest
number of features are extracted from multiple convolution layers and trained a
multi-layer perceptron (MLP) to predict segmentation class.

2

Methods

In this section, we represent our model and methodologies to process data for
segmentation and overall survival prediction.
2.1

Dataset

BraTS 2018 (Brain Tumor Image Segmentation Benchmark) training database
[2–4, 14] consists in total 285 cases of patients out of which the overall survival
prediction data was provided for 163 cases. BraTS 2018 Validation dataset [2–
4, 14] consists of 53 cases. All the above data are a multi-modal MRI scan of
210 high-grade glioma (HGG) and 75 low-grade glioma (LGG) and 4 different
modalities including T1 (spin-lattice relaxation), T1c (T1-contrasted), T2 (spinspin relaxation) and FLAIR (fluid attenuation inversion recovery). Each scan is a
continuous 3D volume of 155 2D slices of size 240x240. The volume of the various
modalities is already skull-stripped, aligned with T1c and interpolated to 1 mm
voxel resolution. The provided ground truth with manual segmentation includes
three labels: GD-enhancing tumor (ET — label 4), the peritumoral edema (ED
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Fig. 2. Regression model using ANN.

— label 2), and the necrotic and non-enhancing tumor (NCR/NET — label 1).
The predicted labels are evaluated by merging three regions: whole tumor (WT:
all four labels), tumor core (TC: 1,2) and enhancing tumor (ET: 4).
2.2

Segmentation

Proposed Model Our proposed model is inspired by PixelNet [5] where we
integrate batch normalization layer after each convolution layer. It consists of
15 pixel-blocks connected to a hypercolumn layer followed by a multi-layer perceptron (MLP) of 3 fully connected layers as in Fig.1. A pixel-block contains
convolution, batch normalization (BN) and ReLu layers sequentially. Hypercolumn layer extracts the features from multiple convolution layers and concatenates them into a feature vector which propagates to the MLP for pixel-wise
classification.
2.3

Survival Prediction

Following the extraction of the tumor from the MRI scans, the segmented tumor along with certain other parameters are used for survival prediction. The
following paragraphs elucidate the features those are extracted along with the
regression model that is built for predicting survival.
Feature Extraction The tumor geometry and its location hold a very important role in deciding the number of days of survival [16]. Figure 3 visually
illustrates how the features such as location or centroid of the tumor, the size
and shape of tumor affect the overall survival of the patient. It is evident that
more the proximity of the tumor to the centre of the brain, the lower the overall
survival of the patient. Also, lesser the size or smaller the shape of the tumor,
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higher the overall survival of the patient. So, we extract geometrical features
which include First axis coordinates, Second axis coordinates, Third axis coordinates,Eigen Values, First axis length, Second axis length, Third axis Length,
Centroid coordinates, meridional eccentricity and equatorial eccentricity for individual tumor type as well as whole tumor. Also, volume of the tumor and
its ratio with respect to the total volume was extracted. Features of the image including mean, variance, standard deviation, entropy, skewness, Kurtosis,
Entropy and histogram feature intensities of the tumor were extracted. Fractal
dimension of the necrotic tumor has been found to play a pivotal role in the survival prediction, according to [17]. So, fractal dimension and fractal ratio were
extracted for the necrotic part of the segmented tumor core. In addition , the
age of the subject was also included.
Feature Selection Several experiments were performed using different combinations of extracted features and using the cross-validation errors, the most
informative features are alone retained and the others are neglected. Features
like eigenvalue and eccentricity, skewness,mean,variance were not found to have
an important role in survival prediction. Also, geometric features of the GDenhancing tumor (ET — label 4) was found to be only increasing the crossvalidation errors and hence is removed. So, finally, a total of 50 features that were
found to be the most informative are used in the regression model. These features are First axis coordinates, Second axis coordinates, Third axis coordinates,
First axis length, Second axis length, Third axis Length, Centroid coordinates
for part wise non-enhancing tumor core (NCR/NET — label 1), peritumoral
edema (ED — label 2) as well as for the whole tumor without including GDenhancing tumor (ET — label 4) in addition to Kurtosis, Entropy, Histographic
intensity, Fractal Dimension and age.
Regression Model With the selected features, we train a fully connected artificial neural network(ANN) with one hidden layer [18] and ReLu activation
function. Figure 2 shows the ANN model that takes 50 features as input and
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gives the number of days of survival as the output. We run an experiment to find
which configuration of the hidden layers give the lowest MSE the best configuration was found to be 100 neurons in the hidden layer. Then, we find the best
epoch by finding the epoch for which the mean squared error(MSE) is minimum
by using a cross-validation data while training. However, by many experiments,
we find that when the MSE is minimum, the accuracy is low and vice-versa. So,
we find an epoch where the accuracy and the MSE of the model are balanced.
Adam optimizer with MSE loss function has been used to conduct all experiments of ANN. We also tune the hyperparameters like learning rate, optimizer
and batch size and the best result for BraTS2018 Validation Data was acquired
for the 900th epoch with a batch size of 10.

3
3.1

Experiments and Results
Segmentation

We convert the 3D voxel 240x240x155 into 2D slices of 240x240 by ignoring blank
slices of scan and ground-truth. We choose a sample of 2000 pixels per image
and batch size of 5 in training time. We utilize Caffe framework with a single
Nvidia GPU 1080Ti GPU to perform all the experiments. In testing phase, we
feed all the pixels(240x240) into the model to predict the segmentation. Table
1 represents the Dice and Hausdorff performance of our model. It obtains dice
accuracy of 88.50%, 80.16% and 75.68% of whole tumor (WT), tumor core (TC)
and enhance tumor (ET) respectively.
Table 1. Dice and Hausdorff for BraTS 2018 validation dataset
WT
Mean 88.50
StdDev 8.35
Median 90.51

3.2

Dice
TC
80.16
17.80
86.87

ET
75.68
23.23
83.15

Hausdorff
WT TC ET
5.57 7.70 4.26
7.04 8.04 5.58
3.08 4.53 2.23

Survival Prediction

Evaluation of survival prediction model is performed on the BraTS18 survival
validation dataset(which is a subset (28 out of 53 subjects) of the segmentation
validation dataset) [2–4,14]. Quantitative details for the ANN that gave the best
accuracy of 67.9% has been listed in Table 2.

4

Discussion

For finding out the best regression model and the best features , several experiments are conducted. Experiments with different combination of the available
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Table 2. Quantitative results of the survival prediction on the BraTS18 validation
dataset using ANN
Cases Accuracy MSE MedianSE stdSE SpearmanR
28
67.9% 96161.713 59473.481 117207.189
0.496
Table 3. Performance comparison with all the features in different machine learning
models for BraTS2017 validation dataset.
Models
Accuracy
MSE
MedianSE
Linear Regression 50.5% 252353.061 95419.102
SVM
33.3% 242147.277 62044.450
Random Forest
42.4% 208660.63 33367.111
Logistic Regression 39.4%
286470
40401
ANN
54.5% 211967.681 53967.305

stdSE
SpearmanR
429879.191
0.263
563941.194
0.142
502312.762
0.213
540201.363
0.479
540221.112
0.206

Table 4. Performance comparison with the best 50 features in different machine learning models for BraTS2017 validation dataset.
Models
Accuracy
MSE
MedianSE
stdSE
SpearmanR
Linear Regression 50.5% 237148.501 78915.034 362705.604
0.221
SVM
42.4% 233367.604 127524.752 374037.279
0.218
Random Forest
39.4% 262224.703 42507.088 506754.007
0.324
Logistic Regression 36.4% 181509.182
58564
249213.006
0.13
ANN
60.6% 214207.487 60832.523 354332.371
0.293

features and regression models are conducted on the 33 subjects of BraTS17Validation dataset [2, 4, 14] to find the best possible combination of features and
regression model. The details of the experiments on the entire features and the
best 50 features are listed in Table 3 and 3 respectively.When compared to ANN,
other regression models such as Support Vector Machine(SVM) with Radial basis
function(RBF) kernel [11], Random Forest [13], Linear Regression [15], Logistic
Regression [7] are investigated but resulted in inferior performance. Also, using
only the best 50 features showed improvement in accuracy and MSE for every
models.

5

Conclusion

Batch Normalized pixelnet is found to give quality segmentations for the BraTS
2018 Validation dataset. The main advantage of the pixelnet is that it has freedom of sampling pixel during training phase. The background of the scan is
removed during training and this helps the network to converge faster.
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Abstract. This paper introduces a novel methodology to integrate human
brain connectomics and parcellation for tumor segmentation and survival
prediction. For segmentation, we utilize an existing brain parcellation atlas in the MNI152 1mm space and map the parcellation to each individual
subject data. We leverage current state-of-the-art deep networks together
with hard negative mining to achieve the final voxel level classification.
This method achieves mean Dice scores of 0.904, 0.785 and 0.805 on segmentation of the whole tumor, tumor core and enhancing tumor, respectively. For survival prediction, we present a new method for combining
features from connectomics data, brain parcellation, and the segmented
brain tumor. Since the BraTS dataset does not include diffusion tensor
imaging data for computing tractography, we use the average connectome information from the Human Connectome Project and map each
subject brain volume onto this common connectome space. From this, we
compute tractographic features that describe potential disruptions due to
the brain tumor. These features are then used to predict the overall survival time. The proposed tractographic features achieve an average accuracy of 69% on training data and 50% on validation data.
Keywords: Brain Tumor Segmentation · Hard Negative Mining · Ensemble Modeling · Overall Survival Prediction · Tractographic Feature · Support Vector Machine

1

Introduction

Glioblastomas, or Gliomas, are one of the most common types of brain tumor.
They have a highly heterogeneous appearance and shape and may happen at
any location in the brain. High-Grade Glioma (HGG) is one of the most aggressive types of brain tumor with median survival of 15 months [15]. In [9], seven
different 3D neural network models including two DeepMedics [10], three 3D
FCNs [11] and two 3D U-Nets [4] with different parameters are combined, and
the output probability maps from each model are averaged to obtain the final
brain tumor mask. In [17], a hierarchical pipeline is designed to segment the
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different types of tumor compartments using anisotropic convolutional neural networks. The network architecture in [6] is derived from a 3D U-Net with
additional residual connections on context pathway and additional multi-scale
aggregation on localization pathways, using the Dice loss in the training phase
to circumvent class imbalance. For the brain tumor segmentation task, we propose a methodology to integrate multiple DeepMedics and 3D U-Nets in order to get a robust brain tumor segmentation in multimodal structural MR images. We also utilize the brain parcellation to bring the location information to
DeepMedic. In order to increase the diversity of our ensemble, 3D U-Nets with
dice loss and cross-entropy loss are included. A hard negative mining strategy
is used while we train a 3D U-Net, with cross-entropy loss to mitigate class imbalance. The final segmentation mask of the brain tumor is calculated by taking
the average of the output probability maps from each model in our ensemble.
In addition, we design a system to automatically extract important features
from gliomas and predict the overall survival (OS) for glioma patients. In [14],
they extracts 40 features from the predicted brain tumor mask and uses a random forest regression to predict the glioma patient’s OS. In [8], four features are
extracted from each subject and a support vector machine (SVM) with Radial
Basis Function (RBF) kernel is used to classify glioma patients into three different OS groups. In this paper, we propose a method to extract the tractographic
features from the lesion regions on structural MR images via a average diffusion MR image which is averaged from a total of 1021 subjects (Q1-Q4, 2017).
The volumetric features, spatial features, and morphological features are also
extracted from these lesion regions. We use these lesion-related features along
with age to predict the OS using a Support Vector Machine (SVM) classifier.

2
2.1

Task 1: Segmentation of Gliomas in Pre-operative MRI
Scans
Materials

The Brain Tumor Segmentation (BraTS) 2018 dataset [1–3, 12] provides 285 training subjects with four different types of MR images (MR-T1, MR-T1ce, MR-T2
and MR-FLAIR) and expert-labeled ground truths of lesions, including necrosis, non-enhancing tumor, edema, and enhancing tumor. The dataset also offers
66 validation subjects with four different types of MR images and is distributed
after pre-processing - i.e. co-registration to the same anatomical template, interpolated to the same resolution (1mm3 ) and skull-stripped.
2.2

Data Pre-processing

Data normalization is a crucial step before training the deep neural network.
We need to make sure the inputs have the same scale in order to speed up
the training process and improve the network’s performance. For each subject,
we apply Z-score normalization within the brain regions for each type of MR
image.
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2.3

3

Network Architecture and Training

Our proposed ensemble combines eight 3D neural networks based on 3D UNet [4] and DeepMedic [10]. In our ensemble, we have one original DeepMedic
and four modified DeepMedics with different numbers of convolutional kernels and training parameters. The original DeepMedic does not consider the
location information of each input patch inside the brain. We bring this location
information to the network by creating 21 binary Harvard-Oxford subcortical
brain parcellation masks [5] in the subject space as additional inputs to the neural network. We call this model DeepMedic-c25. We also train one DeepMedic
with 24 additional brain parcellation channels and no data augmentation. We
call this model DeepMedic-c25-n. A DeepMedic with double convolutional kernels, called DeepMedic-double and a DeepMedic with triple convolutional kernels, called DeepMedic-triple are included in our ensemble.
Our ensemble also has three 3D U-Nets, including one revised version of
[6] with group normalization [18] and two 3D U-Nets, named 3D-UNet-ce-1
and 3D-UNet-ce-2 with cross-entropy loss. The 3D U-Net in [6] are trained using Dice loss in order to solve the class imbalance problem in the BraTS 2017
challenge. However, in order to increase the diversity of our ensemble, we also
include two 3D U-Nets trained using cross-entropy loss. We utilize a hard negative mining strategy to solve the class imbalance problem while we train 3D UNets with the cross-entropy loss. In the end, we take the average of the output
probability maps from each model and get the final brain tumor segmentation.
Hard Negative Mining We train 3D U-Nets with 128x128x128 patches randomly cropped from the original data. With such large dimensions, the majority of pixels are not classified as lesion and standard cross-entropy loss would
encourage the model to favor the background class. To cope with this problem,
we only select negative pixels with the largest losses (hard negative) to backpropagate the gradients. In our implementation the number of selected negative pixels is at most three times the number of positive pixels. Hard negative
mining not only improves the performance of our classifier but also decreases
its false positive rate.
2.4

Result

In this task, we compare the performance of our ensemble with each individual
model. The quantitative results are shown in Table 1.

3
3.1

Task 2: Prediction of Patient Overall Survival from
Pre-operative MRI Scans
Material

In addition to the data used in the brain segmentation challenge, the age (in
years), survival (in days) and resection status are provided for 163 subjects in
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Table 1. Quantitative results of the individual model and our ensemble on BraTS 2018
validation dataset (reported as mean ˘ one standard deviation). Bold numbers highlight
the best result for a given metric and tumor compartments (ET: enhancing tumor, WT:
whole tumor, and TC: tumor core)
Model

ET

WT

TC

DeepMedic
DeepMedic-c25
DeepMedic-c25-n
DeepMedic-double
DeepMedic-triple
3D U-Net
3D-UNet-ce-1
3D-UNet-ce-2
Our ensemble

0.772˘0.248
0.752˘0.280
0.766˘0.261
0.757˘0.260
0.777˘0.236
0.770˘0.251
0.745˘0.271
0.745˘0.269
0.785˘ 0.248

0.897˘0.071
0.895˘0.064
0.893˘0.070
0.893˘0.088
0.895˘0.085
0.892˘0.060
0.884˘0.127
0.891˘0.110
0.904˘0.073

0.801˘0.219
0.805˘0.230
0.788˘0.244
0.782˘0.231
0.792˘0.230
0.770˘0.224
0.768˘0.222
0.760˘0.244
0.805˘0.218

DeepMedic
DeepMedic-c25
DeepMedic-c25-n
DeepMedic-double
Sensitivity DeepMedic-triple
3D U-Net
3D-UNet-ce-1
3D-UNet-ce-2
Our ensemble

0.816˘0.217
0.803˘0.250
0.806˘0.244
0.794˘0.235
0.800˘0.230
0.784˘0.248
0.785˘0.249
0.802˘0.251
0.806˘0.245

0.919˘0.089
0.925˘0.072
0.918˘0.092
0.913˘0.113
0.911˘0.110
0.919˘0.085
0.896˘0.160
0.904˘0.133
0.918˘0.102

0.802˘0.217
0.794˘0.248
0.792˘0.251
0.801˘0.225
0.789˘0.243
0.791˘0.245
0.791˘0.230
0.803˘0.249
0.795˘0.236

DeepMedic
DeepMedic-c25
DeepMedic-c25-n
DeepMedic-double
Speci f icity DeepMedic-triple
3D U-Net
3D-UNet-ce-1
3D-UNet-ce-2
Our ensemble

0.998˘0.004
0.998˘0.003
0.998˘0.004
0.998˘0.003
0.998˘0.004
0.998˘0.003
0.998˘0.003
0.998˘0.003
0.998˘0.003

0.994˘0.005
0.993˘0.006
0.993˘0.005
0.993˘0.005
0.993˘0.005
0.993˘0.005
0.994˘0.006
0.994˘0.005
0.994˘0.005

0.997˘0.004
0.998˘0.003
0.997˘0.004
0.997˘0.004
0.997˘0.003
0.997˘0.003
0.996˘0.007
0.996˘0.004
0.998˘0.003

DeepMedic
DeepMedic-c25
DeepMedic-c25-n
DeepMedic-double
Hausdorff95
DeepMedic-triple
(in mm)
3D U-Net
3D-UNet-ce-1
3D-UNet-ce-2
Our ensemble

4.723˘9.018
3.376˘4.918
4.108˘5.920
4.696˘8.683
5.826˘12.333
4.180˘7.920
4.416˘7.850
5.956˘11.858
3.744˘7.832

6.290˘5.570
10.992˘18.590
8.682˘11.907
5.969˘7.631
6.583˘9.590
5.657˘7.353
5.627˘7.609
4.726˘4.435
3.946˘3.166

9.181˘13.612
9.902˘18.277
9.928˘14.247
10.919˘17.270
9.787˘12.743
10.641˘14.207
10.127˘13.655
10.882˘15.407
7.833˘13.076

Dice
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the training dataset. 59 of them have resection status of Gross Total Resection
(GTR). The validation dataset has 53 subjects with age (in years) and resection
status. 28 of them have resection status GTR. For this task we predict the overall
survival (OS) for glioma patients with resection status of GTR.
3.2

Methodology

Our proposed pipeline, shown in Figure 1, includes three stages: In the first
stage, we use all structural MR images from each subject to obtain the predicted lesion mask for each subject. We then extract five different types of features from each subject. Four of them are from the predicted lesion mask, and
the remaining one is the subject’s age. In the second stage, we perform feature
concatenation, feature normalization, and feature selection. In the final stage,
we train a classifier using the features extracted from the training subjects and
evaluate its performance on the validation subjects.

Fig. 1. Overall survival classification pipeline.

Glioma Segmentation: To segment the gliomas, we use the proposed method
in the previous section to obtain the prediction of three different tissue types
which includes necrosis, non-enhancing tumor, edema, and enhancing tumor.
Feature Extraction from the Glioma Segmentation: After we obtain the predicted lesion mask, we extract four different types of features from this mask
for each subject. These features include volumetric features, spatial features,
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morphological features, and tractographic features. For each subject, we extract
approximately 800 features. The feature extraction pipeline for one subject is
shown in Figure 2.

Fig. 2. Feature extraction pipeline for one subject.

Volumetric Features: The volumetric features include the volume and the ratio
of brain to the different types of lesions, as well as the tumor compartments.
We have 19 volumetric features from each subject.
Spatial Features: The spatial features describe the location of the tumor in the
brain. We extract the centroids and volumes of different types of tumor tissue
in each of the Harvard-Oxford subcortical structural atlas brain parcellation
regions. FMRIB’s Linear Image Registration Tool (FLIRT) [7] is used to map the
Harvard-Oxford subcortical structural atlas from the MNI152 1mm space to
each individual’s subject space. For each subject, we extract around 90 spatial
features.
Morphological Features: The morphological features include the length of the
major axis of the lesion, the length of the minor axis of the lesion and the surface irregularity of the lesions. We extract 19 morphological features from each
subject.
Tractographic Features: Tractographic features describe the potentially damaged
parcellation regions impacted by the brain tumor through fiber tracking. Figure 3 shows the workflow for building a connectivity matrix for each subject.
First, the predicted whole tumor mask and the average diffusion orientation
distribution function from HCP-1021, created by QSDR [19], are obtained for
each subject. FLIRT is used to map the whole tumor mask from subject space
to MNI152 1mm space. Second, we use a deterministic diffusion fiber tracking method [20] to create approximately 1,000,000 tracts from the whole tumor
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Fig. 3. Workflow for building a connectivity matrix for each subject. ITK-SNAP [21] is
used for visualizing the 3D MR images and 3D labels.

region. Finally, a structural brain atlas is used to create a connectivity matrix
W ori for each subject. This matrix contains information about whether a fiber
connecting one region to another passed through or ended at those regions, as
shown:
W ori is a N ˆ N matrix, and N is the number of parcellation in a structural
brain atlas.


wori,11 wori,12 . . . wori,1N
 wori,21 wori,22 . . . wori,2N 


(1)
W ori =  .
..
.. 
..
 ..
.
.
. 
wori,N1 wori,N2 . . . wori,NN
If wij is pass type, it shows the number of tracts passing through region j and
region i. if wij is end type, it shows the number of tracts starting from a region i
and ending in a region j. From the original connectivity matrix W ori , we create
a normalized version W nrm and a binarized version W bin .
W nrm = W ori /max (W ori )

(2)

/ is the element-wise division operator and max (W ori ) is the maximum value
of the original connectivity matrix W ori .


wbin,11 wbin,12 . . . wbin,1N
 wbin,21 wbin,22 . . . wbin,2N 


W bin =  .
(3)

..
..
..
 ..

.
.
.
wbin,N1 wbin,N2 . . . wbin,NN
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wbin,ij = 0 if wori,ij = 0, and wbin,ij = 1 if wori,ij ą 0. Then, we sum up each
column in a connectivity matrix to form a tractographic feature vector.
V=

N
ÿ



wij = v1 , v2 , . . . , v N

(4)

i =1

Furthermore, we weight every element in the tractographic feature vector with
respect to the ratio of the lesion in a brain parcellation region to the volume of
this brain parcellation region.


V wei = α d V , α = t1 /b1 , t2 /b2 , . . . , t N /b N
(5)
d is the element-wise multiplication operator, ti is the volume of the whole
brain tumor in the i-th brain parcellation, and bi is the volume of the i-th brain
parcellation. Automated Anatomical Labeling (AAL) [16] is used, so the dimension of the connectivity matrix W is 116 ˆ 116. In the end, we extract six tractographic feature vectors from each subject which have 696 dimensions.
Feature Concatenation, Normalization and Selection: We concatenate all of
the obtained features together with subject’s age to form a final high dimensional feature vector for each subject. Then, we remove features that have low
variance between subjects and apply z-score normalization on the remaining
features. In the feature selection step, we combine recursive feature elimination with the repeated stratified K-fold cross validator. These feature processing
steps are implemented by using scikit-learn [13].
Prediction of Patient Overall Survival: We first divide all 59 training subjects
into three groups: long-survivors (e.g., >15 months), short-survivors (e.g., <10
months), and mid-survivors (e.g., between 10 and 15 months). Then, we train
an SVM on all training subjects. Finally, we obtain predicted labels for the validation subjects and upload them to the evaluation website.
3.3

Results

In the overall survival prediction task, we examine the performance of each
type of feature compared to combined features. The ground truth of lesions are
used to extract four different types of features. Recursive feature elimination
and cross-validated selection (RFECV) are used in the feature selection step,
and a Support Vector Machine (SVM) is trained with 1000-times repeated stratified 5-folds cross-validator. The classification accuracy with one standard deviation for the training dataset is shown in Figure 4. By only using the tractographic features with RECV and a SVM classifier, the classification accuracy
is 0.5 in the validation dataset. However, the classification accuracy drops to
0.429 when we use all combined features with RFECV and a SVM classifier in
the validation dataset.
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Fig. 4. Classification accuracy between each different types of features and all combined
features. We consider the volume of different types of lesions in different brain parcellation regions as volumetric&spatial features.

4

Discussion

For the brain tumor segmentation task, our ensemble has better performance on
all Dice scores for all tumor compartments compared to each individual model.
It also has better performance on Hausdorff distances for the whole tumor and
tumor core. Speci f icity (also called the true negative rate) are pretty similar
between each individual model and our ensemble due to the class imbalance of
the foreground and the background.
DeepMedic with 21 more binary brain parcellation channels has better performance on the sensitivity (also called the true positive rate) of whole tumor
region and the Hausdorff distance of enhancing tumor region compared to other
models and our ensemble. Original DeepMedic has a better performance on the
sensitivity of enhancing tumor region, and the 3D U-Net which is train by crossentropy loss has a better performance on the sensitivity of tumor core region
compared to our ensemble and other models.
For the overall survival prediction task, the 12 selected tractographic features achieve 69 % classification accuracy which is better than other types of
features and the combined features. These tractograpic features are from the
left precentral gyrus, right precentral gyrus, left insula, right insula, right mid-
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cingulate area, left posterior cingulate gyrus, left superior occipital gyrus, right
fusiform gyrus, right globus pallidus, right middle temporal pole, left inferior
temporal gyrus and right inferior temporal gyrus. These regions are the key
regions to affect the brain tumor patient’s survival period.
The features we used to report the classification accuracy in Figure 4 are
from the ground truth lesions. We repeat 5-fold cross-validation 1000 times to
train a SVM classifier with different types of features and all combined features
in order to find more reliable features. The tractographic features has the best
performance among other different types of feature and the combined features.
However, when we evaluate the tractographic features which are extracted
from the predicted tumor segmentation, the classification accuracy drops to 0.5.
We believe this drop is due to the imperfection of our tumor segmentation tool.

5

Conclusions

Our proposed ensemble has the best performance on the Dice scores of the
whole tumor, tumor core and enhancing tumor and the smallest Hausdorff distance in the whole tumor and tumor core compared to each individual model.
It is shown that increasing the number of model and the diversity of model in
our ensemble results in a more robust tumor segmentation.
Our proposed tractographic features are reliable features to predict the overall survival for the tumor patients. The following 12 regions are the pivotal: left
precentral gyrus, right precentral gyrus, left insula, right insula, right midcingulate area, left posterior cingulate gyrus, left superior occipital gyrus, right
fusiform gyrus, right globus pallidus, right middle temporal pole, left inferior
temporal gyrus and right inferior temporal gyrus. The tumor spreading in these
12 regions has a greater impact on patient’s overall survival compared to other
regions inside the brain.
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Abstract. This paper presents a fully automated and accurate brain tumor segmentation method based on 2D Deep Convolutional Neural Networks (DNNs)
which automatically extracts whole tumor and intra-tumor regions, including enhancing tumor, edema and necrosis, from pre-operative multimodal MRI volumes of BraTS’2018 Datasets. Our network architecture was inspired by the Unet and has been modified to increase brain tumor segmentation performance.
Among modifications, we employ Weighted Cross Entropy (WCE) and Generalized Dice Loss (GDL) as a loss function to address the class imbalance problem
in the brain tumor data. The proposed segmentation system has been tested and
evaluated on both, BraTS’2018 training and validation datasets. On the challenge
validation dataset, our system achieved a mean enhancing tumor, whole tumor,
and tumor core dice score of 0.783, 0.868 and 0.805 respectively. Other quantitative and qualitative evaluations are presented and discussed.

Keywords: Brain tumor segmentation, 3D-MRI, deep learning, convolutional neural networks,
U-net, BraTS’2018.

1

Introduction

Brain tumor segmentation in multimodal Magnetic Resonance Imaging (MRI) is
widely used as a vital process for surgical planning and simulation, treatment planning
prior to radiation therapy, therapy evaluation [1-5], and intra-operative neuro navigation and image neurosurgery [6-8]. However, segmenting brain tumor manually is not
only challenging task but also a time-consuming one, favoring therefore, the emergence
of computerized approaches.
Despite considerable research works and encouraging results in the medical imaging
domain, fast and precise 3D computerized brain tumors segmentation remains until now
a challenging process and a very difficult task to achieve because brain tumors may
appear in any size, shape, location and image intensity [2-5]. Many research recently
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used deep learning methods [9], specifically Convolutional Neural Networks (CNNs)
[9-12] that have shown their effectiveness and proved successful to automatically classify the normal and pathological brain MRI scans in the past few BraTS challenges as
well as other semantic and medical segmentation problems.
This paper proposes an automated and accurate segmentation method of whole tumor and intra-tumor structures, including enhancing tumor, edema and necrosis, in multimodal 3D-MRI. It is based on 2D Deep Convolutional Neural Networks (DNNs) using a modified U-net architecture. The proposed DNN model is trained to segment both
High Grade Glioma (HGG) and Lower Grade Glioma (LGG) volumes.
The rest of the paper is organized as follows. First, Section 2 presents an overview
of the proposed segmentation method. Experimental results with their evaluations are
given in Section 3. Finally, a conclusion and future work are presented in Section 4.

2

The proposed method

The proposed segmentation system is entirely automatic. The brain tumor segmentation
process is based on deep learning more precisely on 2D Convolutional Neural Networks. It includes the main following steps: pre-processing of the 3D-MRI data, training using a U-net architecture, and brain tumoral structures prediction.
2.1

Data and their pre-processing

The BraTS’2018 challenge training dataset consists of 210 pre-operative multimodal
MRI scans of subjects with HGG and 75 scans of subjects with LGG, and the
BraTS’2018 challenge validation dataset includes 66 different multimodal 3D-MRI
[10-13]. Images were acquired at 19 different centers using MR scanners from different
vendors and with 3T field strength. They comprise co-registered native (T1) and contrast-enhanced T1-weighted (T1Gd) MRI, as well as T2-weighted (T2) and T2 Fluid
Attenuated Inversion Recovery (FLAIR) MRI. All 3D-MRI of BraTS’2018 dataset
have a volume dimension of 240 × 240 × 155. They are distributed, co-registered to the
same anatomical template and interpolated to the same resolution (1mm3). All MRI
volumes have been segmented manually, by one to four raters, and their annotations
were approved by experienced neuro-radiologists. Each tumor was segmented into
edema, necrosis and non-enhancing tumor and active/enhancing tumor.
First, a minimal pre-processing of MRI data is applied. We employed the same preprocessing, as in [14]. We removed the 1% highest and lowest intensities, then each
modality of MR images was normalized by subtracting the mean and dividing by the
standard deviation of the intensities within the slice. To address the class imbalance
problem in the data, we also employed data augmentation technique [15], which consists of adding new synthetic images by performing operations and transformations on
data and the corresponding ground truth. The transformations comprise rotation, translation, and horizontal flipping and mirroring.
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Fig. 1. Architecture of the proposed Deep Convolutional Neural Network.
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2.2

Network architecture and Training

The CNN used in this study has a similar architecture as that of U-net [16]. Our
network architecture can be seen in Fig. 1. It consists of a contracting path (left side)
and an expanding path (right side). The contracting path consists of 3 pre-activated
residual blocks, as in [17, 18], instead of plain blocks in the original U-net. Each block
has two convolution units each of which comprises a Batch Normalization (BN) layer,
an activation function, called Parametric Rectified Linear Unit (PReLU) [19], instead
of ReLU function used in the original architecture [16], and a convolutional layer, like
in [20], instead of using Maxpooling [16], with Padding = 2, Stride = 1 and a 3 x 3 size
filter. For downsampling, a convolution layer with a 2 x 2 filter and a stride of 2 is
applied. At each downsampling step we double the number of feature channels. The
contracting path is followed by a fourth residual unit that acts as a bridge to connect
both paths. In the same way, the expanding path is built using 3 residual blocks. Before
each block, there is an upsampling operation which increases the feature map size by
2, followed by a 2 x 2 convolution and a concatenation with the feature maps corresponding to the contracting path. At the last layer of the expanding path, a 1 x 1 convolution with the Softmax activation function is used to map the multi-channel feature
maps to the desired number of classes.
In total, the proposed network model contains 7 residual blocks, 25 convolution layers, 15 layers of BN and 10159748 parameters to optimize.
Our network was trained with axial slices extracted from training MRI set, including
HGG and LGG cases, and the corresponding ground truth segmentations. The goal is
to find the network parameters (weights and biases) that minimize a loss function. In
this work, this can be achieved by using Stochastic Gradient Descent algorithm (SGD)
[15], at each iteration SGD updates the parameters towards the opposite direction of the
gradients. In our network model, we used a loss function that adds Weighted Cross
Entropy (WCE) [15] and Generalized Dice (GDL) [21] to address the class imbalance
problem present in brain tumor data. So, the two components of the loss function are
defined as follows:


1
 = −   

 = 1 − 2

∑  ∑
∑  ∑ 

log 

1


+ 

2

where L is the total number of labels, K denotes the batch size. wi represents the weight
assigned to the i th label. pik and gik represent the value of the (i th, k th) pixel of the
segmented binary image and of the binary ground truth image, respectively.
2.3

Brain tumoral structures prediction

After training our network, we use it to perform the prediction. This step consists to
provide the network with the four MRI modalities of an unsegmented volume that it
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has never processed or encountered before, and it must be able to return a segmented
image.

3

Experimental results and discussion

In this study, we have tested and evaluated our segmentation system on pre-operative
multimodal MRI scans of both the training/testing and the validation datasets of the
BraTS’2018 challenge [1-4]. The results of automatically segmented tumors, denoted
by A, can be compared with manually segmented tumors by human experts, denoted by
B, which are considered as ground truth for evaluation.
3.1

Evaluation metrics

The BraTS competition has four metrics to assess the accuracy of segmentation results and to measure the similarity between the segmentations A and B. These measures
can be defined with the following expressions [2, 22]:
,  =

2| ∩ |
|| + | |

3

$%&'(') =

*+
*+ + ,-

4

$/') =

**- + ,+

5

1,  = maxℎ, , ℎ , 

6

The Dice metric is computed as performance metric. It measures states the similarity
between two volumes A and B, corresponding to the output segmentation of the model
and clinical ground truth annotations, respectively. Sensitivity and Specificity are statistical measures employed to evaluate the behavior of the predictions and the proportions
of True Positives (TP), False Negatives (FN), False Positives (FP) and True Negatives
(TN) voxels. The Sensitivity metric, also known as true positive detection rate (TPR),
measures the proportion of positive voxels of the real brain tumor that are correctly
segmented as such, while Specificity metric, also called true negative detection rate
(TNR), indicates how well the true negatives are predicted. Employing Sensitivity with
Specificity can provide a good assessment of the segmentation result. HD(A, B) is the
Hausdorff distance between the two surfaces of A and B, where
h( A, B) = max a∈ A min b∈B d (a, b), and d (a, b) represents the Euclidean distance between a and b such as a and b are points of A and B, respectively. This metric indicates
the segmentation quality at the border of the tumors by evaluating the greatest distance
between the two segmentation surfaces, and is independent of the tumor size.
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3.2

Performance on BraTS’2018 training dataset

Preliminary segmentation results for the 285 3D-MRI of the BraTS’2018 training
dataset have been obtained using 80 % of this dataset (228 subjects) for training and
the remaining 20 % (57 subjects) for the validation purposes. Results obtained by our
automated system for 10 sample cases are shown in Fig. 2 and Fig. 3. Fig. 2 shows
segmentation results from 5 multimodal MRI where HGG tumors are present and Fig.
3 shows other segmentation results from other 5 MRI with LGG tumors. In these figures, each row represents one clinical case. In the first four columns from left to right,
images show one axial slice of MRI acquired in Flair, T1, T1C and T2 modality, respectively, used as input channels to our CNN model. In the fifth and the sixth columns,
images show the ground truth (GT) and the prediction labels respectively, where we
can distinguish intra-tumoral regions by color-code: enhancing tumor (yellow), peritumoral edema (green) and necrotic and non-enhancing tumor (red). As it can be seen,
tumors in the brain MRI of the 10 cases vary in size, shape, position and intensity. By
visual inspection, the proposed method usually generates segmentations (Prediction)
enough alike to the ones obtain by the experts (GT).
Table 1. Quantitative evaluation of segmentation results on 20 % of BraTS’2018 training dataset
(57 MRI scans) by using Dice and Sensitivity metrics.
Dice

Sensitivity

ET

WT

TC

ET

WT

TC

Mean
Std. Dev.
Median
25quantile

0.717
0.275
0.831
0.726

0.867
0.078
0.887
0.839

0.798
0.226
0.889
0.808

0.778
0.3
0.912
0.777

0.907
0.107
0.943
0.896

0.84
0.223
0.927
0.847

75quantile

0.859

0.926

0.935

0.951

0.974

0.961

Table 2. Quantitative evaluation of segmentation results on 20 % of BraTS’2018 training dataset
(57 MRI scans) by using Specificity and Hausdorff distance metrics.
Specificity

Hausdorff95

ET

WT

ET

WT

ET

WT

Mean
Std. Dev.
Median
25quantile

0,999
0,001
1
0,999

0,998
0,001
0,999
0,998

0,999
0,002
1
0,999

4,742
2,079
4,123
3

8,706
2,822
8,062
6,442

6,4
3,685
5,099
3,871

75quantile

1

0,999

1

6,633

10,951

8,303

A quantitative evaluation of segmentation results of enhancing tumor (ET), whole
tumor (WT) and tumor core (TC) using the four previously defined metrics is given in
Table 1 and Table 2. Mean, standard deviation, median and 25th and 75th percentile
are given for Dice and Sensitivity metrics in Table 1 and for Specificity and Hausdorff
distance in Table 2. Values presented in Table 1 show high performance on the Dice
metric for WT region, but lower performance for ET and TC regions.
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Fig. 2. Intra-tumoral structures segmentation results from 5 multimodal 3D-MRI with HGG of
BraTS’2018 training dataset corresponding to 5 different subjects.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

258 of 578

8

Fig. 3. Intra-tumoral structures segmentation results from 5 other multimodal 3D-MRI with LGG
of BraTS’2018 training dataset corresponding to 5 different subjects.
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3.3

Performance on BraTS’2018 validation dataset

For our participation to BraTS’2018 competition, we used 100 % of the training
dataset (285 subjects) for training purpose. The performance on BraTS’2018 validation
dataset, which is composed of 66 subjects, is diffused in the challenge leaderboard Web
site1 and presented with more statistics in Table 3, Table 4, Fig. 4 and Fig. 5. In this
context, we can compare our segmentation results with those of other participants. Our
method achieved a mean ET, WT, and TC dice score of 0.783, 0.868 and 0.805 respectively. These scores are close to those obtained by the top performing methods. Also,
we obtained average HD scores of 3.728, 8.127 and 9.84 for ET, WT, and TC, respectively. These scores are not far from those obtained by the best performing methods.
Table 3. Quantitative evaluation of segmentation results on BraTS’2018 validation dataset (66
MRI scans) by using Dice and Sensitivity metrics.
Dice

Sensitivity

ET

WT

TC

ET

WT

TC

Mean
Std. Dev.
Median
25quantile

0.783
0.216
0.846
0.769

0.868
0.101
0.898
0.855

0.805
0.199
0.891
0.756

0.826
0.241
0.901
0.82

0.895
0.149
0.955
0.901

0.807
0.222
0.895
0.71

75quantile

0.893

0.919

0.928

0.969

0.971

0.965

Table 4. Quantitative evaluation of segmentation results on BraTS’2018 validation dataset (66
MRI scans) by using Specificity and Hausdorff distance metrics.
Specificity

Hausdorff95

ET

WT

ET

WT

ET

WT

Mean
Std. Dev.
Median
25quantile

0.997
0.004
0.998
0.997

0.991
0.007
0.993
0.988

0.997
0.003
0.998
0.997

3.728
4.471
2.236
1.637

8.127
10.426
4.243
3

9.84
15.385
5.431
2.871

75quantile

0.999

0.996

0.999

3.317

7.778

10.728

Boxplots showing the dispersion of Dice and Sensitivity scores are represented in
Fig. 4 and boxplots of the dispersion of Specificity and HD scores are represented in
Fig. 5. In these figures, boxplots show quartile ranges of the scores; whiskers and dots
‘●’indicate outliers; and ‘x’ indicates the mean score.

1

https://www.cbica.upenn.edu/BraTS18/lboardValidation.html
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Fig. 4. Dispersion of Dice and Sensitivity scores for results segmentation of ET, WT, and TC in
multimodal MRI scans of the 66 subjects of BraTS’2018 validation dataset.

Fig. 5. Dispersion of Specificity and Hausdorff distance scores for results segmentation of ET,
WT, and TC in multimodal MRI scans of the 66 subjects of BraTS’2018 validation dataset.

4

Conclusion and future work

In this paper, we have proposed a fully automatic and accurate method for segmentation
of whole brain tumor and intra-tumoral regions using a 2D deep convolutional network
based on a well-known architecture in medical imaging called "U-net". Our DNN
model was trained to segment both HGG and LGG volumes.
The proposed method was tested and evaluated quantitatively on both BraTS’2018
training and challenge validation datasets. The total learning computation time of the
285 multimodal MRI volumes of BraTS’2018 training dataset is 185 hours on a Cluster
machine with Intel Xeon E5-2650 CPU @ 2.00 GHz (64 Gb) and NVIDIA Quadro
4000 – 448 Core CUDA (2 GB) GPU. The average time to segment brain tumor and its
components from a given MRI volume is about 62 seconds on the same GPU. The
different tests showed that the segmentation results were very satisfactory, and the

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

261 of 578

11

evaluation measures confirm that our results are very similar to those obtained by the
experts (i.e., growth truth), although the proposed method can be further improved.
As future work, we will use a more powerful GPU to further accelerate learning
phase of DNN. Thus, we will be able to exploit more architectural variants of CNN and
other data augmentation methods. Also, other interesting perspective consists to use
ensemble learning methods, like Stacking and Blending, to improve segmentation performance in tumor core and active tumor regions. Another future work will focus on
refining the segmentation results by reducing the false-positive rate using post-processing techniques, such as: applying a conditional random field (CRF) and removing
small connected components.
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Abstract. In this manuscript we utilize a 3-D fully convoultional neural
network (CNN) for segmentation of the brain tumor and its constituents
from multi modal Magnetic Resonance Images (MRI). The dense connectivity pattern used in the segmentation network enables effective reuse
of features with lesser number of network parameters. From the segmentation, 22 features based on shape and intra-tumor volume fraction were
extracted and fed to a multi-layered perceptron (MLP) based regressor
for the task of survival prediction. On the BraTS validation data, the segmentation network achieved a whole tumor, tumor core and active tumor
dice of 0.85 0.74, 0.71 respectively and the proposed survival prediction
scheme achieved an accuracy of 53.6 %.
Keywords: Brain Tumor · MRI · CNN · 3-D · Survival prediction ·
Regressor.

1

Introduction

Manual tracing and detection of organs and tumor structure from medical images is considered as one of the preliminary step in diseases diagnosis and treatment planning. In a clinical setup this time consuming process is carried out
by radiologists, however this approach becomes in-feasible when number of patients increase. This necessitates the scope of research in automated segmentation methods.
Segmentation of the gliomas from MR volumes is the preliminary step for
treatment planning. Diffused boundaries of the lesion and partial volume effects
in the MR images makes segmentation of gliomas from MR volumes a challenging task. In the recent years convolutional neural networks have produced state
of the art results for the task of segmentation of gliomas from MR images. Typically, medical images are volumetric, organs being imaged are 3-D entities and
henceforth we exploit the nature of 3-D CNN based architectures for segmentation task. Survival analysis is time prediction problem, which aids in better
patient care and treatment planning.
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Materials and Methods

The flowchart of the proposed the technique is illustrated in Figure 1

Fig. 1: Pipeline of architecture

2.1

Data

The training and validation data released as part of the BraTS 2018 challenge [4],
[3], [1], [2] was used in this manuscript for segmentation and survival prediction
tasks. The training dataset comprises of 210 high grade glioma volumes and 75
low grade gliomas. Each subject comprises of 4 MR sequences, namely FLAIR,
T2, T1, T1 post contrast. Additionally on the training data, each subject was
provided with pixel level segmentation. For the task of survival prediction, the
training dataset included age, survival days and the resection status of 163 high
grade glioma patients.
2.2

Data Pre-Processing and Patch Extraction

Fig. 2: Histogram of patches sampled surrounding certain class

As a part of pre-processing z-score normalization of individual MR sequence
was done, wherein each sequence was subtracted by its the mean from the data
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and divided by its standard deviation. Patches of size 643 were extracted from
the brain. The class imbalance among the various classes in the data was circumvented by extracting relatively more number of patches extracted from lesser
frequent cases such as necrosis (class 1) when compared to edema. Figure 2 illustrates the number of patches extracted around the pixel of each class.
2.3

Segmentation Network

Fig. 3: Densely connected convolutional network used for segmentation task

The segmentation network is a 3-D fully convolutional semantic segmentation
network. The network accepts an input of dimension 643 and predicts the class
associated to all the voxels in the input. The network comprises of 57 layers. The
dense connection between the various convolutional layers in the network aids in
effective reuse of the features in the network. The presence of dense connections
between layers lead to requiring more computational resources. This bottleneck
is circumvented by keeping the number of convolutions to a small number say
4. Figure 3 shows the network architecture used in semantic segmentation task.
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2.4

Training

Stratified sampling based on the grade of the gliomas was done so as to split the
dataset into training, validation and testing in the ratio 70 :20 :10. The network
was trained and validated on 182 and 63 respectively. To further address the issue
of class imbalance in the network, the parameters of the network were trained
by minimizing weighted cross entropy. The weight associated to each class was
equivalent to the ratio of median of the class frequency to the frequency of the
class of interest. The number of batches was set at 4, while the learning rate was
initialized to 0.0001 and decayed by a factor of 10 % every-time the validation
loss plateaued.
2.5

Testing

During inference, patches of dimension of 643 were extracted from the volume
and fed to the network with the stride of 32. CNN’s being a deterministic technique is bound to generate predict presence of lesion in physiological impossible
place.
2.6

Post-processing

The false positives generated by the network were reduced by performing conditional random fields (CRF), these false positives were further reduced by performing 3-D connected component analysis.
2.7

Survival Prediction Task

Extraction of features for survival prediction: From the segmentation
maps 4 features were handcrafted based on relative volumes of the various tumor
regions to the whole tumor, 1 feature corresponded to the volume of tumor to
brain volume, 3 features were based on relative location of the tumor core within
the brain. Additionally, 13 shape based radiomic features ([5]) were extracted.
Age of the patients were also taken into account. The extracted features were
further standardized. The Table 1 lists the features extracted for survival analysis
which is further elaborated below.
– Features were based on tumor and brain volumes (5 features):
• ED to lesion: this feature was created by calculating the ratio of the
volume of the edema region in the tumor to the volume of the whole
tumor.
• ET to lesion: ET refers to enhancing tumor. This is the ratio of the
volume of enhancing tumor region to the whole tumor volume.
• ED + ET to lesion: ED + ET indicates the volume of the edema added
to the volume of the enhancing tumor and the sum is divided by the
whole tumor volume. Hence, this is the ratio of edema and enhancing
tumor region’s volume to the whole tumor.
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• NCR NET to lesion: NCR stands for necrotic and NET refers to the non
enhancing tumor region. These two regions form the tumor core. Hence,
this feature gives the ratio of volume of the tumor core to the volume of
the whole tumor.
• Lesion to brain: the ratio of the tumor (lesion) volume to volume of the
brain gives a measure of the size of the tumor with respect to the brain.
– Features based on location of the tumor (3 features): X location, Y location,
Z location: these three values corresponding to the three coordinate values
are the ratios of the centroid of the tumor core to the whole tumor center.
– Radiomic features based on shape (13 features): This group of 13 features
includes descriptors of the three-dimensional size and shape of the ROI (region of interest). These features are independent from the gray level intensity
distribution in the ROI and are therefore only calculated on the non-derived
image and mask.

Table 1: Lists of features used for survival analysis
Type

Features
ED to lesion
ET to lesion
Based on tumor and brain volume ED + ET to lesion
NCR NET to lesion
Lesion to brain
X location
Location of tumor core
Y location
Z location
Elongation
Flatness
Least Axis
Major Axis
Maximum 2D Diameter Column
Maximum 2D Diameter Row
Shape based radiomic features
Maximum 2D Diameter Slice
Maximum 3D Diameter
Minor Axis
Sphericity
Surface Area
Surface Volume
Volume

Regression Model: For prediction of survival days, a multi-layer perceptron (MLP) comprising of two hidden layers and each layer with 3 neurons was
employed for regressing on the training data. The MLP was trained for 200
epochs using Adam optimizer with a learning rate of 0.0001. For evaluation purpose, the predicted survival days were grouped into three classes depending on
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the survival range, namely - short (< 300 days), mid (300 - 450 days) and long
(> 450).

3

Results

Performance of the segmentation network The performance of the network was computed by inferring on 2 different dataset namely; a held out test
data (n=40) and the BraTS data (n=66) is tabulated in Tables 2 & 3 respectively. Comparing the performance of network on the held out test data and the
validation data, apart from generating good segmentation the network generalizes well on the unseen data. Figure 4 illustrates the segmentation generated by a
trained network. Figure 5 illustrates the effect post-processing on segmentation.

Table 2: Performance of the segmentation on the held out test data (n=40)
Mean
.
Std
Median

Whole Tumor Tumor Core Active Tumor
0.88
0.78
0.72
0.10
0.26
0.31
0.92
0.92
0.86

Table 3: Performance of the segmentation on the validation data (n=66)
Mean
.
Std
Median

3.1

Whole Tumor Tumor Core Active Tumor
0.85
0.74
0.71
0.11
0.22
0.28
0.88
0.82
0.83

Performance of the model for survival prediction

The performance of the regression model for survival prediction was evaluated
on the training (n=59) and validation (n=28) dataset and is tabulated in Table
4.

Table 4: Results of survival prediction on the training and validation data
Dataset Accuracy MSE
medianSE stdSE
SpearmanR
Training 0.508
126665.607 29302.5 274604.067 0.296
Validation 0.536
976760.929 244116.5 1697543.43 0.172
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(a)

(b)

7

(c)

(d)

(e)

Fig. 4: (a) FLAIR, (b) T2, (c) T1c, (d) Prediction, (e) Segmentation. In images
d and e, Green, Yellow & Red represent Edema,Enhancing Tumor and Necrosis
present in the lesion.

(a)

(b)

(c)

(d)

Fig. 5: (a) FLAIR, (b) Without Post-processing, (c) With Post-processing, (c)
Segmentation. In images d and e, Green, Yellow & Red represent Edema, Enhancing Tumor and Necrosis present in the lesion.
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Conclusion

In this manuscript we make use of 3-D fully convolutional semantic segmentation
network brain tumor segmentation. The network accepts patches of size 643
as the input and predicts the class associated to all the voxels forming the
input. The false positives generated by the network were minimized by using
3-D connected component analysis. On the BraTS 2018 validation data (n=66),
the network achieved a competitive dice score of 0.85, 0.78 and 0.72 for whole
tumor, tumor core and active tumor. From the segmentation maps features were
extracted and a MLP based regression model was trained to predict the survival
days. On the BraTS 2018 validation data (n=28), the proposed model achieved
an accuracy score of 0.536.
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Abstract. Being powerful diagnostic tool, MRI analysis takes central
position in brain tumor diagnostics and treatment. Thus it’s precise evaluation is crucially important, however it requires time and is often performed using 2D projections that reduces analysis complexity but increases bias. On the other hand time consuming 3D evaluation like segmentation is able to provide precise estimation of a number of valuable
spatial characteristics giving us understanding about the course of the
disease.
Recent studies focusing at the segmentation task report superior performance of neural network based methods compared with classical computer vision algorithms, but still, it remains a challenging problem. In
this paper we present two stage approach for automatic brain tumor segmentation. Alike recent methods in object detection our solution is based
on neural networks; we employ localization network at the first stage of
the pipeline and segmentation neural network at the second stage. In this
paper we evaluate proposed method on BraTS 2018 validation dataset
and report preliminary results.
Keywords: segmentation · BraTS · UNET · cascaded unet · deep learning

1

Introduction

Multimodal magnetic resonance imaging (MRI) is a powerful tool for studying
human brain. Among it’s different applications, it is mainly used for decease diagnostics and treatment planing. Accurate assessment of MRI results is critical
throughout all these steps. Since MRI scans by themselves are the set of multiple three dimensional arrays, it’s manual analysis and evaluation is non-trivial
procedure and requires time, attention and qualification. However, lack of these
resources can lead to unsatisfying results. Typically these scans are analyzed by
clinical experts using two dimensional cut and projection planes. So it adds some
bias to the resulting evaluation. On the other hand, accurate segmentation and
3D reconstruction is able to provide some insights on decease progression and
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help a therapist to plan the treatment in the right way, but still it is not used
due to unreasonable amount of time needed for manual labeling.
Denoting problem of automatic glioma segmentation Brain Tumor Segmentation
(BRATS) challenge [1, 10] was created and became annual competition allowing
participants to evaluate and compare their state of the art methods using unified
framework. Participants are called to develop their algorithms and produce segmentation labels of the different glioma sub-regions: ”enhancing tumor” (ET),
the ”tumor core” (TC) and the ”whole tumor” (WT). The training data provided [2, 3] consists of 210 high grade and 75 low grade glioma MRIs manually
labeled by experts in the field. Test dataset is split into two parts: validation data
proposed methods can be evaluated with throughout the challenge and testing
data. The performance of the methods is evaluated using Dice coefficient, Sensitivity, Specificity and Hausdorff distance.
Above-named challenge made a significant impact on the evolution of computational approaches for tumor segmentation. In the last few years variety of algorithms addressed to solve this problem were proposed. Compared with other
methods convolutional neural networks have been showing the best state of the
art performance for computer vision tasks in general and for biomedical image
processing tasks in particular.
In this paper we present two-stage convolutional neural network based pipeline
for brain tumor segmentation. At the first stage the tumor is localized, cropped
and then segmented at the second stage. We compare multiple approaches for
defining localization network and report their performance. Besides this, we compare 3d unet [5] with it’s cascaded counterpart described later in this paper.

2

Method

In this study we propose two stage neural network for brain tumor segmentation.
Figure 1 shows the workflow of the presented approach. This pipeline consists
of two stages: tumor localization and segmentation of localized region. Before
processing MRI scan is normalized, normalized data is fed to the localization
network where it predicts tumor center and size. After the tumor is localized, it
is cropped from the MRI and resampled to the predefined size. The segmentation
part takes the resampled image as an input and returns corresponding annotation
that is resampled to the original size and copied to the corresponding position
inside MRI label at the final step.

2.1

Localization network

The purpose of localization network is to reduce amount of background in the
segmentation input. This can be done by rejecting healthy voxels the model
confident in. As a suitable description for possible tumor location we choose a
bounding box. In out case we define it as a tumor size and center. Predicted
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Fig. 1: Schematic representation of approach employed in this paper.

values should have high overlap ration with ground truth so the model doesn’t
reject the tumor voxels even before segmentation starts.
Generally speaking there are two possible way to predict a bound box: explicit
estimation of bounding box center and size; or solution of another task like segmentation that can be used to extract information on bounding box. In this
study we explore capabilities of both approaches using training dataset. Regression of the spatial characteristics is done using Resnet18 [6] model and Resnet10
model with Differentiable Spatial to Numeric Transform [11]. We use unet [5, 12]
and proposed cascaded unet variant as a second type of algorithms that are able
to implicitly estimate values described above.
Regression In order to predict the bounding box coordinates Resnet18 [6] was
employed. The model was predicting tumor center and size - 6 values in total.
Smooth l1 loss was used for training of this model.
DSNT As an alternative for heatmap regression we employed Diffirentiable
Spatial to Numeric Transform layer [11]. We used this approach for tumor center
prediction. For size prediction we employed two layer fully connected network
on top of Resnet 18 [6]. Both networks were trained with smooth l1 loss.
U-net For the purpose of brain tumor localization we tried 3D variant of unet
[5] described below, it’s architecture is shown in figure 2. This network takes multimodal brain MRI as an input and produces binary segmentation. The tumor
bounding box is constructed based on this output.
Cascaded U-net Cascaded unet was also applied for solving localization problem. It’s detailed architecture is shown in figure 3.
2.2

Segmentation network

The segmentation part is intended to classify every voxel from given input into
four classes: background, tumor core, peritumoral edema and enhancing tumor.
The input volume comes from the previous step of the pipeline and consists of
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tumor voxels an it’s surroundings. For this stage we’ve implemented 3d unet
[5] with it’s cascaded counterpart. Both networks take 64x64x64 volumes with
localized tumor as an input.
U-net In this challenge we are using unet architecture extended to handle three
dimensional input. The design of the network is illustrated in figure 2. It consists of encoding and decoding paths. On the encoding path number of filters
is doubled after every downsampling step. Every convolution uses 3x3x3 kernel
and 1x1x1 padding to keep the size of feature map the same. ReLU function is
utilized as an activation function after every convolution. On the decoding path
number of filters is reduced and feature map spacial size is increased by factor of
two with each transpose convolution. Corresponding feature maps of encoding
and decoding parts are linked using skip connections. As a final step, softmax
layer is employed on the resulting feature map.
4

N
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Fig. 2: Architecture of unet. ReLU is used as activation function after every
convolution layer.

Cascaded U-net Proposed network is illustrated in figure 3 and consists of
three basic blocks. Each block by itself is unet network [5, 12] with it’s own loss
function in the end, the only difference is the feature maps size on the decoding
path. Every next block takes downsampled volume as an input and produces
segmentation of corresponding size. Alike DeepMedic [9] this architecture simultaneously processes the input image at multiple scales and extracts scale-specific
features. The feature map before the last convolutional layer in every block is
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concatenated to corresponding feature map of higher-scale block. It enables the
context information flow between networks with different scales.
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Fig. 3: Architecture of cascaded unet. ReLU is used as activation function after every
convolution layer. Each block produces it’s own output.

2.3

Preprocessing & Data augmentation

We use data preprocessing described in [7]. First, we perform z-score normalization on non-zero (brain) voxels. After that we are eliminating outliers and noise
by clamping all values to the range from -5 to 5. At the final step we shift brain
voxels to the range [0;10] and assign zeros to background.
For data augmentation we artificially increase number of samples by employing
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b-spline transformation to the original data. It has been done with ITK implementation [8].
As the last step localization and segmentation networks are trained together.
Since the output of the localization network varies from one epoch to another,
it serves as additional augmentation mechanism implicitly incorporated into the
pipeline.

2.4

Training

The training has two steps. First, the localization network is trained so it can
produce meaningful output. Output of bounding box is dilated for 10 voxels in
every direction. Then both networks are trained together. For obtaining preliminary results we train these networks for 50 epochs and employ early stopping if
the validation loss doesn’t improve over time. Dice loss is used for localization
network and multiclass dice loss for segmentation network. These CNNs were
implemented in MXNet framework [4] and trained using two GTX 1080 with
batch size 2 to enable data parallelism.

3

Preliminary results

In this section we report evaluation obtained with local validation first. In the
scope of brain tumor segmentation bounding boxes built on segmentation output
show better results. Here we are especially interested in intersection over union
and overlap ratio since these two characteristics reflect number of rejected voxels
that can possibly be tumor voxels. We’ve measured mean absolute error (MAE)
for bounding box prediction as well as intersection over union (IoU) and overlap
ration, results can be found in table 1.
Based on previously made evaluate we’ve built two convolution neural network

Table 1: Evaluation of localization networks performance using local validation
Method
Resnet18
DSNT
unet
cascaded unet

MAE
9.33
7.03
7.94
4.61

IoU
0.40
0.54
0.59
0.75

Overlap ration
0.52
0.66
0.8
0.81

pipelines based on unet and it’s cascaded counterpart. These networks were
evaluated using local validation. Results can be found in table 2.
Preliminary results for the BraTS 2018 validation dataset [2, 3] can be found in
table 3. Method was evaluated on 66 MRI obtained with different scanners and
from different institutions.
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Table 2: Evaluation of glioma segmentation using local validation. Where dice wt
stands for dice score of whole tumor, et stands from enhancing tumor and tc stands
for tumor core.
Method
unet
cascaded unet

dice wt
0.877
0.893

dice et
0.746
0.756

dice tc
0.747
0.768

Table 3: Evaluation of glioma segmentation using validation data provided by BraTS
2018 organizers. Where dice wt stands for dice score of whole tumor, et stands from
enhancing tumor and tc stands for tumor core.
Method
unet
cascaded unet

4

dice wt
0.882
0.883

dice et
0.754
0.742

dice tc
0.754
0.76

Conclusion

In this paper we presented automatic brain tumor segmentation algorithm. It
consists of two stages: tumor localization and segmentation. We implemented
and compared different localization methods and showed their performance for
brain tumor localization. Moreover, we compared two segmentation networks
as a part of presented pipeline: 3d unet and it’s cascaded counterpart. Both
methods achieved the same accuracy on validation data provided by organizers,
however proposed method showed better performance on local validation.
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Abstract. Brain tumor segmentation is a difficult task due to the strongly
varying intensity and shape of gliomas. In this paper we propose a multistage discriminative framework for brain tumor segmentation based on
BraTS 2018 dataset. The framework presented in this paper is an extended segmentation system of greater complexity based on our model
described at BraTS 2016. This framework implements a multi-stage classifier based on the random forest (RF) algorithm. Our four-stage system
attempts to follow the layered structure of tumor tissues provided in the
annotation protocol. In each segmentation stage we dealt with four major difficulties: feature selection, determination of training database used,
optimization of classifier performances and image post-processing. The
framework was tested on the evaluation images from BraTS 2018. The
results obtained are comparable to the best ones presented in previous
BraTS Challenges.
Keywords: multi-stage classifier ∙ random forest ∙ feature selection ∙
variable importance ∙ MRI brain tumor segmentation

1

Introduction

Image processing is a powerful tool for computer-aided diagnosis especially in the
medical field. The most important advantage of medical imaging is the fact that
examination performed non-intrusively. MR imaging and diagnosis is increasingly being user for medical investigation. This article is restricted to MRI brain
imagining and provides a framework for the automated brain tumor segmentation method proposed, delimiting different types of tumors from multi-modal
MRI images. The automatic system based on machine learning overcomes the
?
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laborious, lengthy work of segmentation done manually by experts. It is replicable and much faster than the segmentation performed by experts, which might
be fairly different. The most important advantage of such a system is that it can
lend assistance in determining the correct diagnosis, surgery or treatment plan
and monitor the evolution of the disease.
The framework presented in this paper is an extended segmentation system of
greater complexity based on our model presented at MICCAI-BraTS 2016 [14].
This model was built on a feature extraction algorithm [13] and single-staged
random forest (RF) classifiers with optimized parameters. The random forest
approach was used in few systems presented at BraTS 2017 [9, 18, 16, 17]. The
segmentation results obtained showed that the tumor region is well detected,
but the contours of the whole tumor and the interior tumor tissues are not
well delimited. The source of the aforementioned errors could be the choice of
training samples used, the unbalanced database provided, and its enormous size.
These three factors cannot be counteracted by a single-stage RF classifier. Another deficiency in our previous model is that it considered almost any spatial
relationship between the tumor tissues, according to the annotation protocol
described in [11, 15].
In the current work we propose a multi-stage classifier based on the random
forest algorithm. In our current experiments we attempt to circumvent the deficiencies of our old framework and improve the segmentation results.
The proposed framework is built around the model given in Fig. 1.

Fig. 1. Discriminative Model Proposed for Segmentation

The I. stage-classifier detects the tumorous zone from the entire 3D MRI
image. This phase is tuned to have an extremely good Positive Predictive Value
(PPV) detection index. It considers the tumor zone to be the goal of detection,
and therefore this is the positive segmentation zone. Thus, it is able to delimitate
the image ROI containing the tumor with a high probability, of approximately
0.99.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

281 of 578

Cascade of Random Forest Classifiers for Brain Tumor Segmentation

3

In the II. stage the WT (whole tumor)-classifier delimitates the whole tumor
from healthy brain tissue. Afterwards the TC (tumor core)-classifier delimits the
tumor from edema (III. stage). Finally, the last ET (enhanced tumor)-classifier
(IV. stage) is able to segment the tissues inside the TC. The use of binary classifiers for all these classification decisions follows from the annotation protocol.
It states that ”the various tissue elements (edema, non-enhancing, enhancing,
necrosis) usually follow an outside-inside sequence therefore one should start
from the outside and delineate regions within the previous labels. Due to this
«Mozart kugel» appearance it is enough to always delimitate what is outside
and internal border should not be delimitated” [11].

2

Method

The delimitation of the brain tumor from the healthy tissues can be achieved by
a voxel-wise segmentation. To solve this task we propose a multi-stage discriminative model based mainly on the random forest algorithm and its facilities.
Voxel-wise segmentation starts with the construction of the feature database
obtained from the annotated image database. The feature database generation
process is identical both for the segmentation (classification) and the training
phases, as well. It consists of the following steps: preprocessing, local feature
definition and extraction (Fig. 1 and 2).

Fig. 2. Discriminative Model Proposed for Training each Stage

The database used in our segmentation made up of was the training and
validation databases created for the BraTS 2018 Challenge [4]. The training set
consists of 75 low-grade and 210 high-grade MRI brain images. The image data
consists of 4 modalities T1, T1c, T2 and FLAIR, acquired from 19 different
MRI scanners using different protocols [4, 6]. All the images had been segmented
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manually by several experts, and the average annotation is in fact the ground
truth given in the database. The modalities are co-registered, interpolated to the
same resolution and skull-striped. The annotated regions [7, 8] are labeled in 4
different classes: 0 for background and healthy tissue, 1 for NCR/NET (necrotic
and/or non-enhancing tumor), label 2 for ED (the edema) and label 4 for ET
(the enhancing tumor).
During preprocessing we handled three important artifacts: inhomogeneity
correction, noise filtering and intensity standardization. For inhomogeneity reduction in MR images, we applied the N4 filter implemented in the ITK package [1]. The anisotropic filtering from the same package was used for noise reduction. Intensity normalization was done by histogram linear transformation in
such a way that the first and third quartiles had predefined values.
In voxel-wise segmentation it is necessary to define a set of intensity- and
local neighboring features. The following features were extracted: first order operators (mean, standard deviation, max, min, median, Sobel, gradient); higher
order operators (laplacian, diïňĂerence of gaussian, entropy, curvatures, kurtosis,
skewness); texture features (Gabor filter); spatial context features (symmetry,
projection, neighborhoods), – the same as in our previous work.
The segmentation workflow given in Fig. 1 requires four binary classifiers.
Each classifier is trained and evaluated on its own feature database during its
training process (Fig. 2). The global training consists of four training stages and
each stage is composed of the following four steps:
1. feature selection based on variable importance [12] provided by the random
forest;
2. incremental training of the RF stage-classifier;
3. optimization of the classification performance according to the task of the
given tumor tissue segmentation;
4. image post-processing, with the role of reducing false detections and implementing the layered structure of tumor tissues.
The first step (1.), feature selection based on the variable importance provided
by the RF algorithm, and the third step (3.), the performance optimization of the
random forest classifier, were presented in our previous articles [13, 14]. These
approaches were used to create our one-stage segmentation system presented at
the previous BraTS Challenge in 2016 [14]. In our current work we use these
algorithms in each of the four stages.
In the first step we defined 960 different features for each voxel. The RF classification algorithm is not able to deal with all the input image voxels and all
960 features previously defined, due to hardware and software limits. Therefore,
this large amount of data was handled by taking advantage of the random forest
variable importance evaluation. Our idea was to implement an iterative feature
selection algorithm presented in [13]. The main idea of the algorithm is to evaluate the variable importance several times on a randomly chosen part of the
feature database (Fig. 3). If the OOB error of the forest ensemble was below a
certain threshold then the variable importance was taken into consideration and

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

283 of 578

Cascade of Random Forest Classifiers for Brain Tumor Segmentation

5

cumulated. Averaging the variable importances in the iterations the algorithm
was able to eliminate the most unimportant 20-40% of variables in each run.

Fig. 3. Feature Selection Algorithm

In random forest approaches the training set is usually created out of the
existing annotated images by random subsampling. In the case of BraTS2018
the annotated image set contains 285 MR images and each image is made up
of about 1,500,000 voxels, which means about 450 million samples. This huge
database is, in addition, extremely unbalanced. In consequence we must obtain
a well-defined database for training our random forest classifier. The solution to
this is the incremental learning procedure that consists of enlarging the current
training set by incrementally adding incorrectly classified random subsamples. In
the second step (2.), this incremental learning is repeated several times until the
classification performances are adequate or the upper limit of hardware and/or
software is reached. The flowchart of the incremental learning is given in Fig. 4.

Fig. 4. Incremental Learning

The classifier performance optimization (step 3.) is in strong correlation with
the segmentation task set. This assumes the correct choice of training param-
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eters. The random forest classification performance can be tuned via three important parameters: mtires – the number of randomly chosen features used as a
splitting criterion in each node of the trees; the ntrees – the number of trees in the
forest; nnodes – the maximum number of nodes in each tree. These parameters determine the size of the random forest ensemble. the segmentation performances,
training time and system complexity, as well. In our experiments [14] these durations can be drastically reduced without any loss in segmentation accuracy.
The last step (4.), after the training of each stage-classifier (Fig. 2), is an
image post-processing step to do with the goal of the current stage. Here we
managed to incorporate some knowledge about the tumor, such as the number of distinct tumors in a brain, one tumor is a connected zone within the
healthy brain tissue, the tumor core is inside the edema, the enhanced tumor is
a connected zone inside the whole tumor, etc. By applying this post-processing
step we succeeded to eliminate the most of the false detections and improve the
quality of segmentation.

3

Preliminary Results

The proposed discriminative model is quite laborious and the four proposed
classifiers have to be tuned separately (Fig. 1). In this phase 70 HGG images are
used for training the RF classifier and remaining of 140 HGG images are used
for tuning and testing segmentation performances.
The I. stage-classifier determines the ROI (region of interest) that contains
the tumor region with high probability. This binary classifier was trained on the
whole brain in order to delimit the healthy region from the tumoral region. The
tumor zone was determined by this first classifier obtaining a PPV (Positive
Predictive Value) index of around 90%. So as to improve these values a region
dilation of 3 voxels (with a ball-structuring element) was applied, taking into
consideration only the two most important connected regions. In this way the
ROI obtained is about twice as large as the whole tumor, but the PPV index
reached on average 0.99 on the 70 training images and 0.97 on the remaining
140 images used for testing and evaluation. The correct determination of this
ROI has a crucial role in the subsequent stages. Table 1 shows the average
Table 1. First Stage Classifier Results

Training-70 MRI
PPV Sensibility
0.724
Mean 0.975
Binary classif. StdDev 0.082
0.164
0.518
Mean 0.996
Post-processing StdDev 0.012
0.154

Testing-140 MRI
PPV Sensibility
0.913
0.656
0.146
0.185
0.981
0.531
0.041
0.163

and standard deviation of the PPV index after the binary segmentation and
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Fig. 5. Segmentation Example
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post-processing in the I. stage. The ROI obtained reduces the image region and,
implicitly, the feature database by about 8 times. This allows us to create a more
precise classifier in the next stages.
The II. stage-classifier is applied only on the ROI. Its segmentation task
is to delimit the remainder of healthy tissue from the WT. In this stage the
segmentation with post-processing creates two disjunct regions, considering the
tumor zone a connected region inside the healthy tissues.
The III. stage-classifier is applied only inside the WT region and its task is
to delimit the edema region from the TC region. In post-processing we consider
that the edema forms a connected region that frames the TC and is the margin
of the WT. By obtaining the edema from the WT, the TC region is found at
the same time.
The IV. stage-classifier is applied only inside the TC region (obtained in the
previous stage) in order to segment the ET (enhanced tumor) and the NET
(non-enhanced tumor)/NEC (necrotic tumor).
The results obtained after the four stages were uploaded to the leaderboard [5]
are presented in Tables 2, 3 and Fig. 5.
Table 2. Segmentation Results for the Training Database

Dice
Label
ET WT TC
Mean
0.819 0.887 0.823
0.116 0.092 0.155
StdDev
0.845 0.921 0.879
Median
25quantile 0.779 0.864 0.779
75quantile 0.898 0.941 0.924

Sensitivity
ET WT TC
0.842 0.852 0.799
0.146 0.140 0.196
0.892 0.899 0.878
0.777 0.809 0.734
0.941 0.946 0.934

Specificity
ET WT TC
0.997 0.996 0.998
0.004 0.004 0.003
0.998 0.998 0.999
0.997 0.996 0.997
0.999 0.999 1.000

Hausdorff95
ET WT TC
5.457 5.722 8.833
7.924 6.411 8.705
2.236 3.535 7.071
1.414 2.000 3.162
5.171 7.071 10.724

Table 3. Segmentation Results for the Validation Database

Dice
Label
ET WT TC
Mean
0.719 0.873 0.689
StdDev
0.273 0.109 0.281
0.819 0.901 0.797
Median
25quartile 0.724 0.851 0.647
75quartile 0.886 0.933 0.892

4

Sensitivity
ET WT TC
0.764 0.852 0.656
0.252 0.154 0.288
0.850 0.913 0.738
0.708 0.775 0.552
0.928 0.954 0.856

Specificity
ET WT TC
0.998 0.995 0.998
0.003 0.005 0.004
0.999 0.997 0.999
0.998 0.994 0.998
0.999 0.998 0.999

Hausdorff95
ET WT TC
7.304 7.068 12.662
11.080 11.309 13.429
3.158 4.000 8.305
2.000 2.449 6.335
6.708 6.083 12.400

Conclusion

In this paper we developed a four-stage discriminative model for brain tumor
segmentation based on multi-modal MRI data. Our four-stage model attempts to
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implement the layered tissue structure by adequate training of binary classifier
and image post-processing in each segmentation stage. In each stage we solved
the four important issues concerning discriminative models. Our results show
that binary classifiers are very efficient for the layered segmentation task. One of
the most important results is the determination of a ROI that has to enclose the
whole tumor with a very high probability. In the first segmentation stage, a PPV
of about 0.97 has been reached by decreasing the sensibility to 0.6. This ROI
reduces the size of the feature database by about 8 times and provides a reliable
ROI for the next segmentation stages. The preliminary results we presented were
obtained by the four-stage segmentation framework we developed, trained on 70
HGG and tested on the rest of 140 HGG image sets. In the future we propose
training our system with all HGG and LGG images provided for training in
order to reach similar performances on the BraTS2018 validation dataset. The
system developed is a complex implementation using a large variety of software
packages and modules such as ITK in C++ [1], Java, ImageJ and Fiji with
Trainable Weka Segmentation [2], the random forest package from R [3], Matlab
for evaluation and conversion into the desired image type.
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Fused U-Net for Brain Tumor Segmentation based on
Multimodal MR Images
Xiaochuan Li
Tianjin University, Tianjin, China

Abstract. Multi-modality MR images are important diagnosis tools for brain tumor evaluation and treatment. However, it is a non-trivial task to segment the
whole tumor from MR images due to the complicated tumor micro-environments
and different gradings of brain tumors. In this paper, we have proposed a multistage segmentation method for accurate extraction of the whole tumor, enhancing
tumor and tumor core based on a cascaded modified U-Net. The modified U-Net
of each stage is implemented as three separate 2D modified U-net for the axial,
sagittal and coronal views, followed by fusion operation to include tumor features
from all views. The network of the subsequent stages will use results from previous stages as an additional input. On the BraTS Challenge 2018, our method has
achieved an average dice score of 0.895/0.810/0.863 over training dataset and
0.883/0.720/0.788 over validation dataset for whole tumor, enhancing tumor and
tumor core, separately.
Keywords: Brain Tumor, Fully Convolutional Neural Network, MRI.

1

Introduction

Gliomas, including glioblastoma and lower grade glioma, are the most common brain
malignancies with different degrees of aggressiveness and variable prognosis. With different histological structure, gliomas can be divided into various heterogeneous subregions such as edema, necrotic core, enhancing and non-enhancing tumor core. Accurate segmentation of the tumor sub-region is important for the precise diagnosis and
treatment, such as radiotherapy[1, 2, 3]. Meanwhile, segmenting tumor structure from
MR images is complicated due to the heterogeneous tumor micro-environments, and
different appearance of various gradings of the brain tumors.
In this paper, we propose a three-stage U-Net[4, 5, 6] for the task of segmentation of
brain tumors, including whole tumor, tumor core and enhancing tumor. U-Net has been
successfully applied to many biomedical image tasks, and showed good performance
on semantic segmentations[7, 8, 9]. We designed a three-stage segmentation system
using both 2D and 3D multimodal U-Nets based on MRI scans for automated segmentation of brain tumor and intra-tumor sub-regions, including edema, enhancing tumor
and necrotic/non-enhancing tumor.
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2

Methods

2.1

Data

The BraTS 2018 Challenge has provided 210 glioblastoma (GBM/HGG) and 75 (lower
grade glioma) LGG brain MR cases [10, 11, 12, 13]. Each case is composed of four
MR sequences, including FLAIR, T1, T1CE and T2. Meanwhile, each case is also given
a ground truth annotation image, consisting of GD-enhancing tumor (ET, label 4), peritumoral edema (ED, label 2), necrotic and non-enhancing tumor (CNR/NET, label 1).
The data is co-registered to the same anatomical template and interpolated to the sample
resolution. For the prediction of patient overall survival, the data is defined in days,
storing in the csv file corresponding to each case name. The validation set consists of
66 cases with no distinction between HGG or LGG.
2.2

Data Preprocessing

In our approach, before feeding the data to the deep learning network, each case is
normalized by its own mean and standard deviation for both training and validating
phases. In training, we have added data augmentations including horizontal flip, vertical flip, scale and rotate, randomly. Also, we have added the shear and elastic transformation. Gaussian noise is also added in all input MR modalities. Those data augmentation procedures have greatly increase our model generalization, and effectively avoid
overfitting of the training model.
2.3

Multimodality 2D Slice Neural Network

In our approach, the whole process pipeline is described as Fig.1. We have adopted a
three-stage approach to extract the tumor structures, which consists of whole tumor
extraction, tumor core extraction and enhancing tumor extraction.

3D Input

Axi slice

2D U-Net-Axi

Sag slice

2D U-Net-Sag

Cor slice

2D U-Net-Cor

Fusion

WT mask

3D U-Net-TC

TC mask

3D U-Net-ET

ET mask

Tumor mask

Figure. 1 The pipeline of the proposed method
In whole tumor extraction, we have applied three standard U-Net structures (U-NetAxi, U-Net-Sag, U-Net-Cor), with each corresponds to one view direction of the
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original MR images. The U-Net is implemented with feature numbers of [64, 128, 256,
512, 1024], separately. During downsampling and upsampling of each layer, we adopt
the kernel size of 3 in convolutional layer and kernel size of 2 in max pooling layer.
The output of the network has 2 channels, each represents the background and foreground (whole tumor). During training and validating stage, each U-Net for each view
is trained and validated separately, using the log-softmax of output channels with the
NLL-Loss. While in testing stage, testing cases will be feed forwarded through each UNet-Axi, U-Net-Sag and U-Net-Cor, and the results of each view are ensembled with
equal weights, followed by a post-processing operation. During post-processing, the
final binary labels are fused as the maximum indexes of log-softmax values from the 2
output channels.
2.4

Multimodality 3D U-Nets for tumor core segmentation

Segmentation of tumor core regions was performed by a 3D U-Net. The results of the
whole tumor segmented is used as an additional input, together with the 4 input MR
channels of T1, T1CE, T2 and flair to generate a 5-channel concatenated input. The 3D
U-Net is implemented with feature numbers of [16, 32, 64, 128]. Besides, the kernel
size was set as 3 in convolutional layers and as 2 in pooling layers, the same as in the
2D U-Net. The output of the net is a 3-channel tensor, each channel refers to the probability map of background, tumor core and edema, respectively.
Since the region of brain tumor normally correspond to 20% or less of the overall brain
tissue, dice coefficient[14, 15, 16] is used as a loss function to train the net, which can
be written as:
𝐷=

𝛴𝑖∈𝑉 𝑝𝑖 ⋅𝑙𝑖
𝛴𝑖∈𝑉 𝑝𝑖 +𝛴𝑖𝜖𝑉 𝑙𝑖

(1)

where V is the set of voxels in the 3D image, 𝑝𝑖 is the softmax value of the voxel.
Besides, we found that the predicted mask of tumor core is usually larger than the
ground-truth, which causes the decline of segmentation accuracy. To solve the problem,
we design a united dice loss function which also include dice score of edema to revise
boundary:
𝐷 = 𝐷𝑇𝐶 + 𝛼 ⋅ 𝐷𝐸𝐷

(2)

where 𝛼 is the coefficient of the dice loss of edema region. During training, we set 𝛼 =
0.3.
In tumor core segmentation, the input is a 5-channel 128*128*128 cubic patch in training, which is in the center of raw multimodality MRIs for simplicity, and the output is
a 3-channel (background, tumor core and edema) patch of the same size. Subsequently,
the 3-channel output of the network was multiplied by the previous whole tumor prediction probability map to remove outside false positive voxels. The complete architecture of the tumor core extraction network is shown in Fig. 2.
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Figure. 2 Architecture of the 3D tumor core extractor
2.5

Multimodality 3D U-Nets for enhancing tumor segmentation

In enhancing tumor segmentation, a 3D U-Net with similar structure as in tumor core
segmentation was used. A 5-channel 128*128*128 cubic patch input, which is the concatenation of raw MRIs and the mask of tumor core, is fed into the network. The output
is a 3 channel patch of the same size of input, and each channel of output tensor refers
to the probability map of background, necrotic/non-enhancing tumor and enhancing
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tumor, respectively. The output is multiplied by the tumor core mask as a post-processing step. The loss function can be written as:
𝐷 = 𝐷𝐸𝑇 + 𝛼 ⋅ 𝐷𝑁𝐶

(3)

where 𝛼 is set as 0.4 here.
Finally, we add three output prediction to generate the final mask, including ET-label
4, NCT/NET-label 1 and Edema-label 2.

Figure. 3 Segmentation results for typical case

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

294 of 578

3

Results

We have evaluated our method for both training and validating phases. In training
phase, we have applied cross-validation method. The whole data is split into 15 subsets
equally, with each cross-validation procedure includes 13 training subsets, 1 test subset
and 1 validation subset. The cross-validation procedure is repeatedly executed 15 times
and the dice score of the tumor parts for each procedure is recorded. The final dice is
calculated as the average in all procedures, and an average dice score of 0.891, 0,863
and 0.810 for whole tumor, tumor core and enhancing tumor is achieved. In validating
phase, we have uploaded the output of our proposed network to the organizers’ website
to obtain the corresponding dice scores of tumor parts. The final results for validation
on leaderboards are described in Table [1], with an average dice score of 0.8828, 0.7882
and 0.7197, an average Hausdorff score of 29.21969, 11.06356 and 7.93296 for whole
tumor, tumor core and enhancing tumor, respectively. The typical results for segmentation is presented in Fig. 3.

4

Discussions and Conclusions

In this paper, we have proposed a cascaded U-Net architecture that progressively segment the whole tumor, tumor core and enhancing tumor from the whole brain MR images. The 2D and 3D modified U-net have achieved good segmentation results, using
a balanced dice score, and model ensembles. During training and validating, we have
applied data preprocessing and augmentation techniques to increase the segment accuracy. The cross validation on training dataset and official validation results show that
our method has achieved promising results. Currently, segmentation errors mainly lie
in the boundary parts of the tumors and several cases have shown lower dice score
because of the poor image qualities. Future improvements will be on model tuning and
refinement on tumor boundaries, and to increase the robustness of the proposed method
towards low quality MR images. We are also going to predict patient overall survival
using the refined segmentation results and a feature based learning method.
Table 1 Performance of the proposed method on validation dataset
Dice ET
Dice WT
Dice TC
Sensitivity ET
Sensitivity WT
Sensitivity TC
Hausdorff95 ET
Hausdorff95 WT
Hausdorff95 TC

Mean

StdDev

Median

25 quantile

75 quantile

0.71965
0.8828
0.78823
0.80544
0.92736
0.86726
7.93296
29.21969
11.06356

0.26682
0.06948
0.20382
0.24675
0.08467
0.17046
14.35554
31.2731
13.41404

0.8171
0.90126
0.84841
0.88398
0.95204
0.94171
2.44949
10.58258
6.32456

0.72289
0.87261
0.75922
0.80673
0.92418
0.82519
2
3.80624
3

0.86515
0.92758
0.90723
0.91933
0.97418
0.96627
4.12311
57.55182
11.35782
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Multi-Modality Brain Tumor Semantic Segmentation
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Abstract. Semantic segmentation is a difficult problem, for it requires algorithms include both multi-level reasoning and the pixel-level accuracy. In recent
years, deep convolutional neural networks have achieved many result-breaking
results in dense prediction and scientists are still working on proposing new
methods to produce more precise boundary. In this paper, a two-stage coarse-tofine model is put forward, of which the first phase is designed to obtain the
overall shape of target region and the second one to identify pixel-level details.
The method has been tested on the training data and validation data of
BrainTS18 challenge by values of dice, sensitivity, specificity and hausdorff95.
The final results on testing data will be delivered soon.
Keywords: Tumor segmentation, Two-stage learning, Deep learning.

1

Introduction

Deep convolutional neural networks have achieved lots of result-breaking results in
the field of image processing, including classification [11,12], object detection [13]
and of course image segmentation [9,10]. In the field of image segmentation, the most
challenging one is a semantic segmentation problem. It requires algorithms not only
segment the object out, but also categorize pixels into different classes.
Up to now, most of the models proposed for dense prediction problems are adapted
from neural networks proposed for natural scene [9]. Those structures, however, are
not sensitive enough to depict the boundary of target objects clearly. For example, in
an indoor dense prediction problem, when algorithms are required to segment a fork
out, there is no need to differentiate each tooth of the fork. However, if the shape of
an organ or tissue are multitooth, it may indicate cancerization. As a result, designing
a model merely adapt existing models to medical field may not be the best solution.
Multiple stages training is not proposed for the first time[7,8]. Those models are
reported to performs better in solving image segmentation problems. Based on those
research mentioned above, the second or later neural networks will improve the performance and that improvement could be attributed to better segmentation of details.
However, the widespread practice is simply concatenate two same CNNs together and
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push the data through them one by one. This method raises questions that whether the
second or later neural networks should as complex as the first one. If the first stage is
designed to achieve a coarse result and the second stage are designed to polish the
output of it, would the structure become more brief and efficient?
In this paper, a two-stage coarse-to-fine model are proposed for semantic segmentation problem. The convolutional neural network of the first stage is designed with
pooling operations, so that a large receptive field could be obtained for image reasoning. The second one is proposed aim at dealing with details in a limited range and
polish the coarse result to a better one.
To evaluate the result of our method, we participate the challenge called Multimodal Brain Tumor Segmentation Challenge 2018. There are 285 MRI scans in the
training dataset. All of them are 3T multimodal MRI images, including T1-weighted
images, post-contrast T1-weighted images, T2-weighted images and T2 Fluid Attenuated Inversion Recovery (FLAIR) images. Labels are annotated by neuroradiologists
[1,2,3,4].
In the method part of this paper, we will introduce the structure of out model and
some details of it. After that, two stages will be introduced one by one. Then the
method to evaluate the result will be put forward. In the result part, the result tested
on the validation set will be published.

2

Method

Deep convolutional neural networks are capable of integrating data of multiple modality together and provide state-of-the-art dense prediction result. 错误!未找到引用
源。 illustrates the overview of the fully automatic coarse-to-fine model that we
proposed.
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Fig. 1. This figure is the flow chat of the model that we proposed

2.1

Input

In the input stage, four modalities of images, with shape 155*240*240, are directly
concatenated together as the input of the model. This practice is trying to prompt neural networks learn key features itself, without manual intervention, driven by data.
In this experiment, all the images used for training is provided by the BrainTS18
challenge. Data form other sources is not used.
2.2

Training

In the first stage of the whole model, a U-Net[5,6] like, 3-dimensional convolutional
neural network are leveraged to provide the coarse segmentation result. The first
model is consisted of pooling, convolution and skip layers. Although pooling operations could enlarge the receptive fields of the first model, vital details are also lost. To
make up for the information loss in the first stage, the second convolutional neural
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network is proposed to recalculate the boundary of target object. In the second stage,
there is no pooling operations, which is designed specifically for improving point
wise accuracy.
The input of the second phase is the combination of original data including four
different modalities and the probability map provided by the first stage. This practice,
in a sense, is mimicking the learning progress of human beings. Take the math learning as a case, people usually learn elementary mathematics at first and then learn the
advanced math based on previous knowledge, so it is with this two-stage model. The
first stage is designed to obtain high-level features. It is easy to achieve and most of
the deep learning algorithms could do it well. The second phrase mainly focus on
details based on the knowledge learned from the first stage.
The whole model is not an end to end one, for gradients could not pass from the
second loss directly to the input. So, two convolutional neural networks should be
trained respectively.
2.3

Loss function

There are tow losses in the model. The first one is a balanced dice loss function. In the
field of medical image segmentation, the area of target object is usually much smaller
than the background. So that the loss will be very small even if the model predicts all
the pixels as background, and the ratio of foreground and background is much higher
in three-dimensional case. As a result, we multiply the loss of target areas with a large
coefficient and the background with a small area to balance the difference of quality
between target areas and background. The second one is cross entropy loss.

3

Results

3.1

Dataset

Data engaged in both training and validation phrase are acquired from BrainTS18
challenge [1,2,3,4]. In the training phrase, there are 285 objects, each of them is consists of four modalities, T1-weighted images, post-contrast T1-weighted images, T2weighted images and T2 Fluid Attenuated Inversion Recovery (FLAIR) images.
Those images are from 19 different facilities and are annotated followed the same
protocol. There are 66 images without annotation in the validation dataset, results will
be reported later.
3.2

Evaluation

For reasons of time, up to the first draft is submitted (14th July), we only finished the
training phrase of the first stage of the model. The training of the second one is still in
progress, for there is too much large-scale training data.
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Table 1. shows the result that our model has achieved on the validation set. The
result of three distinct parts are validated including Enhancing Tumor (ET), the whole
tumor (WT) and tumor core (TC). All of them are listed in the horizontal direction of
the table.
The results are evaluated by four indexes, dice coefficient value, sensitivity value,
specificity value and Hausdorff95 distance. For each one of them, we reported the
mean value, standard deviation and the median value.
Table 1. Results of the validation dataset

Dice value mean

ET
0.7639

WT
0.8958

TC
0.7905

Dice value std

0.2529

0.0607

0.2206

Dice value median

0.8565

0.9112

0.8787

Sensitivity mean

0.8165

0.9119

0.8031

Sensitivity std

0.2224

0.0846

0.2256

Sensitivity median

0.8924

0.9340

0.8971

Specificity mean

0.9975

0.9934

0.9972

Specificity std

0.0038

0.0047

0.0032

Specificity median

0.9986

0.9953

0.9981

Hausdorff95 mean

4.0714

4.4924

8.1971

Hausdorff95 std

7.1522

3.1958

9.6222

Hausdorff95 median

2.0000

3.5348

4.4721

To achieve a subject understanding of the results we also visualized some examples.
People could find out the difference between our result and the ground truth. Fig 2
illustrates the output of our model. From left to right is the origin T2-weighted images, the middle is the ground truth and the right one is the output of the model. By
comparing the difference between the ground truth and the output, we could see that
the first stage has already learnt the coarse structure of the images.
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Fig. 2. From left to right is the origin image, origin images with ground truth and the
prediction of the model.

4

Conclusion and discussion

In this paper, we described a two-stage framework for semantic segmentation. Up to
now our method has only been tested on the validation dataset and the result on the
testing data will be reported later. To further understand whether our method works
better, a larger dataset is required.
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Abstract. This is brief draft of our developed automatic brain tumor sub-regions segmentation approach. We design a two-stage cascaded
framework and propose a lightweight CNN architecture with only ten layers. Experiments with BraTS 2018 validation set show that the proposed
method achieved average Dice scores of 0.743, 0.881, 0.773 for enhancing
tumor core, whole tumor and tumor core, respectively.
Keywords: Brain tumor, convolutional neural network, dilated kernel,
segmentation

1

Introduction

Globally, brain tumors are one of the leading reasons for cancer-related death
in human beings. Medical imaging technologies play an important role in the
diagnosis of cancer, preoperative planning, intraoperative navigation and postoperative evaluation. Magnetic Resonance Imaging (MRI) is the most frequently
used imaging method in the diagnosis of brain tumors, because it is no invasive
and does not have radiation.
Brain tumor segmentation in MRI sequences is crucial for quantitative analysis in clinic. However, it is time-consuming and labor-intensive for radiologists to
manually delineation the brain tumor. Automatic segmentation of brain tumor
has a potential to provide an objective and accurate analysis of the tumors.
In this paper, we design a two-stage cascaded framework to extract brain tumor subregions. In addition, we propose a novel lightweight Convolutional Neural
Network (CNN) architecture which is iteratively employed in each segmentation
sub-task. Besides, instead taking all the modalities as inputs, we analysis the
characters of the brain tumors in each modality and make good use of the complementary information between different modalities.

2
2.1

Methods
Modality Selection

From [10], we find that different brain tumor structures are annotating by different strategies in clinic. Specifically, the edema (belongs to the whole tumor)
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is segmented primarily from T2 images. FLAIR is used to cross-check the extension of the edama. The enhancing tumor and the tumor core are identified from
T1ce. Motivated by this annotation protocol, we select different modalities for
the segmentation of different brain structures. Table 1 contains an overview of
the used modalities for different sub-regions segmentation. In other words, we
only use FLAIR and T2 sequences to segment the whole tumor and use T1ce to
segment tumor core and enhancing tumor.

Table 1. Overview of the used modalities for the segmentation of different sub-regions.
Sub-regions
whole tumor
tumor core
enhancing tumor

2.2

Used Modality
FLAIR and T2
T1ce
T1ce

Two-stage Cascaded Framework

The proposed two-stage cascaded framework is shown in Fig 1. We iteratively
use one lightweight CNN architecture to sequentially segment the substructures
of brain tumor. Firstly, we segment the whole tumor from FLAIR and T2 MR
sequences. After that, we merge the segmentation results of FLARI and T2 by
simply making an union. Thus, a whole tumor ROI can be obtained. To ensure
the ROI contains the fully tumor, we make an extension with 5 pixels for the
bounding box of the tumor ROI. Following, we corp the FLAIR and T1 sequences
by the bounding boxes and train one lightweight CNN architecture to make a
binary prediction for whole tumor segmentation, the other same architecture to
make a triple prediction for tumor core and enhancing tumor segmentation.

FLAIR

T2

Lightweight
CNN

Lightweight
CNN

FLAIR ROI

Lightweight
CNN

WT

T1ce ROI

Lightweight
CNN

ET & TC

Tumor
ROI

Fig. 1. The proposed two-stage cascaded framework for brain tumor sub-regions segmentation.
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2.3

3

Proposed Lightweight CNN Architecture

For 3D volume segmentation, traditional architectures, such as Unet and FCN,
have high memory consumption in the training phase. However, changing the
inputs as 2D slices, the context information would be lost. As a trade-off between memory consumption and context information, we present a lightweight
CNN architecture (Table 2) for 3D segmentation which integrate dilated convolution with increased and decreased dilated rates, residual connections and
batch normalize.
Table 2. The configurations of the proposed ten layers lightweight architecture.

Layers
Configurations (kernel size, channel number)
Conv
(3 ∗ 3 ∗ 3), 8
Dilated Conv
(3 ∗ 3 ∗ 3), 16, dilated factor = 1
Dilated Conv
(3 ∗ 3 ∗ 3), 32, dilated factor = 2
Dilated Conv
(3 ∗ 3 ∗ 3), 64, dilated factor = 4
Dilated Conv
(3 ∗ 3 ∗ 3), 64, dilated factor = 4
Dilated Conv
(3 ∗ 3 ∗ 3), 64, dilated factor = 2
Dilated Conv
(3 ∗ 3 ∗ 3), 64, dilated factor = 1
Conv
(3 ∗ 3 ∗ 3), 64
Conv
(1 ∗ 1 ∗ 1), 64
Conv
(1 ∗ 1 ∗ 1), 2 or 3 for binary/triple segmentation, respectively

Dilated Convolution with increased and decreased dilated rates. Dilated convolutions have been verified as a very effective structure in deep neural
networks [12], [4]. The main idea of dilated convolution is to insert ”holes” between pixels in traditional convolutional kernels to enlarge the respective field.
To obtain multi-scale semantic information, we employ different dilation factors
in the proposed architecture. The dilation factors are set to 1, 2, 4 with increased
and decreased sequences.

Residual Connections and Batch Normalization. To training deep CNNs
more effective, residual connections were firstly introduced by He et al [7]. The
main idea of residual connections is to learn residual functions through the use
of identity-baed skip connections which ease the flow of information across units.
Our proposed lightweight architecture adds residual connections to each layer. In
addition, each convolutional layer is associated with an element-wise parametric
rectified linear Unit (prelu) layer [6] and a batch normalization layer [8]. These
components greatly speed the convergence of the training process.
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Experiments and Results
Preprocessing.

We use the BraTS 2018 dataset ([3] [1], [2]) for experiments. To enforce the MRI
data more uniform, we conduct following preprocessing (Table 3) for the used
modilaties. It can be found that FLAIR data is added a histogram equalization
compared to T2 and T1ce. This is because the intensity distribution of FLAIR
varies considerably across different cases. We present two examples of FLAIR
images (Fig. 2) in training data set. It can be seen the intensity distribution of
the two cases differs remarkably even imposed z-score normalization. Therefore,
we further make a histogram equalization to make them share similar intensity
distribution. For T2 and T1ce sequences, however, there are no such significant
intensity differences between different cases. So a simple z-score preprocessing is
enough.

(a) Original

(b) Z-score

(c) Histogram equalization

Fig. 2. Preprocessing of two FLAIR images. The first row is the case named
”Brats18 TCIA02 135 1 (78th slice)” and the second row is the case named ”Brats18 TCIA02 283 1 (78th slice)”. After z-score normalization, there is still a great difference between the two images (the 2nd column). Further, a histogram equalization
is employed to make them share similar intensity distribution (the 3rd column).

3.2

Implementation Details.

The BraTS 2018 training dataset is randomly divided to training data (80%),
validation data (10%) and test data (10%). Our network is implemented with
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Table 3. Data preprocessing.

Modality
Preprocessing
FLAIR z-score, scale to [0, 1] and histogram equalization
T2
z-score and scale to [0, 1]
T1ce
z-score and scale to [0, 1]

NiftyNet ([9], [5]) and trained with resized volume of size 64 ∗ 64 ∗ 64. The batch
size is set as 2. The optimizer is adam with an initial learning rate 0.001 and
a L2 weight decay of 10−5 . The loss function is Dice coefficient [11] which can
deal with the data imbalance. No external data is used and data augmentation
during training includes random rotation, random spatial scaling and random
flipping. The whole training phase costs 30 hours in a NIVADA 1080Ti GPU.

(a) FLAIR image

(b) T1ce image

(c) Segmentation results

Fig. 3. Segmentation results of the brain tumor sug-regions from two validation cases (named ”Brats18 CBICA ABT 1” (1st row) and ”Brats18 CBICA AMF 1” (2nd
row)). Green: edema; Blue: non-enhancing tumor core; Pink: enhancing tumor core.
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3.3

Segmentation Results.

We test our framework on the BraTS 2018 validation dataset which consists of
66 new cases. Fig. 3 shows two examples for tumor sub-regions segmentation
from two validation cases. The green, blue and pink colors show the edema,
non-enhancing and enhancing tumor core, respectively. The quantitative results
of training dataset (testing data partition) and validation dataset are shown in
Table 4.
Table 4. Quantitative segmentation results of training and validation dataset.

Dataset
Dice ET Dice WT Dice TC
Training dataset (testing data) 0.585
0.885
0.557
Validation dataset
0.743
0.881
0.773

(a) FLAIR image

(b) Preprocessed image

(c) Ground truth

Fig. 4. Tow failed cases in the training dataset (named ”Brats18 CBICA ASH 1 seg”
(1st row) and ”Brats18 TCIA10 413 1” (2nd row)).
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3.4

7

Failed Cases

It is strange that the performance in training dataset (testing data partition) is
significantly lower than the performance in validation dataset. Fig. 4 shows some
failed cases with almost 0 dice score in training dataset. In the first stage, for
these cases, the whole tumor is under-segmented and a incomplete tumor bounding box is generated. It further degenerates the tumor core segmentation in the
second stage. Compared to the other well-segmented cases, these cases have low
contrast in the tumors’ boundaries. After preprocessing, the detailed information are lost (2nd column). From this perspective, the histogram equalization
may not be the best strategy to normalize the intensity distribution.

4

Discussion and Conclusion

We propose a lightweight CNN architecture for brain tumor sub-regions segmentation. The architecture only has 10 layers and 0.8M parameters. Experiments
with BraTS 2018 validation set show that the proposed method achieved average Dice scores of 0.743, 0.881, 0.773 for enhancing tumor core, whole tumor
and tumor core, respectively. We also analysis some failed cases and refining the
preprocessing method would be a solution to improve the performance.
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Abstract. In this paper, we present an approach for automatic brain tumor segmentation by exploiting multiple MRI modalities and processing
them in two stages using a fully-convolutional neural network (FCNN).
The first stage detects regions of interests, whereas the second stage performs the multi-class classification. The total time required to process
one full volume of our algorithm amounts to around 15 seconds. The experiments showed that the preliminary DICE scores over the BraTS’18
validation set are 0.7229, 0.8623, and 0.7675 for enhancing tumor, whole
tumor, and tumor core, respectively.
Keywords: Brain Tumor · Segmentation · Deep Learning · CNN.

1

Introduction

Brain tumor segmentation is a vital research topic in the field of medical image
analysis and processing due to its wide practical applicability, especially in the
context of brain tumor prognosis and staging. Approaches for this task can be
divided into atlas-based, unsupervised, supervised, and hybrid techniques. In the
atlas-based algorithms, manually segmented images (referred to as atlases) are
used to segment incoming (previously unseen) scans [21]. These atlases model
the anatomical variability of the brain tissue [19]. Atlas images are extrapolated
to new frames by warping and applying non-rigid registration techniques. An
important drawback of such techniques is the necessity of creating large (and
representative) annotated reference sets. It is time-consuming and error prone
in practice, and may lead to atlases which cannot be applied to other tumors
because they do not encompass certain types of brain tumors [5, 1].
Unsupervised algorithms search for hidden structures within unlabeled data [7,
16]. In various meta-heuristic approaches, e.g., in evolutionary algorithms [27],
brain segmentation is understood as an optimization problem, in which pixels
(or voxels) of similar characteristics are searched. It is tackled in a biologicallyinspired manner, in which a population of candidate solutions (being the pixel
?
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or voxel labels) evolves in time [6]. Other unsupervised algorithms encompass
clustering-based techniques [24, 28, 12], and Gaussian modeling [25]. In supervised techniques, manually segmented image sets are utilized to train a model.
Such algorithms include, among others, decision forests [8, 32], conditional random fields [29], support vector machines [15], and extremely randomized trees [20].
Deep neural networks, which established the state of the art in a plethora of
image-processing and image-recognition tasks, have been successful in segmentation of different kinds of brain tissue as well [18, 14, 10] (they very often require
computationally intensive data pre-processing). Holistically nested neural nets
for MRI were introduced in [31]. White matter was segmented in [9]. Interestingly, the winning BraTS’17 algorithm used deep neural nets ensembles [13].
However, the authors reported neither training nor inference times of their algorithm which may prevent from using it in clinical practice. Hybrid algorithms
couple together methods from other categories [26, 22, 30].
In this work, we address the aforementioned issues and propose a deep learning algorithm for automated brain tumor segmentation which exploits a new
multi-modal fully-convolutional neural network (Section 3). The experimental
evidence (Section 4) elaborated over the newest release of the Brain Tumor Segmentation dataset (Section 2) shows that it can effectively deal with multi-class
classification, and deliver high-quality tumor segmentation.

2

Data

The Brain Tumor Segmentation (BraTS) dataset [17, 2–4] encompasses MRIDCE data of 285 patients with diagnosed gliomas—210 high-grade glioblastomas
(HGG), and 75 low-grade gliomas (LGG). Each study case was manually annotated by one to four expert readers. The data comes in four co-registered modalities: native pre-contrast (T1), post-contrast T1-weighted (T1c), T2-weighted
(T2), and T2 Fluid Attenuated Inversion Recovery (FLAIR). All the pixels have
one of four labels attached: healthy tissue, Gd-enhancing tumor (ET), peritumoral edema (ED), the necrotic and non-enhancing tumor core (NCR/NET).
The studies were interpolated to the same shape (155 × 240 × 240 with voxel
size 1 mm3 ) and they were skull-stripped.

3

Methods

Our approach is driven by an assumption that the most salient features of a lesion
are not exposed in a single image modality. There are multiple ways to exploit
all the modalities in deep learning-based engines. One way is to store three
(four) modalities as channels of a single image, like RGB (RGBA), and process
it as a standard color image. This approach has a significant downside—only the
first layer (which extracts the most basic features) has access to the modalities
as separate inputs. Consecutive layers in the network process the outputs of
the previous layers—a mix of features from all the modalities. Hu and Xia [11]
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utilized a slightly different approach, in which they processed each modality
separately, and merged them at the very end to produce the segmentation.
3.1

The Proposed Two-Stage Multi-Modal FCNN

In this work, we combine both techniques—our U-net separates processing pathways are merges them at the very bottom of the network, where the feature space
is compacted the most, and at each bridged connection. By doing that, we assure
that the low- and high-level features are extracted separately for all modalities
in the contracting path. Those features can “interact” with each other in the
expanding path, producing high-quality segmentations. Our preliminary experiments showed that the pre-contrast T1 modality carries the smallest amount
of information, therefore in order to reduce the amount of segmentation time
and resources (thus to make our method easily applicable in a real-life clinical
setting), we did not use that modality in our pipeline. However, the proposed Unet-based architecture is fairly flexible and allows for using any number of input
modalities. The first stage of image analysis involves taking the whole image as
an input, and producing binary mask of the region of interest (therefore, it performs detection of a tumor). This binary mask is used to select the voxels of all
modalities from the original images (rendering remaining pixels as background).
This region is passed to the segmentation unit by the U-net in the second stage
for the final multi-class segmentation.
Our models (Figure 1) are based on a well-known U-net [23], with considerable changes to the architecture. First, there are separate pathways for each
modality, effectively making 3 contracting paths. In the original architecture the
number of filters was doubled at each down-block, whereas in our model it is
constant everywhere, except in the very bottom part of the network (where the
concatenation and merging of the paths takes place) where it is doubled. The
down-block in our model consists of three convolutional layers (48 filters of the
size 3 × 3 each, with stride 1). The second alteration to the original U-net are the
bridged connections, which join (concatenate) activations from each pathway of
the contracting paths with their corresponding activations from the expanding
path, where they become merged. This procedure allows the network to extract
high-level features while preserving the context stored earlier. The expanding
path is standard—each up-block doubles the size of an activation map by the
upsampling procedure, which is followed by two convolutional layers (48 filters
of the size 3 × 3 each, with stride 1). At the very last layer, there is a 1 ×
1 convolution with 1 filter in the detection (the first stage) or 3 filters in the
multi-class classification (the second stage).
3.2

Pre-Processing

The data was acquired with different clinical protocols, various scanners, and at
19 institutions, therefore the pixel intensity distribution may vary significantly.
In order to segment all the images (of different modalities) by one algorithm,
the data was pre-processed. Our pre-processing included normalization of each
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Fig. 1. The proposed network architecture. Three separate pathways (for FLAIR, T1c,
and T2) are shown as a part of the contractive path. At each level (each set of down
blocks) the output is concatenated and sent to a corresponding up block. At the very
bottom, there is a merging block, where all the features are merged before entering the
expanding path. The output layer is a 1 × 1 convolution with one filter for the first
stage, and three filters for the second stage.

modality (as a volume) by extracting the brain volume by a simple thresholding
routine. Then the mean value of the pixel intensity in the brain region was
subtracted and divided by its standard deviation. The value of the pixels outside
the brain region was put to zero.
3.3

Post-Processing

After the first stage, the activation is binarized using a threshold of 0.5. The
binary mask is post-processed using the 3D connected components analysis—two
connected components with the largest volumes remain, and are used to produce
input to the second stage. The output of the second stage is an activation map
of the size 240 × 240 × 3, where the last dimension represents the number
of classes. The activation is then passed through the softmax operation, which
performs the final classification.

4
4.1

Results
Experimental setup

The DNN models were implemented using Python3 with the Keras library over
CUDA 9.0 and CuDNN 5.1. The experiments were run on a machine equipped
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with an Intel i7-6850K (15 MB Cache, 3.80 GHz) CPU with 32 GB RAM and
NVIDIA GTX Titan X GPU with 12 GB VRAM.

4.2

Training and Inference

The metric for training was the DICE score for both stages. The optimizer was
Nadam (Adam with Nesterov momentum) with the initial learning rate 10−5 ,
and the optimizer parameters β1 = 0.9, β2 = 0.999. The training ran until DICE
score over the validation set did not increase by at least 0.002 in 10 epochs.
Both networks are relatively small, which directly translates to the low computational requirements during inference—one complete volume can be processed and classified end-to-end within around 15 seconds. The training time
for one epoch is around 10 minutes (similar for both stages), and the networks
converges in around 30–40 epochs (the complete training takes 10–14 hours).

4.3

The Results

The preliminary results obtained over the BraTS’18 training and validation
datasets are presented in Table 1 (we present the results for the whole tumor,
WT, tumor core, TC, and the enhancing tumor, ET, classes). The whole tumor
class is the performance of the first stage of our classification system (evaluated
on all the classes merged into one—exactly as the first stage model is trained).

Table 1. The segmentation performance over the BraTS’18 validation dataset obtained
using our two-stage FCNN trained with T1c, T2, and FLAIR modalities.
Dataset
Training

Validation

5

Label
ET
WT
TC
ET
WT
TC

DICE
0.6383
0.8299
0.7437
0.7229
0.8623
0.7675

Sensitivity
0.7416
0.8191
0.7640
0.7773
0.8553
0.7564

Specificity
0.9973
0.9920
0.9947
0.9976
0.9931
0.9967

Discussion

The results show that our two-stage segmentation is able to correctly classify
most of the pixels. We had already tested the first stage of the segmentation
(binary classification—all the classes were merged into one) on the validation
data of the BraTS’17 challenge and obtained fairly similar results (Table 2).

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

318 of 578

6

M. Marcinkiewicz et al.

Table 2. The segmentation performance (the whole tumor class only) over 46 BraTS’17
validation patients obtained using our FCNN (first stage only).

Mean
Std. Dev.
Median

6

DICE
0.8301
0.1176
0.8676

Sensitivity
0.8391
0.1390
0.8752

Specificity
0.9914
0.0068
0.9931

Conclusions

In this paper, we presented our approach to the BraTS’18 segmentation challenge. We developed two fully-convolutional neural network models, which together form a two-stage system, and we obtained high-quality segmentation results over both BraTS’17 and BraTS’18 validation datasets. Training time for
both models was around 10 hours, while the inference time for a whole volume
is as low as 15 seconds. Due to time restrictions and limited computational environment, we were limited in the number of architectural models and training
schemes we were able investigate. We expect to significantly improve our pipeline
for the main challenge.
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Ensembles of densely-connected CNNs with
label-uncertainty for Brain tumor segmentation.
Richard McKinley, Raphael Meier, Roland Wiest
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of Bern, Switzerland

Abstract. We introduce a new family of classifiers based on our previous DeepSCAN architectue, in which densely connected blocks of dilated convolutions are embedded in a shallow U-net-style structure of
down/upsampling and skip connections. These networks are trained using
a newly designed loss function which models label noise and uncertainty.
We present results on the validation dataset of the Multimodal Brain
Tumor Segmentation Challenge 2018.

Introduction
We present a network architecture for semantic segmentation, heavily inspired
by the recent Densenet architecture for image classification [6], in which pooling
layers are replaced by heavy use of dilated convolutions [15]. Densenet employs
dense blocks, in which the output of each layer is concatenated with its input
before passing to the next layer. A typical Densenet architecture consists of
a number of dense blocks separated by transition layers: the transition layers
contain a pooling operation, which allows some degree of translation invariance
and downsamples the feature maps. A Densenet architecture adapted for semantic
segmentation was presented in [7], which adopted the now standard approach
of U-net [14]: a downsampling path, followed by an upsampling path, with skip
connections passing feature maps of the sample spatial dimension from the
downsampling path to the upsampling path.
In a previous paper [11], we described an alternative architecture adapting
Densenet for semantic segmentation: in this architecture, which we called DeepSCAN, there are no transition layers and no pooling operations. Instead, dilated
convolutions are used to increase the receptive field of the classifier. The absence
of transition layers means that the whole network can be seen as a single dense
block, enabling gradients to pass easily to the deepest layers. While we believe
that this approach offers many advantages over U-net, by avoiding pooling and
upscaling, this comes at the price of very high memory consumption, since all
feature maps are present at the resolution of the final segmentation image. This
restricts the possible depth, batch size, and input patch size of the network.
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In this paper we describe a family of CNN models for segmentation which
represent a continuum from our previously described DeepSCAN models to
U-net-like models, in which a pooling-free dense net is embedded inside a U-net
style network. This allows the dense part of the network to operate at a lower
resolution, improving memory efficiency while maintaining many good properties
of the original DeepSCAN architecture.
We describe the general architecture of the family of DeepSCAN models, plus
the particular features of the network as applied to brain tumor segmentation,
including pre-processing, data augmentation, and a new uncertainty-motivated
loss function. We report preliminary results on the validation portion of the
BRATS 2018 dataset.

The DeepSCAN family of models
We describe here the constituent parts of the DeepSCAN family of models.

Densely connected layers and Densenet
Densenet [6] is a recently introduced architecture for image classification. The
fundamental unit of a densenet architecture is the densely connected block, or
dense block. Such a block consists of a number of consecutive dense units, as
pictured in Figure 1. In such a unit, the output of each convolutional layer (where
a layer here means some combination of convolutional filters, nonlinearities and
batch normalization) is concatenated to its input before passing to the next
layer. The goal behind Densenet is to build an architecture which supports the
training of very deep networks: the skip connections implicit in the concatenation
of filter maps between layers allows the flow of gradients directly to those layers,
providing an implicit deep supervision of those layers.
In the original Densenet architecture, which has state-of-the-art performance on
the CIFAR image recognition task, dense blocks are combined with transition
blocks: non-densely connected convolutional layers, followed by a maxpooling
layer. This helps to control parameter explosion (by limiting the size of the input
to each dense block) and limit redundancy between features, but also means
that the deep supervision is not direct, at the lowest layers of the network. This
Dense-plus-transition architecture was also adopted by Jegou et al. [7], whose
Tiramisu network is a U-net-style variation of the Densenet architecture designed
for semantic segmentation.
In our previous paper [11], we dispensed with the transition layers: this means,
in effect that the whole network (except for the final one by one convolutions) is
a single dense block. This led to networks which were highly parameter efficient,
but which had a very large memory footprint. In the curent paper we hybridize
this approach with the down/up-sampling approach of U-net [14].
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Fig. 1. A Dense unit, as used in the DeepSCAN architecture

Fig. 2. Two DeepSCAN architectures, as applied to brain tumor segmentation
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Fig. 3. Units of the DeepSCAN architecture: a) 3D convolutional blocks, b) Downsampling block, c) Dense block, with dilation M, d) upsampling block. Except in the 3D
block, all convolutions are preceded by 2 by 2 reflection padding.
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Dilated convolutions
The role of pooling layers in CNNs is twofold: to eficiently increase the receptive
field and to allow some translation invariance. Translation invariance is of course
undesirable in semantic segmentation problems, where what is needed is instead
translation equivariance: a translated input correpsonding to a translated output.
To that end, we use layers with dilated convolutions to aggregate features at
multiple scales. Dilated convolutions, sometimes called atrous convolutions, can
be best visualised as convolutional layers “with holes”: a 3 by 3 convolutional
layer with dilation 2 is a 5 by 5 convolution, in which only the centre and corner
values of the filter are nonzero, as illustrated in Figure 4. Dilated convolutions are
a simple way to increase the receptive field of a classifier without losing spatial
information.

Fig. 4. Left, a 3 by 3 kernel. Right, a 3 by 3 kernel with dilation 2, visualised as a 5 by
5 kernel

Label-uncertainty loss
We introduce a new loss function, which we call label-uncertainty loss, inspired
by the recent trend in networks able to quantify their own uncertainty. In brief,
for each voxel, and each segmentation subtask (whole tumor, tumor core, and
enhancing tumor) the network outputs two probabilities: the probability p that
the label is positive, and the probability q that the label predicted does not
correspond to the label in the ground-truth annotation (i.e., the probability of a
’label flip’). IF BCE stands for the standard binary cross-entropy loss, and y is
the target label, then the loss function we minimize is:
BCE(p, (1 − x) ∗ q + x ∗ (1 − q)) + BCE(q, z)
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where
z = (p > 0.5) ∗ (1 − x) + (p < 0.5) ∗ x

(2)

If q is close to zero, and the label is correct, the first term is approximately the
ordinary BCE loss: if q is close to 0.5 (representing total uncertainty as to the
correct label) the first term tends to zero. This loss therefore attenuates loss in
areas of high uncertainty, in a similar fashion to the heteroscedastic loss of [9].
However, in [9] the uncertainty in the classification is modeled by assuming that
logits have a Gaussian distribution, and estimating the variance of that Gaussian:
this cannot be performed directly by gradient descent, instead requiring Monte
Carlo sampling of the Gaussian distribution to perturb the output of the network.
By contrast, label-uncertainty can be incorporated directly into the loss-function
of the network. In fact, the label-uncertainty q can also be viewed as a variance:
if we assume that the logit of p follows not a Gaussian but a logistic distribution
(as is the standard assumption in classical statistical learning) with mean logit(p),
then if the probability that a sample from that distribution is below zero is q,
the variance of the logistic distribution is abs(logit(p)/logit(q))
Since the label-uncertainty loss incorporates the current prediction in evaluating
the probability of a label flip, it is important to apply the loss to a network which
has already been pre-trained with ordinary BCE loss: for each of our networks
we trained to convergece with ordinary BCE loss (typically 10-20 epochs) then
switched to using label uncertainty loss. We observed more stability when using
both ordinary BCE and label uncertainty. Further, to counter the effects of label
imbalance, we adopt the technique of focal loss from [10]: therefore, the final loss
function used was

(1 − px )γ (BCE(p, x) + BCE(p, (1 − x) ∗ q + x ∗ (1 − q)) + BCE(q, z))

(3)

where px is p if x is 1 and (1-p) otherwise.

The DeepSCAN architecture
The design principles of the DeepSCAN models are i) non-isotropic input volumes,
with one dimension being rather small (in this case, 5 by 192 by 192) ii) initial
application of enough 3D convolutions to reduce the short dimension to length 1,
and iii) a subsequent hybrid of 2D U-net and 2D Densenet, in which one or steps
of convolution and maxpooling are followed by a number of densely connected
blocks of dilated convolutions, with the dilation factor increasing with increasing
depth, and then finally U-net-style upsampling blocks with skip connections from
the previous downward path. The building blocks of these networks are shown in
Figure 3, and two architectures built from these blocks are shown in Figure 2.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

327 of 578

Initial application to Brain Tumor Segmentation
Brain Tumor segmentation has become a benchmark problem in medical image
segmentation, due to the existence since 2012 of a long-running competition,
BRATS, together with a large curated dataset [12,1,2,3] of annotated images. Both
fully-automated and semi-automatic approaches to brain-tumor segmentation
are accepted to the challenge, with supervised learning approaches dominating
the fully-automated part of the challenge. A good survey of approaches whch
dominated BRATS up to 2013 can be found here [4]. More recently, CNN-based
approaches have dominated the fully-automated approaches to the problem
[5,8,13]
We trained two networks, as pictured in Figure 2. The networks were built
using Pytorch, and trained using the Adam optimizer. Rather than using a
softmax layer to classify the three labels (edema, enhancing, other tumor) we
employ a multi-task approach to hierarchically segment the tumor into the three
overlapping targets: whole tumor, tumor core and enhancing: thus the output of
the network is three sigmoid units, one for each target.

Data preparation and homogenization
The raw values of MRI sequences cannot be compared across scanners and sequences, and therefore a homogenization is necessary across the training examples.
In addition, learning in CNNs proceeds best when the inputs are standardized
(i.e. mean zero, and unit variance). To this end, the nonzero intensities in the
training, validation and testing sets were standardised, this being done across
individual volumes rather than across the training set. This achieves both standardisation and homogensisation.

Data Augmentation
During training, we applied the following data augmentation: randomly flipping
along the midline, random rotations in a randomly chosen principal axis, and
random shifting and scaling of the standardised intensity values.

Training and results
The network segments the volume slice-by slice: the input data is five consecutive
slices from all four modalities, Ground truth for such a set of slices is the lesion
mask of the central slice.
Slices from all three directions (sagittal, axial, coronal) were fed to the classifier
for training, and in testing the results of these three directions were ensembled
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by averaging, for both versions of the clasifier (meaining that segmentations were
ensembled over six separate classifications). When applied to the BRATS 2018
validation dataset, the mean Dice scores for Enhancing Tumor, Whole core and
Tumor Core were 0.79468,0.90084 and 0.85396 respectively.
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Abstract. In this work, we present a 3D Convolutional Neural Network
(CNN) for brain tumor segmentation from Mulimodal brain MR volumes.
The network is a modified version of popular 3D U-net [12] architecture,
that takes as input multi-modal brain MR volumes, processes them at
multiple scales, and generates same resolution multi-class tumour segmentation as output. The network is trained end-to-end on BraTS [1–4]
2018 Training dataset using weighted Categorical Cross Entropy (CCE)
loss function. A curriculum on class weights is employed to address class
imbalance. We achieve competitive segmentation results on BraTS [1–4]
2018 Validation dataset with Dice scores of 0.7882, 0.9091, and 0.8250
for enhancing tumour, whole tumour, and tumour core, respectively.
Keywords: Tumour Segmentation · Deep Learning · Brain MRI

1

Introduction

Multimodal Brain Tumor Image Segmentation Benchmark (BraTS) challenge,
since its introduction in 2012, provides good benchmark datasets [1–4] of MR
scans of low- and high-grade glioma patients with repeat manual tumour delineations by several human expert. The challenge datasets assist in better evaluation of various automatic tumour segmentation techniques [5–8]. These automatic tumour segmentation techniques are necessary as they allow faster tumour
delineation and don’t require any human input. This is in contrast to manual
delineation method which is a long arduous process and prone to human errors. Automatic quantitative analysis of brain tumours can assist in better and
faster diagnosis procedure and surgical planning. This makes automatic tumour
segmentation techniques highly impactful in a clinical setting.
Development of good and reliable tumour segmentation techniques remains a
challenging task due to many sources of variabilities like tumour types, difference
in shape and size of tumour, intensity and contrast difference in MR images, etc.
Classical approaches based on Multi Atlas segmentation, probabilistic graphical
models like Markov Random Field (MRF) [5] and Conditional Random Field
(CRF), Random Forest (RF) [6], etc. have been successfully used for the task
of tumour segmentation. They model the statistical distributions of image intensity and image context in different manners. For example, in [5], an iterative
multilevel MRF was developed to leverage context and voxel information for tumour segmentation. In addition to these approaches, method based on generative
models have also been explored [7] for tumour segmentation.
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Fig. 1. 3D U-net CNN architecture takes as input four full 3D MR image sequences,
and generates the multi-class segmentation of the tumour into sub-types.

Inspired by the success of deep learning in many tasks related to natural
images like semantic segmentation [9], object detection [10], and classification
[11], many deep learning based approaches have been proposed for various tasks
in medical images like segmentation [12], synthesis [13] and classification [14].
Various CNN architectures have been explored for brain tumour segmentation
which either explicitly [15, 8] or implicitly [16, 17] models necessary global and
local image context. These architectures either takes MR images at multiple
resolution as input [15, 8] or processes single resolution MR images at multiple
scales [16, 17]. One of the advantages of deep learning based approaches over
classical segmentation methods like MRF, RF etc. is that they don’t require any
hand-crafted features because the networks are trained in end-to-end manner
with appropriate loss functions. In recent BraTS challenges [1], deep learning
based approaches have these classical methods.
In this work, we apply a modified version of the popular 3D U-net [12] architecture for brain tumour segmentation task on BraTS 2018 datasets. U-net
architecture has been successfully used for many medical imaging segmentation
tasks like liver and lesion segmentation [18], retinal layer segmentation [19], organ
segmentation [20] etc. The network is trained using Categorical Cross Entropy
(CCE) loss function on BraTS 2018 training dataset and a curriculum on class
weights is employed to address class imbalance. We achieved competitive results
on BraTS 2018 validation dataset with Dice scores of 0.7882, 0.9091, and 0.8250
for enhancing tumour, whole tumour, and tumour core, respectively.

2

Method

A flowchart of the 3D U-net architecture can be seen in Figure 1. The network
takes as input full 3D volumes of all available sequences of a patient and generates
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multi-class segmentation of tumours into sub-types, at the same resolution. The
3D U-net is similar to the one proposed in [12], with some modifications. The
U-net consists of 4 resolution steps for both encoder and decoder paths. At the
start, we use 2 consecutive 3D convolutions of size 3x3x3 with k filters, where k
denotes the user-defined initial number of convolution filters (10). Each step in
the encoder path consists of 2 3D convolutions of size 3x3x3 with k ∗ 2n filters,
where n denotes the U-net resolution step. This is followed by average pooling
of size 2x2x2. At the end of each encoder step, instance normalization [21] is
applied, followed by dropout [22] with 0.05 probability. In the decoder path
at each step, 3D transposed convolution of size 3x3x3 is applied, with 2x2x2
stride and k ∗ 2n filters for the upsampling task. The output of the transposed
convolution is concatenated with the corresponding output of the encoder path.
This is, once again, followed by instance normalization and Dropout with 0.1
probability. Finally, 2 3D convolution of size 3x3x3 with k ∗ 2n filters are applied.
Rectified linear unit is chosen as a non-linearity function for every convolution
layer. The last layer has C filters, where C denotes the total number of classes.
This is followed by SoftMax non-linearity.
2.1

Loss function

We optimize weighted Categorical Cross Entropy (CCE) loss function during
training. The equation for the same is given below.
CCE i = −

X

wni

n

wni

= wl ∗

yni

X

tin,l log pin,l

(1)

l

Pk=C
where,wl = (

k=0

ml

mk

) ∗ rep + 1,

(2)

where, wni and wl denote the weight for voxel n of volume i and the weight of
class l. ml is total number of voxels of lth class in the training dataset. wl are
decayed over each epoch ep with a rate of r ∈ [0, 1]. It should be noted that
wl converges to 1 as ep becomes large ensuring that all sample receive an equal
weight at the later training stages.

3
3.1

Experiments and Results
Data

BraTS 2018 Training Set: The BraTS 2018 training dataset is comprised of
210 high-grade and 75 low-grade glioma patient datasets. Each dataset contains
T1, T1 post contrast (T1c), T2, and Fluid Attenuated Inverse Recovery (FLAIR)
MR volumes, alone with an expert tumour segmentation. Each brain tumour is
manually delineated into 3 classes: edema, necrotic/non-enhancing core, and
enhancing tumour core.
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Fig. 2. Training (Left) and Validation (Right) Dice Scores as a function of number of
epochs for one of the five cross-validation fold.

BraTS 2018 Validation Set: The BraTS 2018 validation dataset is comprised
of 66 patient datasets. Each dataset contains T1, T1 post contrast (T1c), T2,
and Fluid Attenuated Inverse Recovery (FLAIR) MR volumes. No expert tumour
segmentation masks are provided and the grade of each glioma is not specified
[1–4]
3.2

Pre-processing

The BraTS challenge provides isotropic, skull-stripped, and co-registered MR
volumes. We follow this up with minimum pre-processing steps. The intensity of
volumes were re-scaled using mean subtraction, divided by the standard deviation, and re-scaled from 0 to 1 and were cropped to 184 x 200 x 152.
3.3

5-Fold Cross Validation

We do 5-fold cross validation on the training dataset. The BraTS 2018 training
dataset is randomly split into five folds with 57 patient dataset each such that
each fold contains 42 high-grade patients and 15 low-grade patients. We train
our network 5 times such that 4 folds are used to train the network and the
remaining fold is used to validate the network.
Parameters We optimize the loss function in equation 1 using Adam [23] with
a learning rate of 0.001 and batch size of 1. The network is trained for total 240
epochs. Learning rate is decayed by the factor of 0.75 after every 50 epochs. The
decay rate r in equation 2 is set to 0.95. The initial class weights wl in equation
2 are set to [1, 350, 160, 465] for background, tumor core, edema, and enhancing
tumor, respectively. We regularize the model using data augmentation, where at
each training iteration a random affine transformation is applied to the MR volumes and the corresponding segmentation mask. Random translation, rotation,
scaling and shear transformations are applied, where the range of transformations is sampled from a uniform distribution of [-5,5], [−3◦ , 3◦ ], [−0.1, 0.1], and
[−0.1, 0.1], respectively. Volumes are also randomly flipped left to right.
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Sensitivity
Specificity
Hausdorff-95
Dice
ET WT TC ET WT TC ET WT TC ET
WT
TC
0.690 0.888 0.793 0.774 0.880 0.802 0.998 0.995 0.996 7.251 6.600 7.941
Mean
StdDev
0.294 0.094 0.206 0.245 0.118 0.210 0.004 0.006 0.007 13.318 11.215 11.805
Median
0.817 0.918 0.876 0.861 0.913 0.879 0.999 0.996 0.999 2.237 3.606 4.062
25quantile 0.641 0.878 0.748 0.709 0.850 0.723 0.997 0.994 0.996 1.414 2.236 2.236
75quantile 0.878 0.941 0.926 0.935 0.958 0.942 0.999 0.998 0.999 5.385 6.557 9.327
Table 1. Various Evaluation metric statistics for 5-fold cross validation on BraTS
2018 training dataset for enhancing tumour (ET), whole tumour (WT), and tumour
core(TC).

Dice
Sensitivity
Specificity
Hausdorff-95
ET WT TC ET WT TC ET WT TC ET WT TC
Mean
0.788 0.909 0.825 0.824 0.911 0.811 0.998 0.995 0.998 3.520 4.923 8.316
StdDev
0.233 0.059 0.179 0.222 0.082 0.212 0.004 0.004 0.002 4.992 8.154 13.521
Median
0.869 0.921 0.902 0.893 0.933 0.901 0.999 0.996 0.999 1.732 2.914 3.240
25quantile 0.809 0.894 0.773 0.824 0.880 0.711 0.998 0.994 0.998 1.414 2.000 2.000
75quantile 0.911 0.951 0.945 0.942 0.964 0.958 0.999 0.998 0.999 3.000 4.970 8.658
Table 2. Various Evaluation metric statistics for BraTS 2018 validation dataset for
enhancing tumour (ET), whole tumour (WT), and tumour core(TC).

Learning Curves Figure 2 shows an example of evolution of various dice scores
(Tumour, Enhance, Core, and Average) as a function of number of epochs for
one of the 5 cross-validation fold.
3.4

Quantitative Results

Tables 1 and 2 show different evaluation metrics statistics provided by the challenge organizers on 5-folded BraTS 2018 training dataset and BraTS 2018 validation dataset. From these tables, we can observe that we get the least performance for enhancing tumour. This was expected as only T1c MR modality helps
in identifying enhancing tumour, while for other tumour sub-types all modalities
assist in better tumour segmentation.
Please note that we use total five networks, obtained by the corresponding
cross-validation, as an ensemble to predict segmentation for BraTS 2018 validation dataset.
3.5

Qualitative Results

Figures 3 and 4 show example segmentation slices for high-grade gliome and
low-grade glioma patients from BraTS 2018 training dataset part of 5 fold cross
validation. We can observe that the network makes more mistakes for low-grade
glioma cases compare to high-grade glioma cases. Predicted segmentation slices
for some of the BraTS 2018 validation dataset patients can be seen in Figures 5
and 6.
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Fig. 3. Examples of high-grade glioma segmentation results for BraTS 2018 training
datasets. On T1c MR volume (Column 1), Expert Segmentation (Column 2) and Predicted Segmentation (Colume 3) are overlaid. The green label is edema, the red label
is non-enhancing or necrotic tumour code, and the yellow label is enhancing tumour
core.

4

Conclusion

In this work, we showed how a simple CNN network like 3D U-net [12] can be
successfully applied for the task of tumour segmentation. U-net process the input multi-modal MR images at multiple scales, which allows it to learn local
and global context necessary for tumour segmentation. The network was trained
using a curriculum on class weights to address class imbalance, showing competitive results for brain tumour segmentation on BraTS 2018 validation dataset.
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Fig. 4. Examples of low-grade glioma segmentation results for BraTS 2018 training
datasets. On T1c MR volume (Column 1), Expert Segmentation (Column 2) and Predicted Segmentation (Colume 3) are overlaid. The green label is edema, the red label
is non-enhancing or necrotic tumour code, and the yellow label is enhancing tumour
core.
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Abstract. In this paper, we present the methods and results of our entry
in the Multimodal Brain Tumor Segmentation Challenge 2018. For the
semantic segmentation task, we used an ensemble of Fully-Convolutional
Neural Networks with a custom loss function which combines the crossentropy loss with the generalized Dice loss. Our ensemble consisted of
a V-Net, a modified V-Net and another modified V-Net with a Conditional Random Field as Recurrent Neural Network layer on top. On the
validation set, we obtained an average Dice coefficient of 0.724 for the
enhancing tumour core, 0.871 for the whole tumour and 0.803 for the tumour core. For the survival prediction task, we concluded that the best
approach was to use a simple one-variable linear regression with age.
This method proved to be the best at preventing overfitting given the
lack of explanatory variables other than age. On the validation set, we
obtained 0.536% accuracy on the main performance metric.
Keywords: Semantic Segmentation · Brain Tumour · Deep Learning ·
Ensemble · V-Net · CRF as RNN.

1

Introduction

The Multimodal Brain Tumor Segmentation Challenge 2018 (BraTS 2018) [3,
5] proposes its participants to submit methods that are capable performing
automatic semantic segmentation of brain tumours given multi-modal threedimensional images obtained via Magnetic Resonance Imaging (MRI). The data
contains pre-operative multimodal MRI scans of higher grade glioma/glioblastoma
(HGG) [1] and lower grade glioma (LGG) [2].
There are four images modalities provided for each patient: native (T1),
post-contrast T1-weighted (T1Gd), T2-weighted (T2) and T2 Fluid Attenuated
Inversion Recovery (FLAIR). The images have already been co-registered to the
same anatomical template, interpolated to the same resolution (1 mm3 ) and
skull-stripped. The scans were provided by multiple institutions using different scanners and acquired under different clinical protocols, resulting in a large
amount of variability in the data.
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All of the images have been manually segmented by four raters following
the same annotation protocol. Their annotations were subsequently approved
by experienced neuro-radiologists. There are four different possible labels in the
annotations:
–
–
–
–

The
The
The
The

background (label 0);
necrotic and non-enhancing tumour core (NCR/NET) (label 1);
peritumoral edema (ED) (label 2);
enhancing tumour core (ET) (label 4).

Figure 1 shows example slices for all the available modalities and the respective ground-truth segmentation for one case in the data.

(a) FLAIR.

(b) T1.

(c) T1Gd.

(d) T2.

(e) Segmentation

Fig. 1: Example slices for different modalities and expert segmentation.

The performance in the challenge will be measured using the Dice Coefficient (DC) of the whole tumour (ED + NCR/NET + ET), the tumour core
(NCR/NET + ET) and the enhancing tumour core (ET). In addition, as secondary metrics, the sensitivity, specificity and Hausdorff distance metrics will
also be used to assess performance.
Along with the segmentation task, BraTS 2018, also includes a regression
task. This task consists in trying to predict the survival time (in days) after
the patient was operated. To do this, along with the image data, the survival
times for each patient and the patient’s age is provided. Even though this is
a regression task, it will be evaluated based on the classification accuracy of
subjects as long-survivors (e.g. >15 months), short-survivors (e.g. <10 months),
and mid-survivors (e.g. between 10 and 15 months). After the challenge, mean
and median squared errors of the survival time will also be compared.

2

Semantic Segmentation Task

The goal of this task is to perform semantic segmentation of brain tumours given
multi-model MRI data.
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2.1

3

Methods

We began by pre-processing the data as follows:
– We trimmed 20 voxels on each side of the x and y axes and 5 voxels at the
top of the z axis. We observed that these zones were always empty and would
add unnecessary overhead to the training of our algorithm.
– We scaled each channel of the image individually to have zero mean and unit
variance. We also tried normalizing via histogram matching with a reference
image but we observed no benefit in doing so.
– We stacked the four normalized image modalities into a tensor of shape
(200, 200, 150, 4);
– We one-hot encoded the labels into a binary tensor with shape (200, 200, 150, 4),
where 4 here is the number of classes.
To perform the segmentation we used an ensemble of Fully-Convolutional
Neural Networks (FCNNs) with an encoder-decoder type architectures [4]. Our
ensemble consisted of three networks and the final segmentation was obtained
by majority voting. For regularization, all the networks in the ensemble used
dropout [8] with a keep probability was set to 0.8.
The first network in the ensemble was the V-Net [6] as described in the
original paper. The V-Net architecture uses fine-grained feature forwarding and
large convolution kernels, 5 × 5 × 5, to ensure that the features used in the final
segmentation layer have high-resolution and broad context. The second network
in the ensemble was a variation of the V-Net which used 3 × 3 × 3 kernels and
skip connection between every convolution. The smaller kernel helps to reduce
overfitting and in conjunction with the skip connections also speeds up training.
Lastly, we used the same modified V-Net architecture but with a Conditional
Random Field (CRF) as Recurrent Neural Network (RNN) layer [7,10] on top of
the network. This is meant to take advantage of the spatial and color correlations
between all voxels in the image regardless of the distance between them.
As our loss function, we choose the combination of the cross-entropy loss
and the generalized Dice loss. The cross-entropy part of the loss serves as a form
of stabilizing training by ensuring the background (which comprises of 99% of
the voxels most of the time) is segmented as such. The generalized Dice loss
pushes training faster towards the objective by directly maximizing the DC on
the cross-entropy loss reaches a value close to zero.
The cross-entropy loss function for multi-class classification is given by:
Losscross−entropy = −

XX

(l)

yi log yˆi (l) ,

(1)

i∈N l∈L
(l)

where, given the set of all examples N and the set of all labels L, yi is the the
one-hot encoding (0 or 1) for example i and label l and yˆi (l) is the predicted
probability for the same example/label pair.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

343 of 578

4

M. Monteiro, and A. L. Oliveira

The generalized Dice loss [9] is given by:
 P

P
(l) (l)
w
y
y
ˆ
+
l
i
l∈L
i∈N i
 P

LossGDL = 1 − 2 P
,
(l)
(l)
w
y
+
y
ˆ
+

l
i
l∈L
i∈N i

(2)

where  is a small constant to avoid dividing by 0 and wl is given by:
wl = P

1
(l)

i∈N yi

2 .

(3)

If the denominator of equation 3 is zero we set wl to zero for that particular label
(this is something that happens for some examples in the LGG dataset). The generalized Dice loss directly tries to maximize the DC of each class whilst weighing
each class inversely proportional to the square of their frequency. This ensures
that even in highly unbalanced semantic segmentation tasks all the classes are
taken into account equally.
The final loss function is therefore given by:
Loss = Losscross−entropy + LossGDL .

(4)

We trained the network for 100 epochs using both the HGG and LGG
datasets simultaneously. We kept a randomly sampled validation set consisting of 12% of the data ( 30 examples) to monitor overfitting. The initial learning
rate was 1e-3 with an exponential learning rate decay by 0.98 every 200 steps:
lr := lr × 0.98

current step
200

.

(5)

We implemented our networks in TensorFlow. The code for the V-Net architecture can be found at https://github.com/MiguelMonteiro/VNet-Tensorflow
and the code for the CRF as RNN layer can be found at https://github.com/
MiguelMonteiro/CRFasRNNLayer.
2.2

Results and Discussion

Our results for the mean of the main evaluation metrics on the validation set
are shown in Table 1.

Table 1: Validation set results.
DC Enhancing Tumour DC Whole Tumour DC Tumour Core
0.724

0.871

0.803

As expected, we obtain a higher DC for the whole tumour and a lower DC for
the tumour core and the enhancing tumour core. This is explained by the fact
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that segmenting the whole tumour is easier than distinguishing between different
intra-tumour regions. Our results are still lacking when compared with the top
results from other teams in the validation set, nonetheless, they are in concordance with average results submitted. We believe that using data augmentation
and more complex pre-processing such as histogram matching to a histogram
derived from multiple images could possibly improve the results.

3

Survival Prediction Task

In this task, the goal is to predict the survival times of patients after the operation
given the MRI images and the patient’s age.

3.1

Methods

We started from the assumption that we had perfectly solved the segmentation
task, hence, we began by extracting human-engineered features from the groundtruth segmentations as if these were always available to us. The underlying
reasoning for doing this is that if the expert segmentation does no help predict
survival times, then there is little hope that an imperfect segmentation will do
so.
The human-engineered features we extracted were for each of the labels
(NCR/NET, ED, ET) and for the label combinations (tumour core and whole
tumour):
– The volume of the labelled region;
– The distance between the centre of the image and the centre of mass of the
labelled region. These are actually three features for each of the Cartesian
coordinates (x, y and z);
– The surface area of the labelled region, as defined by the number of voxel
faces of the region that are in contact with the exterior of the region;
– The ratio between the volume of the labelled region and the volume of the
whole brain;
– The ration between the surface area of the labelled region and its volume.
Having extracted these features we concatenated them with the patient’s age
to obtain our full feature set and we removed the patients which do not have the
status Gross Total Resection (GTR).
We tested the following out of the box regression algorithms: linear regression,
support vector machines, random forest, gradient boosted trees. We performed
10-fold cross-validation and look and the mean and standard deviation of the
Mean Absolute Error (MAE) to determine which of the classifiers is performing
best.
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Table 2: MAE in days.
All features (days) Age only (days)
Linear Regression
Gradient Boosting
Random Forest
SVM (linear kernel)

3.2

468.1 ± 226.4
221.8 ± 96.8
244.9 ± 92.7
221.1 ± 97.2

210.7 ± 86.5
221.7 ± 97.0
232.4 ± 99.0
211.8 ± 85.6

Results and Discussion

The results for all of the regression algorithms under analysis using all of the
extracted features and using only the age feature are shown in Table 2.
As can be seen from Table 2 the best performing method is the simple onevariable linear regression. This indicates that all of the other methods are overfitting to the more complex features we extracted. We can further explore this
hypothesis by looking at the correlation coefficients between features and the
target variable (survival in days). In Table 3 we show the top 5 correlation coefficients between features and the target variable and in Table 4 we show the top
5 partially correlation coefficients between the features and the target variable
accounting for the effect of the age.

Table 3: Correlation coefficients.
rank

Feature Name

Correlation Coefficient

1
2
3
4
5

Age
NCR/NET center of mass z
Whole tumour center of mass x
Tumour core center of mass z
ED center of mass x

-0.52
0.24
-0.20
0.19
-0.19

Table 4: Correlation coefficients controlling for Age.
rank

Feature Name

Correlation Coefficient

1
2
3
4
5

NCR/NET center of mass z
Tumour core center of mass z
ET center of mass z
ED volume
ED volume to brain volume ratio

0.18
0.16
0.14
0.14
0.13
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As we can see from Tables 3 the age feature has more than twice the amount of
correlation with the target than the second most correlated feature. In addition,
by looking at Table 4 we can see that we control of the variable age, the most
correlated feature with the target has only 18% correlation. Hence, we conclude
that the age of the patient is still the best predictor of survival time given that
all other features we extracted are much less correlated with the target and some
of their correlation is already explained by the age variable. Since age is related
with less ability to recover and other comorbidities, until better features can be
found, a simple one-variable linear regression with age is the good low variance
predictor of the survival time.
Training a one-variable linear regression with age on the training set and predicting the survival times for the validation set we obtained 0.536 classification
accuracy.

4

Conclusion

For the semantic segmentation task, we used a FCNN with a well regularized VNet architecture. On the validation set, we obtained an average Dice coefficient
of 0.724 for the enhancing tumour core, 0.871 for the whole tumour and 0.803
for the tumour core.
For the survival prediction task, we concluded that the simple one-variable
linear regression with age is the best approach given the lack of other explanatory
features in the data. We obtained an accuracy of 0.536 on the validation set. We
observed that the correlation between all of the features we extracted from the
data and the survival time was mostly already explained by the age of the patient.
This is likely to age being related to recovery ability, other comorbidities and
severity of the disease.
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¸ . Demiralp, Durst, C.R., Dojat,
M., Doyle, S., Festa, J., Forbes, F., Geremia, E., Glocker, B., Golland, P., Guo, X.,
Hamamci, A., Iftekharuddin, K.M., Jena, R., John, N.M., Konukoglu, E., Lashkari,
D., Mariz, J.A., Meier, R., Pereira, S., Precup, D., Price, S.J., Raviv, T.R., Reza,
S.M.S., Ryan, M., Sarikaya, D., Schwartz, L., Shin, H.C., Shotton, J., Silva, C.A.,
Sousa, N., Subbanna, N.K., Szekely, G., Taylor, T.J., Thomas, O.M., Tustison,
N.J., Unal, G., Vasseur, F., Wintermark, M., Ye, D.H., Zhao, L., Zhao, B., Zikic,
D., Prastawa, M., Reyes, M., Leemput, K.V.: The multimodal brain tumor image
segmentation benchmark (brats). IEEE Transactions on Medical Imaging 34(10),
1993–2024 (Oct 2015). https://doi.org/10.1109/TMI.2014.2377694
6. Milletari, F., Navab, N., Ahmadi, S.A.: V-net: Fully convolutional neural networks
for volumetric medical image segmentation. In: 3D Vision (3DV), 2016 Fourth
International Conference on. pp. 565–571. IEEE (2016)
7. Monteiro, M., Figueiredo, M.A.T., Oliveira, A.L.: Conditional Random Fields as
Recurrent Neural Networks for 3D Medical Imaging Segmentation. ArXiv e-prints
(Jul 2018)
8. Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., Salakhutdinov, R.:
Dropout: a simple way to prevent neural networks from overfitting. The Journal
of Machine Learning Research 15(1), 1929–1958 (2014)
9. Sudre, C.H., Li, W., Vercauteren, T., Ourselin, S., Cardoso, M.J.: Generalised dice
overlap as a deep learning loss function for highly unbalanced segmentations. In:
Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical
Decision Support, pp. 240–248. Springer (2017)
10. Zheng, S., Jayasumana, S., Romera-Paredes, B., Vineet, V., Su, Z., Du, D.,
Huang, C., Torr, P.H.S.: Conditional random fields as recurrent neural networks.
In: Proceedings of the 2015 IEEE International Conference on Computer Vision (ICCV). pp. 1529–1537. ICCV ’15, IEEE Computer Society, Washington,
DC, USA (2015). https://doi.org/10.1109/ICCV.2015.179, http://dx.doi.org/
10.1109/ICCV.2015.179

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

348 of 578

3D MRI brain tumor segmentation using
autoencoder regularization
Andriy Myronenko
Nvidia, Santa Clara, CA
amyronenko@nvidia.com

Abstract. Automated segmentation of brain tumors from 3D magnetic
resonance images (MRIs) is necessary for diagnosis, monitoring, and
treatment planning of the disease. Manual delineation practices not only
require anatomical knowledge, but are also expensive, time consuming
and can be inaccurate due to human error. Here, we describe a semantic
segmentation network for tumor subregion segmentation from 3D MRIs
based on encoder-decoder architecture. Due to a limited training dataset
size, a variation auto-encoder branch is added to reconstruct the input
image itself in order to regularize the shared decoder and impose additional constraints on its layers. The results of the proposed approach
on BRATS 2018 online validation set are 0.8233, 0.9100, 0.8668 average
Dice for enhanced tumor core, whole tumor, and tumor core respectively.

1

Introduction

Brain tumors are categorized into primary and secondary tumor types. Primary
brain tumors originate from brain cells, whereas secondary tumors metastasize
into the brain from other organs. The most common type of primary brain tumors are Gliomas, which arise form brain glial cells. Gliomas can be of low-grade
(LGG) and high-grade (HGG) subtypes. High grade gliomas are an aggressive
type of malignant brain tumor that grows rapidly, usually require surgery and
radiotherapy and have poor survival prognosis. Magnetic Resonance Imaging
(MRI) became a key diagnostic tool for brain tumor analysis, monitoring and
surgery planning. Usually, several complimentary 3D MRI modalities are acquired, such as T1, T1 with contrast agent (T1c), T2 and Fluid Attenuation
Inversion Recover (FLAIR) to emphasize different tissue properties and areas of
tumor spread. For example the contrast agent, usually gadolinium, emphasizes
hyperactive tumor subregions in T1c MRI modality.
Automated segmentation of 3D brain tumors can save physicians time and
provide accurate reproducible solution for further tumor analysis and monitoring. Recently, deep learning based segmentation techniques overcame traditional
computer vision methods for dense semantic segmentation. Convolutional neural
networks (CNN) are able to learn from examples, and demonstrated state-ofthe-art segmentation accuracy both in 2D natural images [5] and in 3D medical
image modalities [13].
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Semantic segmentation CNNs are usually encoder-decoder based, where the
encoder part of the network extracts deep image features, and the decoder part
reconstructs a dense segmentation mask [5, 6, 8, 14, 13]. Here, we describe our 3D
segmentation network design for brain tumor segmentation task and evaluate it
on BRATS 2018 challenge data [12, 4, 2, 3]. Last year, the BRATS 2017 winning
challenge submissions included Kamnitsas et al. [10] who proposed to ensemble
several models for robust segmentation, and Wang et al. [15] who proposed
to segment tumor subregions in cascade using anisotropic convolutions. In this
work, we add the variational autoencoder branch to the network to reconstruct
the input images jointly with segmentation in order to regularize the shared
encoder. At inference time only the main segmentation encode-decoder part is
used. We describe our network architecture in the following section.

2

Methods

Our segmentation approach follows encoder-decoder based CNN architecture
with an asymmetrically larger encoder part to extract image features and a
smaller decoder to reconstruct the segmentation mask. We add an additional
branch to the encoder endpoint to reconstruct the original image, similar to auto
encoder architecture. The motivation for using the auto-encoder branch is to add
additional guidance and regularization to the encoder part, since the training
dataset size is limited. We follow the variational auto-encoder (VAE) approach
to better cluster/group the features of the encoder endpoint. We describe the
building parts of our networks in the next subsections.
2.1

Encoder part

The encoder part uses ResNet [9] blocks, where each block consists of two convolutions with normalization and ReLU, followed by additive identity skip connection. For normalization, we use Group Normalization (GN) [16], which shows
better than BatchNorm performance when batch size is small (bath size of 1 in
our case). We follow a common CNN approach to progressively downsize image
dimensions by 2 and simultaneously increase feature size by 2. For downsizing
we use strided convolutions.
All convolutions are 3x3x3 with initial number of filters equal to 32. The
encoder part structure is shown in Table 1. The encoder endpoint has 256 features, and is 8 times spatially smaller than the input image. We decided against
further downsizing to preserve more spatial content.
2.2

Decoder part

The decoder structure is similar to the encoder one, but with a single block per
each spatial level. Each decoder level begins with upsizing: reducing the number
of features by a factor of 2 (using 1x1x1 convolutions) and doubling the spatial
dimension (using 3D bilinear upsampling), followed by an addition of encoder
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Table 1. Encoder structure, where GN stands for group normalization (with group size
of 8), Conv - 3x3x3 convolution, AddId - addition of identity/skip connection. Repeat
column shows the number of repetitions of the block. We refer to the final output of
the encoder, as the encoder endpoint
Name

Ops

Repeat

Input

Output size
4x160x192x128

InitConv

Conv

1

32x160x192x128

EncoderBlock0 GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

32x160x192x128

EncoderDown1

1

64x80x96x64

Conv stride 2

EncoderBlock1 GN,ReLU,Conv,GN,ReLU,Conv, AddId

2

64x80x96x64

EncoderDown2

1

128x40x48x32

EncoderBlock2 GN,ReLU,Conv,GN,ReLU,Conv, AddId

2

128x40x48x32

EncoderDown3

1

256x20x24x16

4

256x20x24x16

Conv stride 2

Conv stride 2

EncoderBlock3 GN,ReLU,Conv,GN,ReLU,Conv, AddId

output of the equivalent spatial level. The end of the decoder has the same spatial
size as the original image, and the number of features equal to the initial input
feature size, followed by 1x1x1 convolution into 1 channel and sigmoid function.
The decoder structure is shown in Table 2.
Table 2. Decoder structure, where GN stands for group normalization (with group
size of 8), Conv - 3x3x3 convolution, Conv1 - 1x1x1 convolution, AddId - addition of
identity/skip connection, UpLinear - 3D linear spatial upsampling
Name

Ops

Repeat

Output size

Conv1, UpLinear, +EncoderBlock2

1

128x40x48x32

DecoderBlock2 GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

128x40x48x32

DecoderUp1

1

64x80x96x64

DecoderUp2

Conv1, UpLinear, +EncoderBlock1

DecoderBlock1 GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

64x80x96x64

DecoderUp0

1

32x160x192x128

DecoderBlock0 GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

32x160x192x128

DecoderEnd

1

1x160x192x144

2.3

Conv1, UpLinear, +EncoderBlock0

Conv1, Sigmoid

VAE part

Starting from the encoder endpoint output, we first reduce the input to a low
dimensional space of 256 (128 to represent mean, and 128 to represent std).
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Then, a sample is drawn from the Gaussian distribution with the given mean
and std, and reconstructed into the input image dimensions following the same
architecture as the decoder, except we don’t use the inter-level skip connections
from the encoder here. The VAE part structure is shown in Table 3.
Table 3. VAE decoder branch structure, where GN stands for group normalization
(with group size of 8), Conv - 3x3x3 convolution, Conv1 - 1x1x1 convolution, AddId addition of identity/skip connection, UpLinear - 3D linear spatial upsampling, Dense
- fully connected layer
Name

Ops

VD

Output size

1

256x1

sample ∼ N (µ(128), σ (128))

1

128x1

Dense, ReLU, Conv1, UpLinear

1

256x20x24x16

Conv1, UpLinear

1

128x40x48x32

GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

128x40x48x32

Conv1, UpLinear,

1

64x80x96x64

GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

64x80x96x64

Conv1, UpLinear,

1

32x160x192x128

GN,ReLU,Conv,GN,ReLU,Conv, AddId

1

32x160x192x128

Conv1

1

4x160x192x128

GN, ReLU, Conv (16) stride 2, Dense (256)
2

VDraw
VU
VUp2
VBlock2
VUp1
VBlock1
VUp0
VBlock0
Vend

2.4

Repeat

Loss

Our loss function consists of 3 terms:
L = Ldice + 0.1 ∗ LL2 + 0.1 ∗ LKL

(1)

Ldice is a soft dice loss [13] applied to the decoder output ppred to match the
segmentation mask ptrue :
P
2 ∗ ptrue ∗ ppred
P
Ldice = P 2
(2)
ptrue + p2pred + 
where summation is voxel-wise, and  is a small constant to avoid zero division.
LL2 is an L2 loss on the VAE branch output Ipred to match the input image
Iinput :
LL2 = ||Iinput − Ipred ||22
(3)
LKL is standard VAE penalty term [11, 7], a KL divergence between the
estimated normal distribution N (µ, σ 2 ) and a prior distribution N (0, 1), which
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has a closed form representation:
1 X 2
LKL =
µ + σ 2 − log σ 2 − 1
N

(4)

where N is total number of image voxels. We empirically found a hyper-parameter
weight of 0.1 to provide a good balance between dice and VAE loss terms in
Equation 1.
2.5

Optimization

We use Adam optimizer with initial learning rate of α0 = 1e−4 and progressively
decrease it according to:
0.9

e
α = α0 ∗ 1 −
Ne

(5)

where e is an epoch counter, and Ne is a total number of epochs (300 in our
case). We use batch size of 1, and draw input images in random order (ensuring
that each training image is drawn once per epoch).
2.6

Regularization

We use L2 norm regularization on the convolutional kernel parameters with a
weight of 1e − 5. We also use the spatial dropout with a rate of 0.2 after the
initial encoder convolution. We have experimented with other placements of the
dropout (including placing dropout layer after each convolution), but didn’t find
any additional accuracy improvements.
2.7

Data preprocessing and augmentation

We normalize all input images to zero mean and unit std (based on non-zero
voxels only). We apply a random (per channel) intensity shift (−0.1..0.1 of image
std) and scale (0.9..1.1) on input image channels. We also apply a random axis
mirror flip (for all 3 axes) with a probability 0.5.

3

Results

We report the preliminary results using the data provided by BRATS 20181 . The
training dataset contains 285 cases (210 HGG and 75 LGG). Each case contains
four 3D MRI modalities (T1, T1c, T2, FAIR), which are rigidly aligned, skull
stripped, MRI bias corrected, and resampled to 1x1x1mm isotropic resolution
(with image sizes of 240x240x155 voxels). The ground truth segmentation mask
is provided for 3 classes: enhanced tumor core (ET), whole tumor (WT) and
tumor core (TC). Class labels are nested such that the largest area class WT
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Fig. 1. An example of 2D axial slice of T1c MRI. The whole tumor (WT) class includes
all visible labels (a union of green, yellow and red labels), the tumor core (TC) class is
a union of red and yellow, and the enhancing tumor core (ET) class is shown in yellow
(a hyperactive tumor part) .

also includes TC and ET as its subsets, and TC includes ET as its subset (see
Figure 1)
The validation dataset contains 66 cases with unknown glioma grade and
unknown segmentation. We uploaded our segmentation results to the BRATS
2018 server for evaluation of per class Dice, sensitivity, specificity and Hausdorff
distances.
We implemented our network in Tensorflow [1] and trained it on NVIDIA
Tesla V100 GPU. During training we use random crop of size 160x192x128, which
ensures that most image content remains within the crop area. We concatenate
4 available 3D MRI modalities into the 4 channel image as an input. We train a
separate network for binary segmentation of each of the 3 label classes separately
(using the same hyper-parameters).
Table 4 shows the results of our model on the BRATS 2018 validation dataset.
Aside from evaluating a single model, we also applied test time augmentation
(TTA) by mirror flipping the input 3D image axes, and average the output of
the resulting 8 flipped segmentation probability maps; this slightly improved the
dice accuracy. Finally, we ensemble a set of 10 models (trained from scratch), to
further improve the performance. At the time of the paper submission (Jul 13,
2018), our dice accuracy performance was second best (team name NVDLMED2 )
1
2

https://www.med.upenn.edu/sbia/brats2018.html
https://www.cbica.upenn.edu/BraTS18/lboardValidation.html
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for all of the 3 segmentation labels (ET, WT, TC), given 390 teams registered
for the BRATS 2018 challenge.
Table 4. Mean Dice and Hausdorff measurements of the proposed segmentation
method on BraTS 2018 validation set. EN - enhancing tumor core, WT - whole tumor,
TC - tumor core.
Dice
ET

WT

Hausdorff (mm)
TC

ET

WT

TC

Single Model

0.8145 0.9042 0.8596 3.8048 4.4834 8.2777

Single Model + TTA

0.8173 0.9068 0.8602 3.8241 4.4117 6.8413

Ensemble of 10 models 0.8233 0.9100 0.8668 3.9257 4.5160 6.8545

4

Conclusion

We described a segmentation network for brain tumor segmentation from multimodal 3D MRIs, where variational autoencoder branch is added to further
regularize the decoder in the presence of limited training data. Preliminary results on BRATS 2018 validation datasets are 0.8233, 0.9100, 0.8668 average Dice
for enhanced tumor core, whole tumor and tumor core respectively.
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Abstract. Accurate segmentation of brain tumors is clinically relevant
in diagnoses, prognoses, and treatment of glioma [15]. Early machine
learning brain tumor segmentation efforts relied heavily on random forests [1,
2]. More recently, 2D and 3D CNNs trained on image patches sampled
from 2D slices of magnetic resonance (MR) volumes have become the
model of choice [14]. In particular, variants of Ronneberger et al.’s UNet have performed well on this task [7]. ESPNet is a fast and efficient
network for semantic segmentation, benchmarked on the Cityscape and
Mapillary datasets, which loosley inherits Ronneberger et al.’s U-Net
network structure with convolutional blocks swapped out for ESP (efficient spatial pyramid) modules [17]. We extend ESPNet to 3D medical
imaging data in this report. We train in two stages at full resolution on
four-channel, multimodal MR volumes to predict a voxelwise four-class
segmentation of glioma tumors. We first find the tumor within the brain,
then the tumor core within the tumor, and then the necrotic core within
the tumor core. Our efforts follow an in-depth investigation of the underlying glioma MR data. Our preliminary results are encouraging (whole
tumor dice score 0.889), but work remains to be done on the individual
classes.
Keywords: Glimoa · GBM · ESPNet · Image reinforcement · Semantic
segmentation.

1

Introduction

Glioblastoma (GBM), a grade IV glioma, is the most common and most aggressive primary brain tumor. The average GBM patient lives only 12-15 months
post diagnosis, a number which has only grown by three months in the last forty
years [15]. Due to GBMs highly heterogeneous appearance, extent, and shape,
segmentation of brain tumors in MR volumes is one of the most challenging
tasks in neuroradiology [15]. This is compounded by the sparsity of data and the
variation incurred by differing scanner models and manufacturers, imaging sites,
variation in clinical standards and protocols, and the noise introduced by the
movement of patients’ heads during scans. At every clinical visit, GBM patients
generally receive standard of care FLAIR, post-contrast T1-weighted (T1ce),
T2, and T1 MR sequences, each of which is described by a distinct volume.
These sequences give complementing information about the tumor extent and
composition.
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Automated brain tumor segmentation also ranks among the most difficult
problems in medical image analysis. The notion that successful training of deep
networks requires massive amounts of data is widely held. Not only are MR
scans scarce, they are high dimensional (e.g. 240 × 240 × 155 × 4) and contain
high class imbalances (e.g. ≥ 95% background class). Thus, naive models are
predisposed to exhibit extreme background bias. Segmentation of brain tumors
is also difficult due to heterogeneities in tumor intensity, which we attempt to
correct during preprocessing.
In similar biomedical domains, patchwise approaches have helped address
problems of data shortages and dimensionality. Ciresan et al. proposed a slidingwindow method to segment electron microscopic images of the brain, which
both localized the problem and exaggerated the dataset [7, 14]. Ronneberger et
al.’s 2D encoder-decoder network, U-Net, outperformed Ciresans method. UNet is a fully convolutional network where the traditional pooling operations
in the contracting (encoding) path are replaced by upsampling operations in
the symmetric expanding (decoding) path. Skip connections are passed from
encoding blocks on the contracting path to same-level decoding blocks in the
expanding path [7].
While some success has been reached using 2D fully convolutional networks
(FCNs) like U-Net, these models ignore crucial 3D spatial context, which is undesirable given that most clinical imaging data is volumetric. However, even among
3D FCNs such as DeepMedic, a previous winner of the BraTS competition, fine
spatial information is discarded in pooling [9]. This motivates our interest in
U-Net’s skip connections and, in particular, the architecture of Milletari et al.’s
3D extension of U-Net, V-Net. V-Net benchmarked well on the “PROMISE2012
challenge, where it gave impressive segmentations of MR prostate scans after
training on only 50 examples [8].
ESPNet is a faster, more efficient take on U-Net’s encoder-decoder architecture [17]. We seek to extend and benchmark ESPNet on 3D medical imaging
data. We conduct extensive studies on the BraTS 2018 data, locating most
of the segmentation signal in the FLAIR and T1ce sequences [1–4]. We train
three two-class segmentation networks. The first distinguishes between tumor
and background, the second between tumor and tumor core, and the third between tumor core and necrotic tissue. The difference between the entire tumor
and the tumor core is assumed to be edema, and the difference between the
tumor core and the necrotic core is assumed to be the enhancing tissue class.

2
2.1

Methods
Preprocessing

We trained the first stage of our network using only min-max normalization.
In the second and third stage we perform histogram equalization. We found
histogram equalization particularly useful in low grade gliomas (LGG) where the
clearly defined structure in enhancing and necrotic tissue found in high grade
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gliomas (HGG) is generally absent. Before stage one, we removed any border
slices that contained no tumor in any training samples. This helped greatly in
dimensionality reduction and allowed us to increase batch size during training.
2.2

Network Structure

The primary distinction between the encoder portion of ESPNet and a traditional convolutional encoder is that we use ESP (efficient spatial pyramid) blocks
in the place of convolutional blocks after the first layer [17]. Using ESP blocks
reduces the number of network parameters and allows us to deepen the network.
We also replace pooling operations with strided ESP convolutional layers to
learn non-linear downsampling operations. Additionally, we send feature maps
forward via. long-range concatenation connections from the first ESP module in
an ESP block to the last ESP module in the block; this improves information
flow within the network. These connections are shown as solid black arrows in
the encoder in Figure 1.
When we attach a light-weight decoder, we share compressed representations
of the feature maps in the encoder with same-level feature maps in the decoder
via skip-connection concatenation. Compression is achieved by applying 1×1×1
convolutions to learn a lower dimensional representation of the feature maps to
be passed to the decoder. The skip connections and the 1×1×1 convolutions are
shown with dotted green arrows in Figure 1. Skip-connections allow fine details
lost in downsampling in the encoder to be recovered in the decoder, which gives
the segmentation maps a granularity simple interpolation cannot achieve. The
decoder uses 2 × 2 × 2 deconvolution kernels to upsample the encoder output.
After initially downsampling with a standard strided convolution, we downsample again with a strided ESP module. Such dramatic downsampling is done
to reduce memory overhead. We add two ESP modules and downsample again
with a strided ESP module. We add five more ESP modules before we reduce the
outputted feature maps into two channels, corresponding to the tumor and the
background class, using two pointwise convolutions; this is shown by the thick
black arrow at the end of the encoder in Figure 1. We then upsample and pass
the output through a softmax to produce our segmentation mask. We use the
same architecture for all network stages.
2.3

Training

We randomly partitioned the dataset into a training set and a validation set using
an 80:20 split (228:57). We trained the encoder and decoder in separate phases.
To investigate the contributions of each modality during data exploration, we
trained encoders on each of the four modalities. The encoder trained on the
FLAIR sequences performed best on the whole tumor task, and the encoder
trained on the T1ce sequences performed best on the enhancing and necrotic
tissue classes.
We used mIOU for our loss function instead of cross entropy for empirical
reasons as we and others have observed [10]. We weight our mIOU loss to address
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Fig. 1. ESPNet. The encoder is shown on the left; the light-weight decoder is shown on
the right. Parentheses give the channel dimensions of incoming and outgoing feature
maps. Light-blue feature maps indicated concatenation by long-range connections. Arrows are defined in the legend. The above is a single instances of ESPNet; we train
three instances of ESPNet, one for each stage in our pipeline.

severe class imbalance. Random crops and random flips were used heavily for
data augmentation.
We implemented our models in PyTorch. When training at full resolution
over all modalities, we used a batch size of four on an NVIDIA Titan X. We
trained for 300 epochs. We found that the optimizer Adam outperformed SGD
with momentum [18]. We experimented with learning decay and settled on a
learning rate of 10e−4 , which we decreased to 10e−5 after 200 epochs. Code for
this adaptation of ESPNet will be available at https://github.com/nknuecht/
GBMNet.

3

Results

We train on the Multimodal Brain Tumor Segmentation Challenge (BraTS)
2018, which provides 285 multi-institutional pre-operative multimodal MR tumor scans, each consisting of T1, post-contrast T1-weighted (T1ce), T2, and
FLAIR volumes [1–4]. Each case is annotated with the following voxel labels:
enhancing tumor, peritumoral edema, background, and necrotic core and nonenhancing tumor [6]. Necrotic core and non-enhancing tumor share a single label.
We withheld a random validation set of 57 volumes. These data are co-registered
to the standard MNI anatomical template, interpolated to the same resolution,
and skull-stripped. Ground-truth segmentations are manually drawn and approved by expert neuroradiologists [6].
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Our preliminary experiments show that our three-stage application of ESPNet shows competitive results for whole tumor segmentation. Our exploratory
experiments show that networks trained on the FLAIR modality consistently
excel on the edema compartment and the merged whole tumor class when compared to networks trained on other modalities. However, networks trained on all
modalities have the overall performance, despite incurring more memory overhead that constrains batch size.

ESPNet
Whole Tumor
Tumor Core
Enhancing Tumor
Edema

Dice Score Sensitivity Specificity
0.889
0.590
0.533
0.638

0.9457
0.7583
0.6346
0.9457

0.9971
0.9989
0.9985
0.9971

Table 2. Results obtained on our partitioned validation set.

Fig. 2. Overlay of segmentation mask on a FLAIR image. FLAIR shows edema compartment (red) best. Water content outside of the cerebrospinal fluid (CSF) is bright
which prevents spurious edema predictions in the ventricles. Left: input; Center: prediction; Right: ground truth.

4

Discussion

Our data exploration findings are mostly in line with clinical expectations. Networks trained on FLAIR volumes likely perform best because FLAIR sequences
are the modality most sensitive to water, which is disproportionately present in
edema. FLAIR sequences are also based on T2 magnetic gradients, which may
explain the heightened performance achieved by T2-trained networks on the
edema compartment. Edema surrounds the tumor and thus the edema compartment and the entire tumor share the same outer boundary: this may explain why
FLAIR-trained networks perform better on whole tumor segmentation than the
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Fig. 3. Overlay of segmentation mask on a T2 image. Edema is bright on T2 scans as
is the CSF fluid in the ventricles. T2 captures edema well, but edema can also wash
out necrotic areas and sometimes be confused for CSF. Left: input; Center: prediction;
Right: ground truth.

Fig. 4. Overlay of segmentation mask on a T1ce image. T1ce shows necrosis compartment (blue) best as compared to water-sensitive scans such as FLAIR and T2 (shown
above). T1 lacks the contrast to pick up fine details in enhancing tissue, which is illuminated by the gadolinium contrast agent injected during the T1ce sequence. Left:
input; Center: prediction; Right: ground truth.

networks trained on other modalities. The T1ce sequence is the modality most
often consulted by neuro-oncologists because it enhances the contrast agent leakage around the malignant tumor.
A possible explanation for our poor performance on individual tumor compartments is that it is not always the case that the necrotic core is surrounded
by enhancing tumor or that the tumor core (necrotic and enhancing tissue) is
completed surrounded by edema, which we assume when using our staged model.
We also find LGG tumors more difficult to segment, likely because they are more
diffuse than HGG tumors and make up a smaller portion of the dataset.

5

Conclusion

Segmentation of glioma tumors is relevant to clinical diagnoses, prognoses, and
treatment in neuro-oncology [15]. This paper extends ESPNet, a fast and efficient
network designed for vanilla 2D semantic segmentation, to 3D data in the medical
imaging domain. We followed a three stage training scheme to build a four-class
voxelwise tumor compartment segmentation model. We achieved a dice score of
0.889 on the whole tumor class, but work remains to be done on the individual
classes. Adding a CRF on top of our final output should improve our results
as it for DeepMedic [9]. Better data normalization and hyperparameter tuning
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may also improve our performance. Training on the entire dataset will also be
helpful.
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Abstract. Machine learning approaches for tumor segmentation and prediction
of treatment outcome are currently representing a trend research in the radiation
oncology field. The purpose of this study is to propose ensemble machine learning methods for glioma tumor segmentation and prediction of patient’s survival.
BRATS’2018 multimodal magnetic resonance imaging (MRI) scans and clinical data of patients pathologically confirmed with glioma tumor were used for
this purpose. Ensemble model of multiple algorithms was developed for full
tumor structures segmentation and predicting the patient-specific expected survival. The ensemble models were partially trained BRATS'2018 training dataset. The segmentation model performance was and qualitatively evaluated, the
survival prediction model was evaluated with the accuracy and area under the
curve (AUC) metrics. The preliminary segmentation results during the training
phase qualitatively resemble the ground truth labels. For survival prediction,
AUC of 0.72, 0.58, and 0.63 was achieved in predicting short, mid, and longsurvivors groups with over all accuracy of 55%. Both models are still under developing but they look promising to provide more accurate segmentation and
patient’s treatment outcome predictions.
Keywords: Glioma Tumors, Image Segmentation, Ensemble Learning, Treatment Outcome.

1

Introduction

Gliomas are the most common primary brain malignancies [1]. Glioma tumors are
categorized clinically into high-grade and low-grade. High-grade glioma (HGG) tumors are invasive and aggressively grow rapidly leading to the patient's death i.e.
glioblastoma multiform (GBM) is the most common one with a median survival rate
of two years or less [2-3]. On the other hand, low-grade glioma (LGG) tumors are
slow-growing, with a life expectancy of several years. Treatment protocols for gliomas generally start with patient undergo through surgical procedure to remove the
tumor then followed by irradiation of the tumor bed [4]. The goal of threedimensional (3D) conformal radiation therapy is to irradiate the tumor volume while
limiting damage to the surrounding normal tissues. Achieving this goal requires accu-
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rate determination of 3D treatment volumes. Radiation oncologists traditionally model the brain treatment target through a time-intensive manual procedure involving the
outlining of the gross tumor volume (GTV) on numerous 2D imaging “slices” using
either computed tomography (CT) or magnetic resonance imaging (MRI) [5]. Recently, the search for improvements in target volume deﬁnition methodology has concentrated on improved imaging modalities [6, 7]. It has been demonstrated that MRI is
more sensitive than CT in both lesion detection and in the margin delineation of gliomas [8]. However, limitations remain in the delineation of tumor volumes and in the
ability of different radiation oncologists to reproduce consistent results [8]. Although
the technology for conformal radiation treatment planning has developed to a high
level of accuracy, the deﬁnition of the tumor GTV is still based on time-intensive,
highly subjective “inter-observer variations” manual outlining [9-10]. Manual outlining is the type of process that should be an excellent candidate for automation through
the development of a computerized segmentation system.
Automatic segmentation of MR images offers the potential to accurately deﬁne
complex treatment volumes, to speed the contouring process in radiation therapy
treatment planning, and to provide a standardized reproducible measurement protocol
that can be employed by geographically diverse facilities and physicians in treating
brain tumors. Several algorithms [11-17] have been developed using different machine learning (ML) methods for computational segmentation of brain tumors in
MRIs. However, it still remains challenging for reasons such as availability of big
data of multimodal MR images with their ground truth data, etc. Multimodal Bain
Tumor Segmentation (BRATS) challenges [17-18] have focused on brain tumor segmentation algorithms and established a framework for benchmarking and evaluating
different segmentation algorithms. BRATS is making repository of a large “standard”
dataset with accompanying delineations of the relevant tumor sub-regions, and patient
overall survival data. Over the past few years, discriminative probabilistic methods
[13-14] that rely on a random forest classiﬁer and convolutional neural networks
[10,11,15] have shown as the most successful methods for segmentation of brain tumors. Last year, a ML method based on ensembles of multiple models for brain tumor
segmentation won the first place in the Brain Tumor Segmentation (BRATS) 2017
competition. Fussing segmentations from different algorithms have shown indications
for better performance than the best individual algorithm applied to the same task
[19]. Ensemble learning [20] helps improve machine learning results by combining
several models. This approach allows the production of better predictive performance
compared to a single model. The main purpose of an ensemble is maximizing individual accuracy and diversity.
Machine learning algorithms for predicting radiotherapy outcomes (e.g., survival,
treatment failure, toxicity) are receiving much attention in literature, for example, in
decision support systems for precision medicine [24,25]. Patient-specific overall survival (OS) prediction using the patient clinical data and tumor radiomic/imaging features could serve as a survival-predictor and hence accurate prognosis for glioma
patients would provide essential guidelines for their treatment planning. Prediction of
GBM patient overall survival (OS) via integrative analyses of radiomic features could
provide reliable information of patient’s status. The central hypothesis of radiomics is
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that quantitative features measured from routine medical images are related to the
tumor phenotype and provide important information for personalized medicine. When
using quantitative image features for radiomics, the initial workflow involves segmenting an image, applying image processing, fine-tuning parameters for the radiomics features needed to be measured, and extracting them. Each step is dependent on
image modality and research goals. A variety of statistical tools are prevalent and
useful for understanding the dynamics of radiomics features and relating them to clinical endpoints in medical research. When the primary outcomes are time-to-events,
such as progression-free survival and overall survival, the conventional survival analysis and relevant methods can be applied as a benchmark to evaluate the goodness of
fit of machine learning techniques. This paper presents developing an ensemble model of multiple ML algorithms for fully automated glioma tumor segmentation process
in magnetic resonance imaging (MRI) scans and patient-specific survival expected
period. The survival model is estimating the glioblastoma multiforme (GBM) tumors
treatment outcome using radiomic signatures determined via machine learning methods and multi-modal MRIs image processing.

2

Materials and Methods

2.1

Data

Multimodal MR images and patient’s clinical data were provided by BRATS’2018
challenge [19, 21-23]. The data were for patient clinically diagnosed with glioma
tumors and pathologically confirmed. The provided MR images were clinicallyacquired in a routine manner in multi-institutions using different scanners and various
protocols.
For the segmentation task, MRI dataset of 285 patients were provided as training
dataset 66 patients as validation dataset. MR images consisting the training dataset
were provided with their ground truth segmentation labels of various glioma subregions. The manually segmented labels were performed by experts following the
same annotation protocol, and their annotations were revised and approved by boardcertified neuroradiologists. Annotation labels included were the GD-enhancing tumor
(ET), the peritumoral edema (ED), and the necrotic and non-enhancing tumor (NCR/NET). Each patient multimodal imaging data was consisted of four MRI
modalities precisely; 1) T1-weighted (highlights fat locations), 2) postcontrast/gadolinium T1c-weighted (taken after the injection of the contrast agent gadolinium), 3) T2-weighted (highlights water locations), and 4) T2-Flair (Fluid Attenuated Inversion Recovery, an MR imaging technique that produces images similar to
T2-weighted images, but with free water suppressed). They were co-registered with
aligning the volumes of the four MRI modalities to the same anatomical template, and
interpolated to the same resolution of 1×1×1 mm3 and skull-stripped to correlate all
four images for each patient.
The provided clinical OS data and patient age were included with correspondences
to the pseudo-identifiers of the GBM/HGG imaging data. For the survival prediction
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task, clinical data of 163 (accompanied with the ground truth data) and 53 patients
were provided for training and validating the algorithm, respectively.
2.2

The model

Theory of ensemble method. An ensemble is itself a supervised learning algorithm,
because it can be trained and then used to make predictions. The trained ensemble,
therefore, represents a single hypothesis. This hypothesis, however, is not necessarily
contained within the hypothesis space of the models from which it is built. Thus, ensembles can be shown to have more flexibility in the functions they can represent.
This flexibility can, in theory, enable them to over-fit the training data more than a
single model would, but in practice, some ensemble techniques (especially bagging)
tend to reduce problems related to over-fitting of the training data. Ensemble methods use multiple learning algorithms to obtain better predictive performance than
could be obtained from any of the constituent learning algorithms alone [20]. Ensemble methods is a machine learning technique that combines several base models in
order to produce one optimal predictive model. There are many types of ensemble
methods. They include BAGGing, or Bootstrap AGGregating and Random Forest. BAGGing gets its name because it combines Bootstrapping and Aggregation to
form one ensemble model. Given a sample of data, multiple bootstrapped subsamples
are pulled. A Decision Tree is formed on each of the bootstrapped subsamples. After
each subsample Decision Tree has been formed, an algorithm is used to aggregate over
the Decision Trees to form the most efficient predictor. Random Forest Models can be
thought of as BAGGing, with a slight tweak. When deciding where to split and how to
make decisions, BAGGed Decision Trees have the full disposal of features to choose
from. Therefore, although the bootstrapped samples may be slightly different, the data
is largely going to break off at the same features throughout each model. In contrary,
Random Forest models decide where to split based on a random selection of features.
Rather than splitting at similar features at each node throughout, Random Forest models implement a level of differentiation because each tree will split based on different
features. This level of differentiation provides a greater ensemble to aggregate over,
ergo producing a more accurate predictor.
Ensemble of different models. We used different methods of assembling to develop
our segmentation and survival prediction models.
2.3

Algorithm Evaluation

The performance of each participating algorithm has to be evaluated on the online
evaluation platform (CBICA's IPP) at University of Pennsylvania
(https://ipp.cbica.upenn.edu/) for its performance in segmentation and survival prediction tasks. At the moment, our model’s performance was evaluated qualitatively.
BRATS’2018 requires that the segmentation model to be evaluated with "Dice score"
and the "Hausdorff distance" evaluation metrics. In addition, the "Sensitivity" and
"Specificity" metrics have also included. For survival prediction task, accuracy is
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used for classification of subjects as long-survivors (e.g., >15 months), shortsurvivors (e.g., <10 months), and mid-survivors (e.g. between 10 and 15 months) for
predicted survival status for subjects with resection status of gross total resection). For
regression the model is evaluated with the mean and median square error of survival
time predictions.

3

Results

The predicted results of glioma segmentation are presented here. The qualitative results represent the whole tumor are shown below (Fig. 1) on the training dataset.

Fig. 1. The predicted segmentation labels of glioma on MR images on the training dataset (four
patients MRIs).

We could not report the quantitative results here as well as the segmentation results
of the other glioma sub-structures.
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Fig. 2. The receiver operating characteristic (ROC) curve for SVM classification of survival
class prediction in the training phase.

The above figure (Fig. 2) show the ROC curve for short, med, and long-survivors
class predictions. The curve shows true positive rate versus false positive rate for the
trained classifier. The overall accuracy is 55% for a SVM linear model.

4

Discussion

The goal of any machine learning problem is to find a single model that will best
predict the required outcome. Rather than making one model and hoping this model is
the best/most accurate predictor we can make, ensemble methods combine multiple
different models and average those models to produce one final model. Therefore, for
this reason we changed our mind to develop an ensemble model for BRATS’2018
competition rather than enhancing our last year (2017) contribution which was a single model based-on support vector machine approach. An ensemble model of multiple
algorithms architecture was developed for glioma segmentation and patient-specific
survival prediction. The model is successfully built and currently in validation phase.
The segmentation model is an ensemble of different classifiers. The preliminary
segmentation results look very good qualitatively. However, it’s still under developing and Dice and the results of the sub-structures are not reported here. With recently
introduced MR-guided radiation therapy (MR-guided RT), automated glioma tumor
segmentation may have an effective role in Adaptive RT and expediting the clinic
work flow.
When using quantitative image features for radiomics, the initial workflow involves segmenting an image, applying image processing, fine-tuning parameters for
the radiomics features you wish to measure, and extracting them. A variety of statistical tools are prevalent and useful for understanding the dynamics of radiomics features and relating them to clinical endpoints in medical research. When the primary
outcomes are time-to-events, such as progression-free survival and overall survival,
the conventional survival analysis and relevant methods can be applied as a benchmark to evaluate the goodness of fit of machine learning techniques. The preliminary
results of survival prediction during the training phase is very good also but we could
not include the results here. We are refining the model to obtain more accurate survival prediction. The SVM linear classification model was trained on the
BRATS’2018 survival data and validated with k-fold cross-validation (k=5).

5

Conclusions

An ensemble machine learning algorithm is proposed for brain tumor segmentation
and patient’s survival. BRATS’2018 multimodal MR images and clinical data of patients diagnosed with glioma tumor were used for this purpose. An ensemble model of
multiple algorithms was developed for full tumor structures segmentation and predicting the patient-specific expected survival. The ensemble model was trained on part of
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the BRATS'2018 training dataset. Its performance was quantitatively and qualitatively
evaluated. The preliminary segmentation results during the training phase look qualitatively resemble. The model is still under developing but it looks promising to provide more accurate segmentation and patient’s survival predictions.
References
1. Holland, E.C.: Progenitor cells and glioma formation. Current Opinion in Neurology
14(6), 683–688 (2001).
2. Ohgaki, H., Kleihues, P.: Population-based studies on incidence, survival rates, and genetic alterations in astrocytic and oligodendroglial gliomas. Journal of Neuropathology & Experimental Neurology 64(6), 479–489 (2005).
3. Louis, D.N., Ohgaki, H., Wiestler, O.D., Cavanee, W.K.: WHO classiﬁcation of tumours
of the central nervous system. 4th edn. WHO/IARC, Lyon, France (2007).
4. Mazzara, G.P., Velthuizen, R.P., Pearlman, J.L., Greenberg, H.M., Wagner, H.: Brain tumor target volume determination for radiation treatment planning through automated MRI
segmentation. International Journal of Radiation Oncology Biology Physics 59(1), 300–
312 (2004).
5. Morris, D.E., Bourland, J.D., Rosenman, J.G., et al.: Three-dimensional conformal radiation treatment planning and delivery for low- and intermediate-grade gliomas. Seminars in
Radiation Oncology 11(2), 124–137 (2001).
6. Henkelman, R.M.: New imaging technologies: Prospects for target deﬁnition. International
Journal of Radiation Oncology Biology Physics 22(2), 251–257 (1992).
7. Jansen, E.P., Dewit, L.G., Van Herk, M., et al.: Target volumes in radiotherapy for highgrade malignant glioma of the brain. International Journal of Radiation Oncology Biology
Physics 56(2), 151–156 (2000).
8. Caudrelier, J.M., Vial, S., Gibon, D., et al.: MRI deﬁnition of target volumes using fuzzy
logic method for three-dimensional conformal radiation therapy. International Journal of
Radiation Oncology Biology Physics 55(1), 223–233 (2003).
9. Yamamoto, M., Nagata, Y., Okajima, K.: Differences in target outline from CT scans of
brain tumours using different methods and different observers. Radiotherapy & Oncology
50(2), 151–156 (1999).
10. Pitkanen, M.A., Holli, K.A., Ojala, A.T., et al.: Quality assurance in radiotherapy of breast
cancer—variability in planning target volume delineation. Acta Oncology 40(1), 50–55
(2001).
11. Kamnitsas, K., Ledig, C., Newcombe, V.F., et al.: Efficient multi-scale 3D CNN with fully
connected CRF for accurate brain lesion segmentation. Medical Image Analysis 36, 61–78
(2017).
12. Fedorov, A., Beichel, R., Kalpathy-Cramer, J., et al.: 3D Slicer as an image computing
platform for the Quantitative Imaging Network. Magnetic resonance imaging 30(9), 1323–
1341 (2012).
13. Zikic, D., Glocker, B., et al.: Decision forests for tissue-speciﬁc segmentation of highgrade gliomas in multi-channel MR. In: Ayache, N., Delingette, H., Golland, P., Mori, K.
(eds.) MICCAI 2012. LNCS, vol. 7512, pp. 369–376. Springer, Heidelberg (2012).
https://doi.org/10.1007/978-3-642-33454-2_46
14. Le Folgoc, L., Nori, A.V., Ancha, S., Criminisi, A.: Lifted auto-context forests for brain
tumour segmentation. In: Alessandro, C., et al. (eds.) BrainLes 2016. LNCS, vol. 10154,
pp. 171–183. Springer, Heidelberg (2016).

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

371 of 578

8
15. Urban, G., Bendszus, M., Hamprecht, F., Kleesiek, J.: Multi-modal brain tumor segmentation using deep convolutional neural networks. In: MICCAI-BraTS 2014, pp. 31–35
(2014).
16. Osman, A. F. I.: Automated Brain Tumor Segmentation on Magnetic Resonance Images
(MRIs) and Patient Overall Survival Prediction using Support Vector Machines. In: Crimi,
A., Bakas, S., Kuijf, H., Menze, B., Reyes, M. (eds.) BrainLes 2017. LNCS, vol. 10670,
pp. 435–449. Springer, Cham (2018).
17. Kamnitsas K., Bai, W., Ferrante, E., et al.: Ensembles of Multiple Models and Architectures for Robust Brain Tumour Segmentation. In: Crimi, A., Bakas, S., Kuijf, H., Menze,
B., Reyes, M. (eds) BrainLes 2017. LNCS, vol. 10670, pp. 450–462. Springer, Cham
(2018).
18. Archip, N., Jolesz, F.A., Warfield, S.K.: A validation framework for brain tumor segmentation. Academic Radiology 14(10), 1242–1251 (2007).
19. Menze, B.H., Jakab, A., Bauer, S., Kalpathy-Cramer, J., Farahani, K., Kirby, J., Burren,
Y., Porz, N., Slotboom, J., Wiest, R., Lanczi, L., Gerstner, E., Weber, M.A., Arbel, T.,
Avants, B.B., Ayache, N., Buendia, P., Collins, D.L., Cordier, N., Corso, J.J., Criminisi,
A., Das, T., Delingette, H., Demiralp, Γ., Durst, C.R., Dojat, M., Doyle, S., Festa, J.,
Forbes, F., Geremia, E., Glocker, B., Golland, P., Guo, X., Hamamci, A., Iftekharuddin,
K.M., Jena, R., John, N.M., Konukoglu, E., Lashkari, D., Mariz, J.A., Meier, R., Pereira,
S., Precup, D., Price, S.J., Raviv, T.R., Reza, S.M., Ryan, M., Sarikaya, D., Schwartz, L.,
Shin, H.C., Shotton, J., Silva, C.A., Sousa, N., Subbanna, N.K., Szekely, G., Taylor, T.J.,
Thomas, O.M., Tustison, N.J., Unal, G., Vasseur, F., Wintermark, M., Ye, D.H., Zhao, L.,
Zhao, B., Zikic, D., Prastawa, M., Reyes, M., Van Leemput, K.: The Multimodal Brain
Tumor Image Segmentation Benchmark (BRATS). IEEE Transactions on Medical Imaging 34(10), 1993-2024 (2015). DOI: 10.1109/TMI.2014.2377694
20. Dietterich, T.G. Ensemble Methods in Machine Learning. In: Kittler, J., and Roli, F. (eds.)
First International Workshop on Multiple Classifier Systems, LNCS, pp. 1-15. Springer,
Verlag (2000).
21. Bakas, S., Akbari, H., Sotiras, A., Bilello, M., Rozycki, M., Kirby, J.S., Freymann, J.B.,
Farahani, K., Davatzikos, C.: Advancing The Cancer Genome Atlas glioma MRI collections with expert segmentation labels and radiomic features. Nature Scientific Data,
4:170117 (2017) DOI: 10.1038/sdata.2017.117
22. Bakas, S., Akbari, H., Sotiras, A., Bilello, M., Rozycki, M., Kirby, J., Freymann, J., Farahani, K., Davatzikos, C.: Segmentation Labels and Radiomic Features for the Preoperative Scans of the TCGA-GBM collection. The Cancer Imaging Archive, 2017. DOI:
10.7937/K9/TCIA.2017.KLXWJJ1Q
23. Bakas, S., Akbari, H., Sotiras, A., Bilello, M., Rozycki, M., Kirby, J., Freymann, J., Farahani, K., Davatzikos, C.: Segmentation Labels and Radiomic Features for the Preoperative Scans of the TCGA-LGG collection. The Cancer Imaging Archive, 2017. DOI:
10.7937/K9/TCIA.2017.GJQ7R0EF
24. Lambin, P., van Stiphout, R.G., Starmans, M.H., et al.: Predicting outcomes in radiation
oncology–multifactorial decision support systems. Nature Reviews Clinical Oncology
10(1), 27–40 (2013).
25. Lambin, P., Roelofs, E., Reymen, B., et al.: Rapid learning health care in oncology’ – An
approach towards decision support systems enabling customised radiotherapy. Radiotherapy & Oncology 109(1), 159–164 (2013).

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

372 of 578

9

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

373 of 578

Automatic Brain Tumor Segmentation using
U-Net based 3D Fully Convolutional Network
Anmol Popli, Manu Agarwal, and G.N. Pillai
Indian Institute of Technology Roorkee, India
apopli@ee.iitr.ac.in

Abstract. Gliomas are the most common primary brain malignancies,
with different degrees of aggressiveness, variable prognosis and various
heterogeneous histological sub-regions. Due to this highly heterogeneous
appearance and shape, segmentation of brain tumors in multimodal MRI
scans is one of the most challenging tasks in medical image analysis.
In this paper, we propose a U-Net based 3D Fully Convolutional Neural Network to segment tumor subregions and background from multimodal Magnetic Resonance Imaging (MRI) scans of the brain. The tumor subregions are three hierarchical regions: whole tumor, tumor core
and enhancing tumor core. Our 3D FCN architecture has been derived
from the U-Net architecture and optimized in order to maximize performance on three-dimensional multimodal MRI data. In addition, we
employ N4ITK bias field correction as part of our preprocessing stage to
rectify bias and intensity inhomogeneities in MRI images. Our proposed
method has achieved very good results on BraTS 2018 training and validation datasets. The Dice scores on training set are 0.9069, 0.8683 and
0.7265 for whole tumor, tumor core and enhancing tumor core respectively. The corresponding scores on validation set are 0.8941, 0.8248 and
0.7439.
Keywords: Brain tumor · Deep Learning · U-Net.

1

Introduction

Automatic segmentation of brain tumors and substructures is an alluring concept. It has the potential to guide for better diagnosis, surgical planning and
treatment assessment of brain tumors by providing us with more accurate information such as relevant tumor states and volume of its subregions. As the nature
of tumour is irregular, development of automated methods is still a challenging
process.
If done using manual work, segmentation is a highly time consuming and
subjective task. In this paper we present our robust segmentation algorithm
based on 3D convolutional neural networks inspired from U-Net architecture. In
this segmentation task their is a considerable challenge because of variable size,
shape and localization of brain tumor among patients. The brain tumor segmentation challenge (BraTS) aims to propagate the development of state of the art
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methods for tumor segmentation by providing a large dataset of annotated low
grade gliomas (LGG) and high grade glioblastomas(HGG).
In contrast to traditional methods, deep learning doesn’t depend on the creation of handmade filters or features to differentiate tumor from normal brain
anatomy. Instead of that raw image intensities are provided as input to neural
network architecture to calculate output signal. The involvement of non linearities and multiple degrees of freedom allow our algorithms to learn complex level
patterns and abstract high level information. Many algorithms are using 2D
CNNs till now which do not utilize the volumetric information. With increasing awareness, 3D CNNs are proving to be effective on these tasks with a little
increase in computational complexity.
The U-Net architecture [8] has proved to be quite effective at segmentation
tasks. We propose a U-Net based 3D Fully Convolutional Neural Network for
automatic segmentation of tumor subregions from brain MR images. We have
adapted the U-Net architecture to our 3D MRI data by making certain design
choices in accordance with our data. Whereas other kinds of FCNs manually
combine feature maps at different levels of the network, the U-Net, owing to
its configuration, has the advantage of intrinsically recombining different scales
throughout the network. We also implement bias correction and normalization
to make the MRI data suitable for being fed to our network.

2
2.1

Methods
Data Preprocessing

Data We have trained and tested our network on the BraTS 2018 [9, 1–3]
dataset. The training set comprises of images from 285 patients (210 HGG and
75 LGG). The BraTS 2018 validation set contains images from 66 patients with
brain tumors of unknown grade. Corresponding to each patient, four modalities
of MR images were generated: T1, T1c, T2 and FLAIR. The provided data have
been co-registered to the same anatomical template, interpolated to the same
resolution (1 mm3̂) and skull-stripped. All the imaging datasets have been segmented manually, by one to four raters, following the same annotation protocol,
and their annotations were approved by experienced neuro-radiologists. Annotations comprise the GD-enhancing tumor (ET label 4), the peritumoral edema
(ED label 2), and the necrotic and non-enhancing tumor core (NCR/NET label
1)
Bias Correction As the first step in data pre-processing, we perform N4ITK
bias field correction [10] on the MRI images. MR scans often display intensity
non-uniformities due to variations in the magnetic field. So, one part of an image
might appear lighter or darker when visualized, solely because of variations in
the magnetic field. The map of these variations is called the bias field. The bias
field can cause problems for a classifier as the variations in signal intensity are
not due to any anatomical differences. N4ITK Bias Field Correction attempts
to correct the bias field by extracting it from the image.
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Fig. 1. Network architecture. Each blue box corresponds to a multi-channel feature
map. The number of channels is denoted on top or bottom of the box. White boxes
represent copied feature maps. The arrows denote the different operations.

Normalization Since the MRI intensity values are non-standardized, we perform normalization so that the volumes have zero mean and unit variance. We
perform this step independently for each modality of every patient. This involves
subtracting the mean and dividing by the standard deviation of only the brain
region.
2.2

U-Net based 3D Fully Convolutional Network

Our network is based on the popular U-Net architecture [8]. Our network architecture is illustrated in Fig. 1. Just like the U-Net, it consists of a contracting
path (contextual pathway) and an expansive path (localization pathway). Since
the U-Net is a fully connected network, our model allows end-to-end training
and testing for MR image segmentation. There have been earlier approaches
that train 2D FCNs on individual 2D slices. But such approaches result in loss
of 3D contextual information. We train a 3D FCN that captures the 3D contextual information of MRI volumes effectively. A similar approach of U-Net
inspired 3D FCN has been followed by [4].
Network Architecture As illustrated in Fig. 1, the contracting path consists
of repeated application of two 3x3x3 convolutions each followed by a rectified
linear unit (ReLU) and then a 3x3x3 convolution with stride 2 followed by ReLU.
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The stride 2 convolution downsamples the data along with doubling the number
of feature channels. Every step in the expansive path consists of an upsampling of
the feature map followed by a 2x2x2 convolution (”up-convolution”) that halves
the number of feature channels, a concatenation with the corresponding feature
map from the contracting path, a 3x3x3 convolution followed by a ReLU, and a
1x1x1 convolution followed by ReLU. At the final layer a 1x1x1 convolution is
used to map each 32-component feature vector to the 4 desired classes. As proved
in [6], residual learning frameworks ease the training of deeper neural networks.
Hence, we implement residual connections across the two 3x3x3 convolutions
followed by ReLUs in every step of the contextual pathway. This enables us to
train a deeper FCN.
Network Optimization Developing and training a network for 3D images
involves a trade-off among receptive field, model complexity and memory consumption. While a model with a small receptive field learns only local features,
a larger receptive field enables a model to draw contextual information from
more global features. Since the memory requirement of 2D networks is low, they
are able to use a very large receptive field, thus capturing global features from
the entire image. The 2D U-Net is one such network. In case of large receptive
fields in 3D, the resulting large 3D patches consume large amount of memory
and therefore restrict the model complexity. We have therefore optimized the
U-Net architecture in such a way so as to be able to train on a sufficiently large
3D patch while maintaining considerable model complexity. We start off with
only 16 feature channels in the first layer compared to 64 in the original U-Net.
We use 1x1x1 convolutions in the localization pathway as they reduce the memory consumption by filter weights without any negative impact on performance.
The 1x1x1 convolution also further reduces the number of feature maps which is
critical for reducing memory consumption. With the aforementioned design, we
are able to train the network on large 3D input patches of 112x112x112 voxels.
Using residual connections in our network enables us to effectively train a
deep network of depth 5 in both the contextual and localization pathways. Consequently, we can start off with fewer number of feature channels and a large
patch size of 112x112x112 and still be able to capture a sufficiently large receptive field. We further enhance this capability to train a deeper network by
implementing deep supervision [5] in the later layers of our network. Through
these design choices, we are able to achieve a perfect balance of receptive field,
model complexity and memory consumption.

3
3.1

Experiments and Results
Implementation Details

We trained our model on the entire BraTS 2018 training set by utilizing the HGG
and LGG cases together as a whole. Post training, we obtained segmentation
results by applying our algorithm on BraTS 2018 training and validation sets. We
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uploaded these results to the evaluation applications in CBICA’s IPP, and the
portal provided us with quantitative evaluations including Dice score, sensitivity,
specificity and Hausdorff distance with respect to the ground truth for each of
whole tumor, tumor core and enhancing tumor core.

Fig. 2. Plot of accuracies and losses as a function of number of epochs trained. The
numbers 1, 2 and 3 denote accuracies corresponding to edema, enhancing tumor and
necrosis respectively.

We train our FCN on randomly sampled patches of size 112x112x112 voxels,
with 2 patches per batch. We train by Adam Optimizer with an initial learning
rate of 5e-4 and decay by a factor of 0.985 per epoch, with exponential decay
rates for 1st and 2nd moment estimates as 0.9 and 0.999 respectively. We also
implement l2 regularization in our network. Due to the high degree of class imbalance in brain MRI data, we use Soft Dice Loss [7] as our loss function. Soft
dice loss takes into account the class imbalance by using one hot encoding of
the ground truth of the image being processed. Because of the limited amount
of training data (only 285 patients), we employ data augmentation while training our network in order to avoid overfitting. The data augmentation scheme
comprises of scaling, rotation, mirroring, brightness variation and elastic deformations.
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Our model was trained on an NVIDIA GTX 1080 Ti GPU for 230 epochs
(see Fig. 2), which took around 83 hours. Since the memory consumption when
running a forward pass during test time is much less compared to the consumption during training, we are able to process an entire MR image of a patient at
once during test time. Thus, there is no issue of consolidating segmented patches
which prevailed in some earlier proposed methods.

3.2

Segmentation Results

Qualitative results of segmentation are depicted in Fig. 3 and Fig. 4 for HGG
and LGG images respectively. These results show slices from the three orthogonal views - axial, sagittal and coronal. For simplicity of visualization, we only
show FLAIR and T1c modalities. Ground truth and segmentation masks are
overlayed on T1c images. The orange, red and yellow colors show the edema,
non-enhancing and enhancing tumor cores, respectively. As is apparent from
these segmentations, our network is capable of accurately segmenting the tumor
sub-regions from HGG as well as LGG images.

Fig. 3. Segmentation result of the brain tumor (HGG) from a training image. Orange:
edema; Red: non-enhancing tumor core; Yellow: enhancing tumor core. For simplicity
of visualization, the results are shown on 3 slices from 3 orthogonal views.
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Table 1 presents quantitative evaluations on the BraTS 2018 training set.
It shows that our proposed algorithm achieves average Dice scores of 0.72651,
0.90686 and 0.86827 for enhancing tumor core, whole tumor and tumor core,
respectively. Table 2 presents quantitative evaluations with the BraTS 2018 validation set. It shows that our proposed algorithm achieves average Dice scores of
0.7439, 0.89411 and 0.82481 for enhancing tumor core, whole tumor and tumor
core, respectively. On comparison with the Dice scores achieved on the raining
set (0.72651, 0.90686, 0.86827) it can be observed that the values are almost
similar and hence our model does not overfit the training data. In case of both
training set and validation set, the median scores are higher than the mean
scores which shows that good segmentation results are achieved for majority of
the images, while some outliers contribute to the lower mean scores.

Fig. 4. Segmentation result of the brain tumor (LGG) from a training image. Orange:
edema; Red: non-enhancing tumor core; Yellow: enhancing tumor core. For simplicity
of visualization, the results are shown on 3 slices from 3 orthogonal views.
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Table 1. Dice and Hausdorff measurements of the proposed method on BraTS 2018
training set. EN, WT, TC denote enhancing tumor core, whole tumor and tumor core,
respectively.

ET
Mean
0.72651
StdDev
0.27467
Median
0.83253
25quantile 0.7156
75quantile 0.885

Dice
WT
0.90686
0.05758
0.92442
0.88674
0.94398

TC
0.86827
0.11079
0.90206
0.84177
0.93722

Hausdorff(mm)
ET
WT
TC
4.81241 5.34302 5.64333
9.36169 8.84861 9.9624
2
3
2.82843
1.41421 2.23607 1.73205
3.93541 5
5.47723

Table 2. Dice and Hausdorff measurements of the proposed method on BraTS 2018
validation set. EN, WT, TC denote enhancing tumor core, whole tumor and tumor
core, respectively.

ET
Mean
0.7439
StdDev
0.26204
Median
0.85073
25quantile 0.76936
75quantile 0.89215

4

Dice
WT
0.89411
0.10444
0.91811
0.89231
0.94282

TC
0.82481
0.19492
0.90277
0.79973
0.94582

Hausdorff(mm)
ET
WT
TC
3.94542 6.27732 10.45925
7.63795 15.59158 22.51359
2
3
3.31662
1.41421 2
1.73205
3.60555 4.96991 5.71951

Discussion and Conclusion

The scores show that our developed method has achieved competitive performance on BraTS 2018 dataset for automatic brain tumor segmentation. We have
also observed that the N4ITK bias field correction improves the segmentation results. Thus the bias correction step is effectively smoothening the multiplicative
field and removing bias and intensity inhomogeneities.
In conclusion, we have developed an algorithm to segment glioma subregions
from multimodal brain MRI scans. Our model makes efficient use of 3D contextual information and effectively maintains a balance between input patch size
and model complexity while being limited by 11 GB of GPU RAM. Experimental
results on BraTS 2018 validation set show that our proposed method achieved
mean Dice scores of 0.7439, 0.89411 and 0.82481 for enhancing tumor core, whole
tumor and tumor core, respectively. The corresponding values for BraTS 2018
training set were 0.72651, 0.90686 and 0.86827, respectively.
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Abstract. In this work, we present a study of several 3D fully-convolutional
neural networks trained on the task of brain tumor segmentation. We focus on context-aware and efficient architectures: UNet, a well-established
segmentation network; ResUNet, a residual version of UNet; and a novel
architecture, ContextNet, an extension of ResUNet that incorporates
ampler context via planar filters with large kernels. We train these architectures on the BraTS 2018 dataset with variations of the available
input modalities for the network, achieving 0.895 of whole tumor DICE,
0.758 of enhancing tumor DICE and 0.774 of tumor core DICE on the
BraTS 2018 validation data. We also leverage the learned representations
of the network, along with basic measures of size of the different tumoral
structures obtained from the model’s prediction, to predict the patient
overall survival, obtaining an accuracy of 0.536 when classifying subjects
as long, short and mid-survivors.
Keywords: Brain Tumors · 3D fully-convolutional CNN · Magnetic
Resonance Imaging · Global Planar Convolution · Genetic Programming

1

Introduction

It is estimated that, as of today, 700.000 people in the United States are living
with a primary brain tumor, from which 80% are benign and 20% are malignant tumors[13]. Of all malignant brain tumors, 81% are gliomas, which are
tumors that originate in glial cells[16]. Glioblastomas are the most common
type of glioma, representing 45% of all gliomas; they are one of the most aggressive types of brain tumors, having an estimated 5-year relative survival rate
of approximately 5%, which means that only 5% of people diagnosed with a
glioblastoma will still be alive 5 years after being diagnosed [16].
It is clear that such dismal prognosis requires proper treatment planning
and follow-up, which can be greatly improved if proper in-vivo, non-invasive
delineation and identification of glioma structures is in place. However, this

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

383 of 578

2

S. Puch et al.

poses a significant burden on the radiologist: multiple imaging modalities have
to be assessed in parallel, as each highlights different regions of the tumor, and
the process of delineation in a 3D acquisition is tedious and prone to errors. As a
consequence, inter-observer variability has been reported to be a major — if not
the largest — factor of inaccuracy in radiation therapy, constituting the weakest
link in the radiotherapy chain that goes from diagnosis and consultation, going
through 3D imaging and target volume delineation, to treatment delivery [20].
Therefore, automating the delineation and identification process on MR images would accelerate treatment planning and improve treatment follow-up.
However, the problem of tumor segmentation poses several challenges, such as
blurry or smoothed boundaries, variability of shape, location and extension or
heterogeneity of appearance of brain tumors on MR images.
The research community has concentrated efforts in order to address the
brain tumor segmentation task, and to this end initiatives like the Brain Tumor Segmentation (BraTS) challenge[11] have made the problem accessible to
a larger audience. As a result, a large variety of computational methods have
been proposed to automate the delineation of brain tumors. These methods can
be broadly categorized in two groups: generative models, which rely on prior
knowledge about tissue appearance and distribution; and discriminative models,
which directly learn the relationship between the image features and the segmentation labels. Deep Learning approaches, especially Convolutional Neural
Networks (CNNs), cover a large portion of the recently proposed discriminative
methods. The majority of these works have based their methods in well-known
semantic segmentation networks, either using a 2D variant on one or more planes
of the brain, or implementing a 3D architecture that takes spatial information
in all directions into account. In all these works, several training strategies are
leveraged, such as dense training with patches combined with patch sampling
schemes, and a distinction between local, refined features and global, coarse
features is accomplished via multiresolution approaches or skip connections.
In this project, we explore different 3D fully-convolutional architectures in order to solve the tumor segmentation problem, focusing on spatial context awareness, precision and efficiency. We start with a baseline architecture, a 3D variation of UNet [18], and we introduce incremental variations to the architecture to
improve its performance. Concretely, we present in this work ResUNet, a variation of UNet that incorporates residual elements introduced by [6]. We further
refine this architecture by adding a set of planar convolutional layers with large
kernels, with the objective of enlarging the context perceived by the network;
we call this architecture ContextNet. We train these architectures in the 2018
BraTS Challenge dataset, that consists of 210 High Grade Glioma (HGG) cases
and 75 Low Grade Glioma (LGG) cases with manual annotations of the distinct
intra-tumoral structures of interest [11] [3] [1] [2]. In addition, we leverage the
representations learned by the network and the resulting segmentation, as well
as the age, to predict the patient overall survival in days with a machine learning
model found via a genetic programming algorithm.
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2.1

3

Methods
Data

The data used in this project originates in the 2018 version of the yearly Multimodal Brain Tumor Segmentation Challenge dataset. This dataset consists of
285 multi-institutional clinically-acquired pre-operative scans. Each multimodal
scan is formed by T1, T1-Gd, T2 and T2-FLAIR volumes acquired with various scanners from 19 institutions. All the scans have been segmented manually by one to four raters, and approved by experienced neuroradiologists. The
ground-truth labels comprise the enhancing tumor, the peritumoral edema and
the necrotic and non-enhancing tumor when present. Each multi-modal scan in
the BraTS challenge dataset is co-registered to the same anatomical template,
skull-stripped and resampled to 1mm3 isotropic resolution. Therefore, no further
preprocessing is needed. Overall survival data, defined in days, is also provided
for 164 of the HGG subjects, as well as the age in years and the resection status.
2.2

CNN architectures

All the Convolutional Architectures implemented and trained are 3D and fullyconvolutional by design, meaning that they can be trained using 3D patches of
data, and then they can be used for inference with whole brain volumes.
UNet This reference architecture proposed initially in [18] is based on [10], with
a similar contracting path, but in order to improve the localization capabilities
of the network a supplementary expanding path is introduced, in which highresolution features from the contracting path are combined with upsampled feature maps. This architecture is extended to 3D by replacing all the convolutions,
transposed convolutions and max pooling by their 3D alternatives, similarly to
[4].
In our experiments we use Rectified Linear Unit (ReLU) as activation function and Batch Normalization [7] after convolutions and before activations.
ResUNet The work of [6] introduced the concept of deep residual learning:
instead of stacking a series of layers and letting them learn the desired underlying mapping, these layers can be set to explicitly fit a residual mapping. This
residual learning framework not only improved the performance on the image
classification task by a wide margin, but also alleviated the degradation problem
found when an excessive amount of layers was used.
The motivation of introducing residual layers originates from the fact that
the contracting path has a twofold purpose: on one hand it learns increasingly
abstract features that encode contextual information necessary to decide what,
and on the other hand it connects feature maps from lower-level representations with the expanding path to decide where. Residual elements allow for an
increased number of layers, which has been shown empirically to increase the
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representational power of the network[19] [6], thus helping with the first task
(identification). They also facilitate learning of identity mappings, which enables
the possibility of passing low-level representations throughout the network, thus
easing the second task (delineation).
The architecture of ResUNet is essentially an extension of UNet with residual elements. The convolutional layers in UNet are replaced by residual layers;
concretely, 2 residual layers are used at each resolution level.
Again, as in UNet, we use Rectified Linear Unit (ReLU) as activation function
and Batch Normalization after convolutions and before activations.
ContextNet ContextNet is a novel architecture introduced in this work that
aims to enhance the context-awareness capabilities of 3D imaging segmentation
architectures. It is build upon the aforementioned ResUNet architecture and
inspired by [17]. An overview of the architecture is shown in fig. 1.
The localization aspect of semantic segmentation networks is addressed by
skip-connections and residual elements, as these components let low level representations pass through the network and inform the latest layers about finegrained spatial details. However, the classification aspect of semantic segmentation networks, that deals with proper identification of the delineated structures,
is hindered by the fact that these networks are focused on proper boundary alignment. State-of-the-art classification architectures rely on layers that are globally
connected, which in the most extreme case (all the nodes are connected with
each other) corresponds to a fully-connected layer. It is clear that such type of
operation is not feasible in a fully-convolutional architecture, however we can
approximate global connectivity by increasing kernel size in convolutions: in the
limit, the kernel is as big as the input feature map, which can be interpreted
again as a fully-connected layer. The problem with increasing the kernel size is
the computational and memory requirements associated with it, and it is not
feasible in the case of 3D CNNs with current accelerated computing hardware.
However, global connectivity can be approximated by constraining the kernel
parameters’ subspace. Specifically, we can constrain the convolutional kernels
to have one dimension less than they would normally have, which in practice
is implemented by having kernels with size 1 in one of the dimensions. This
reduction of parameters in one of the three dimensions allows the growth of
kernel sizes in the other dimensions, thus providing improved global connectivity.
On the basis of this reasoning, we introduce a new module in this architecture
named Global Planar Convolution, abbreviated GPC. A GPC convolves planar
filters (i.e. filters in which one of the three dimensions has size 1) in each of
the three orthogonal directions, and then combines the resulting planar feature
maps via summation. We introduce these modules in between skip-connections,
similarly to bottleneck modules in [6]. We further improve the localization capabilities by including an extra residual layer after each GPC module, however
these residual layers do not include an activation in the end. The resulting feature maps from each of this altered skip-connections is then summed with the
feature maps outputted by the upsampling layers in the expanding path, and
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Fig. 1: ContextNet architecture diagrams

(b) GPC module architecture

(a) ContextNet architecture overview
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the summed feature maps are then passed through an Exponential Linear Unit
(ELU) [5]. In our experiments we are able to set the filter size of GPC modules
to 15.
2.3

Patient overall survival prediction

Several features are extracted from the network for the task of survival prediction of brain tumor patients. On one hand, the final segmentation map produced
by the trained networks is used to compute the ratio between the extent of each
tumoral structure and the whole tumor, as well as the ratio between lesion volume and whole-brain volume. This results in 3 features for the tumoral structure
ratios, plus 1 feature for the lesion to brain volume ratio. On the other hand, the
feature maps from the deepest convolutional layer in ContextNet (section 2.2)
are extracted and their mean, standard deviation and max values are used as
features for the prediction task. This adds 15·3 = 45 features, as there are 15 feature maps (one per filter) and we obtain 3 measures from each of them. Finally,
we also include the age of the patient as a predictor. In the end, the resulting
feature vector produced for each brain tumor patient consists of 4 + 45 + 1 = 50
features.
A genetic programming algorithm is used to search for the best model, according to a specific optimization score, in the space of all possible feature extraction, construction and preprocessing operations, machine learning algorithms
and their possible combinations [14] [15]. We let the evolutionary algorithm run
for 200 generations, each creating an offspring of 200 elements and retaining
only 100 of them at the end of each generation. The offspring is produced as
a mix of mutation (90%) and cross-over (10%), and the evolutionary algorithm
evaluates the fitness of each model in a generation in terms of the coefficient of
determination R2 .
2.4

Experimental design

Local dataset split In order to evaluate the segmentation performance of the
implemented models, the dataset is split into train and validation sets. We use
a split ratio of 70%-30% for training and validation, respectively. This results
in 199 subjects for training and 86 subjects for evaluation on the tumor segmentation task. A 6-fold cross-validation scheme is used to train and evaluate
the performance of the machine learning models on the task of overall survival
prediction.
CNN training details Categorical cross-entropy was selected as the loss function to be minimized during training. The complete loss function included L1 and
L2 penalization of the weights (for regularization purposes), with penalization
ratios of 1E-6 and 1E-4, respectively.
All the models were trained using the ADAM optimizer [9]. The initial learning was set to 1E-3 in all experiments, and a learning rate decay policy was
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integrated in order to stabilize training as the training procedure progressed.
Concretely, we used an exponential decay of the learning rate every 1000 training steps with a decay rate of 0.9. The number of training steps was 35000. The
training procedure alternated 1000 training steps with 1 complete evaluation of
the model. Batch size was set to 6, which maximized the memory consumption
in the most memory demanding architectures.
During training, the data ingestion pipeline was configured to extract patches
of size 80×80×80 with 50% probability of being centered on a background voxel
and 50% on a tumor voxel (50% background, 20% edema, 15% enhancing tumor
and 15% necrosis and non-enhancing tumor). Whole brain volumes were used
during evaluation in order to provide a realistic value of performance in a realworld scenario. The CNNs were trained on two different hardware configurations,
depending on the availability of computing resources: 1) AWS p2.xlarge instance
with a single NVIDIA K80 with 12 GiB of GPU memory; 2) on-premises server
with two NVIDIA GeFore GTX 1080 Ti with 11GiB of GPU memory.
Restriction of availability of input modalities We perform data ablation
experiments by restricting the available input modalities at training time, but
always maintaining the minimum required modalities to properly identify all
structures, namely T1-Gd and FLAIR. The motivation for such experiments is
twofold. First, we want to assess the relative contribution of each modality to
the overall segmentation, and inspect if some modalities are redundant or indeed
provide useful information. Second, it is convenient and even necessary to have
models that can work with a restricted number of modalities (as in some clinical
cases not all MR sequences are included in the protocol) even if such models with
restricted input information do not perform as well as models trained without
data restrictions.
2.5

Evaluation

The primary evaluation score for the segmentation task is the Sørensen-Dice
coefficient, usually abbreviated as DICE. In this context, the DICE coefficient
compares the similarity between the set of true examples and the set of positive
examples:
2T P
(1)
DICE =
2T P + F P + F N
The Hausdorff distance is used to evaluate the distance between segmentation
boundaries. Results are reported using the 95% quantile of the maximal surface
distance between the ground truth P1 and the predicted segmentation T1 [12]:
Haus(P, T ) = max( sup

inf d(p, t), sup

p∈∂P1 t∈∂T1

inf d(t, p))

t∈∂T1 p∈∂P1

(2)

The survival prediction task is evaluated in terms of classification accuracy
of patients as short, mid or long-survivors, and the mean squared error of the
predictions.
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Results

Table 1 shows the DICE coefficients on the local validation set for all target
structures of all the architectures, trained with different data configurations.
The best model for whole tumor segmentation is ContextNet trained with all
modalities (0.897 DICE score), while the best model for enhancing tumor and
tumor core segmentation is ResUNet trained only with T1-Gd, FLAIR and T1,
achieving 0.752 and 0.799 DICE scores, respectively.

UNet - all modalities
ResUNet - all modalities
ResUNet - T1-Gd, FLAIR, T1
ResUNet - T1-Gd, FLAIR
ContextNet - all
ContextNet - T1-Gd, FLAIR, T1
ContextNet - T1-Gd, FLAIR

Enhancing Tumor
0.698 ± 0.229
0.739 ± 0.207
0.752 ± 0.193
0.723 ± 0.218
0.752 ± 0.207
0.743 ± 0.216
0.734 ± 0.231

Whole Tumor
0.847 ± 0.095
0.892 ± 0.064
0.882 ± 0.080
0.884 ± 0.070
0.897 ± 0.059
0.881 ± 0.071
0.878 ± 0.080

Tumor Core
0.694 ± 0.235
0.785 ± 0.200
0.799 ± 0.171
0.790 ± 0.184
0.797 ± 0.195
0.770 ± 0.211
0.770 ± 0.216

Table 1: DICE of target structures on the local validation set.

On the BraTS 2018 validation data we reach a similar DICE score in whole
tumor segmentation with the same model (ContextNet trained with all modalities) as reported in table 2. We also provide the evaluation results of ensembling
several models to give more robust segmentation maps, as in [8]. This model
ensembling approach allows us to obtain 0.895, 0.758 and 0.774 of whole tumor,
enhancing tumor and tumor core DICE scores, respectively.

ET

Dice
WT

All modalities
T1-Gd, FLAIR, T1
T1-Gd, FLAIR

0.711 ± 0.293 0.871 ± 0.096
0.704 ± 0.289 0.856 ± 0.103
0.711 ± 0.282 0.862 ± 0.092

All modalities
T1-Gd, FLAIR, T1
T1-Gd, FLAIR

0.729 ± 0.279 0.882 ± 0.071
0.700 ± 0.296 0.867 ± 0.088
0.738 ± 0.271 0.877 ± 0.077

All modalities
T1-Gd, FLAIR, T1
T1-Gd, FLAIR

0.735 ± 0.281 0.883 ± 0.112
0.736 ± 0.271 0.857 ± 0.086
0.719 ± 0.274 0.872 ± 0.113

All models
0.755 ± 0.266 0.894 ± 0.071
ContexNet + ResUnet 0.758 ± 0.264 0.895 ± 0.07

TC

ET
UNet
0.706 ± 0.284 11.676 ± 25.6781
0.73043 ± 0.255 9.921 ± 20.218
0.734 ± 0.243 10.743 ± 22.139
ResUNet
0.741 ± 0.256 5.578 ± 11.249
0.725 ± 0.27 12.197 ± 25.005
0.750 ± 0.256 7.375 ± 16.942
ContexNet
0.753 ± 0.269 7.004 ± 13.944
0.746 ± 0.26 10.178 ± 20.717
0.745 ± 0.226 10.411 ± 20.932
Ensemble of models
0.769 ± 0.258 5.564 ± 10.813
0.774 ± 0.253 4.502 ± 8.227

Hausdorff95
WT

TC

18.536 ± 28.886 22.752 ± 29.088
13.723 ± 24.201 14.758 ± 23.668
22.677 ± 29.220 17.023 ± 24.145
9.896 ± 16.803 9.532 ± 12.407
23.835 ± 29.099 23.203 ± 29.459
16.687 ± 23.720 19.632 ± 29.278
7.594 ± 12.453 9.505 ± 11.557
23.062 ± 29.066 14.584 ± 20.348
13.131 ± 20.018 15.867 ± 20.405
9.454 ± 17.74
7.895 ± 8.567
10.656 ± 19.286 7.103 ± 7.084

Table 2: Evaluation scores obtained on the BraTS 2018 validation set.

We also show some example segmentations in fig. 2 that illustrate cases in
which the trained models obtain a good segmentation, confound some tumoral
structures or deal with challenging examples.
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Fig. 2: FLAIR and T1-Gd MR modalities, ground-truth labels and segmentations
produced by ContextNet trained with all modalities, ResUNet trained without
T2, and ContextNet trained only with T1-Gd and FLAIR of 3 subjects from the
local validation split of the BraTS 2018 dataset.

Finally, using the feature extraction and evolutionary algorithm approaches
explained in section 2.3, we reach a patient classification accuracy of 0.536 and a
mean squared error of the predicted survival values of 107493.9 on the validation
data provided by the BraTS 2018 organizers.

4

Conclusion

In this work we present several 3D fully-convolutional CNNs to address the task
of automatic tumor segmentation from magnetic resonance images, with the objective of accelerating and improving radiotherapy planning and monitoring of
patients with gliomas of varied grades. We start with a baseline architecture,
UNet, and gradually improve its performance by adding residual elements (ResUNet) and enlarging the receptive field of its components via large planar filters
(ContextNet). The representational power of CNNs in images is leveraged to extract features for the task of patient overall survival prediction, that we address
via the search of an optimal machine learning pipeline with genetic programming. We demonstrate competitive performance on the BraTS 2018 validation
data in both tasks, achieving 0.895 DICE score for whole tumor segmentation
and 4.502 Hausdorff distance in enhancing tumor, and 0.536 classification accuracy on the task of survival prediction. Future work includes improving the
performance of individual models by means of hyper-parameter optimization,
and in-depth investigation of intermediate representations and behavior of the
models for improved interpretability.
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Glioma Segmentation
In a Few Seconds Using Fully Convolutional
Network and Transfer Learning
Elodie Puybareau, Joseph Chazalon and Guillaume Tochon
EPITA Research and Development Laboratory (LRDE), France
elodie.puybareau@lrde.epita.fr

Abstract. In this paper, we propose a fast automatic method that segments glioma without any manual assistance, using a fully convolutional
network (FCN) and transfer learning. This FCN is the base network
of VGG-16, pre-trained on ImageNet for natural image classification,
and fine tuned with the training dataset of the MICCAI 2018 BraTS
Challenge. It relies on the ”pseudo-3D” method published at ICIP 2017,
which allows for segmenting objects from 2D color images which contain
3D information of MRI volumes. For each nth slice of the volume to segment, we consider three images, corresponding to the (n − 1)th , nth , and
(n + 1)th slices of the original volume. These three gray-level 2D images
are assembled to form a 2D RGB color image (one image per channel).
This image is the input of the FCN to obtain a 2D segmentation of the
nth slice. We process all slices, then stack the results to form the 3D
output segmentation. With such a technique, the segmentation of a 3D
volume takes only a few seconds.
Keywords: glioma · tumor segmentation · fully convolutional network.

1
1.1

Introduction
Motivation

Gliomas are the most common brain tumors in adults, growing from glial cells
and invading the surrounding tissues [8]. Two classes of tumors are observed.
The patients with the more aggressive ones, classified as high-grade gliomas
(HGG), have a median overall survival of two years or less and imply immediate treatment [12, 15]. The less aggressive ones, the low-grade gliomas (LGG),
allow an overall survival of several years, with no need of immediate treatment.
Multimodal magnetic resonance imaging (MRI) helps pratitioners to evaluate
the degree of the disease, its evolution and the response to treatment. Images
are analyzed based on qualitative or quantitative measures of the lesion [7, 18].
Developing automated brain tumor segmentation techniques that are able to
analyze these tumors is challenging, because of the highly heterogeneous appearance and shapes of these lesions. Manual segmentations by experts can also
be a challenging task, as they show significant variations in some cases.
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During the past 20 years, different algorithms for segmentation of tumor
structures has been developed and reviewed [1, 5, 6]. However, a fair comparison
of algorithms implies a benchmark based on the same dataset, as it has been
proposed during MICCAI BraTS Challenges [14].
1.2

Context

This work has been done in the context of the MICCAI 2018 Multimodal Brain
Tumor Segmentation Challenge (BraTS)1 . The aim was to provide a fully automated pipeline for the segmentation of the glioma from multi modal MRI scans
without any manual assistance and to predict the patient overall survival.
Despite the relevance of glioma segmentation, this segmentation is challenging due to the high heterogeneity of tumors. The development of an algorithm
that can perform fully automatic glioma segmentation and overall prediction of
survival would be an important improvement for patients and practitioners.
We received data of 286 patients, with associated masks to develop our
method. The data, avalaible online, have been annotated and preprocessed [2–4].
The volumes given are T1, T1ce, T2 and FLAIR. Our method is then evaluated
on new volumes: a validation set released by the organizers without the manual
segmented masks (these masks will not be released), to obtain preliminary results. For the challenge evaluation, a new set will be released and we are asked
to send the segmentations within 48h after receiving the data. This challenge
will establish a fair comparison to state-of-the-art methods, and a release of a
large annotated dataset.
1.3

Related Works

0
R

n-1

G
B

n
n+1
N

3D volume

3D-like input
segmentation
= 2D color image
of slice n

Fig. 1. Illustration of 3D-like color image and associated segmentation used in [19].

As machine learning really improved the results of some segmentation tasks,
the use of such strategy seems meaningful in the context of medical image segmentation.
1

https://www.med.upenn.edu/sbia/brats2018.html
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Fig. 2. Architecture of the proposed network. We fine tune it and combine linearly
fine to coarse feature maps of the pre-trained VGG network [17]. Note that each input
color image is built from the slice n and its neighbouring slices n − 1 and n + 1.

In a work published in the IEEE Intl. Conf. on Image Processing (ICIP)
in 2017 [19], 3D brain MR volumes are segmented using fully convolutional
network (FCN) and transfer learning. The network used for transfer learning is
VGG (Visual Geometry Group) [17], pre-trained on the ImageNet dataset. It
takes as input a 2D color image that is here a 3D-like image, or 3D-like image,
composed of 3 consecutive slices of the 3D volume (see Fig. 1). This method uses
only one modality, and reaches good results for brain segmentation.
For this challenge, we rely on the same ideas than the work on brain MRI
segmentation [19], leveraging the power of a fully convolutional network pretrained on a large dataset and later fine-tuned on the training set of the challenge
to segment tumors.

2

Method

An overview of the proposed method is given in Fig. 2. The method is fully
automatic, and takes pseudo-3D images as input. It is really fast as about 10
seconds are needed to process a complete volume.
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(a) Slice n − 1 of
T1CE → red

(b) Slice n of T2 →
green

(c) Slice n + 1 of
T1CE → blue

(d) 2D color image
for the nth slice

Fig. 3. Three successive slices (a-c) are used to build a 2D color image (d) from for
example T1CE and T2 images.

2.1

Pre-Processing

Let n, m be respectively the minimum non-null and maximum gray-level value of
the histogram. We requantize all voxel values using a linear function so that the
gray-level range [n, m] is mapped to [−127, 127]. For our application, the question
amounts to how to prepare appropriate inputs (RGB input images) given that
a brain MR image is a 3D volume. To that aim, we propose to stack successive
2D slices. Precisely, to form an input artificial color image for the pre-trained
network to segment the nth slice, we use the slice n of the volume, its predecessor,
the (n − 1)th slice, and its successor, the (n + 1)th slice, as respectively the green,
red and blue channels (note that the order is not relevant). This process is
depicted in Fig. 2 (left). Each 2D color image thus forms a representation of a
part (a small volume) of the MR volume.
A variant of this procedure is to combine modalities. The nth slice is from
one modality and its (n − 1)th and (n + 1)th from a second modality. This combination brings not only 3D information but also multi-modality information.
Fig. 3 illustrates this variant.
2.2

Deep FCN for Tumor Segmentation

Fully convolutional network (FCN) and transfer learning has proved their efficiency for natural image segmentation [11]. The paper [19] proposed to rely on
a FCN and transfer learning to segment 3D brain MR images, although those
images are very different from natural images. As it was a success, we adapted
it to glioma segmentation. We rely on the 16-layer VGG network [17], which
was pre-trained on millions of natural images of ImageNet for image classification [10]. For our application, we keep only the 4 stages of convolutional parts
called “base network”, and we discard the fully connected layers at the end of
VGG network. This base network is mainly composed of convolutional layers:
zi = wi × x + bi , Rectified Linear Unit (ReLU) layers for non-linear activation
function: f (zi ) = max(0, zi ), and max-pooling layers between two successive
stages, where x is the input of each convolutional layer, wi is the convolution
parameter, and bi is the bias term. The three max-pooling layers divide the base
network into four stages of fine to coarse feature maps. Inspired by the work
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in [11,13], we add specialized convolutional layers (with a 3 × 3 kernel size) with
K (e.g. K = 16) feature maps after the convolutional layers at the end of each
stage. All the specialized layers are then rescaled to the original image size, and
concatenated together. We add a last convolutional layer with kernel size 1 × 1
at the end. This last layer combine linearly the fine to coarse feature maps in
the concatenated specialized layers, and provide the final segmentation result.
The proposed network architecture is schematized in Fig. 2.
The architecture described above is very similar with the one used in [13]
for retinal image analysis, where the retinal images are already 2D color images.
Using such a 2D representation avoids the expensive computational and memory
requirements of fully 3D FCN.
For the training phase, we use the multinomial logistic loss function for a oneof-many classification task, passing real-valued predictions through a softmax to
get a probability distribution over classes. During training, we use the classical
data augmentation strategy by scaling and rotating. We rely on the ADAM
optimization procedure [9] (AMSGrad variant [16]) to minimize the loss of the
network. The relevant parameters of the methods are the following: the learning
rate is set to 0.002 (we did not use learning rate decay), the beta 1 and beta 2
are repectively set to 0.9 and 0.999, and we use a fuzz factor (epsilon) of 0.001.
At test time, after having pre-processed the 3D volume (requantization), we
prepare the set of 2D color images and pass every image through the network.
We run the train and test phase on an NVIDIA GPU card. The testing one
lasts less than 10 seconds.
The output of the network for one slice during the inference phase is a 2D
segmented slice. After treating all the slices of the volume, all the segmented
slices are stacked to recover a 3D volume with the same shape as the initial
volume, and containing only the segmented lesions.

3

Experiments and Results

This section presents the experiments and results obtained, during the development of our method (using the training dataset) using the Dice coefficient
3.1

Experiments

In this part, we used the traning scans provided by the challenge. Note: we here
present the experiments and hypothesis we are currently working on. We do not
have yet the results, this part will hence be rewrited for the final version.
Training and testing. We trained our model on randomly chosen scans. The
model was trained using the parameters described in the previous section. We
tested on the remaining scans and cross-validated.
Comparison of pseudo-3D ranks. In the pseudo-3D procedure, we associate to
the nth slice the (n − x)th and (n + x)th slices, with x being a small integer. As
pseudo-3D is intended to provide 3D information, we can wonder what would
be the best x in our case. We make x vary in that aim. Results will be shown
later.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

398 of 578

Axis and combination Our method deals with 2D RGB images that are pseudo3D. A clue to improve segmentation results and to get a better contours detection
would be to associate three networks, each network being trained on a particular
axis (axial, sagittal and coronal), and to combine their results to obtain the final
segmentation. We study the benefits of such approach.
3.2

Results

In this part, we will present the results we will obtain at the end of our development phase.
Note As we are currently doing our tests, we do not have the results yet. The
preliminary results before post-processing is a dice of 0.87 for the whole tumor,
computed on a fixed test set (10% of training set). The discussion part will be
added for the final sumbission, as well as the part on overall survival prediction
as we are currently working on. The code will be available on https://www.
lrde.epita.fr/wiki/NeoBrainSeg

4

Conclusion

We propose in this article a method to segment accurately glioma in few seconds
based on transfer learning from VGG-16, a pre-trained network used to classify
natural images. This method takes the advantage of keeping 3D information of
the MRI volume and the speed of processing only 2D images, thanks to the
pseudo-3D concept.
This method can also deal with multi-modality, and can be applied to other
segmentation problems, such as in [21], where a similar method is proposed to
segment white matter hyperintensities, but pseudo-3D has been replaced by an
association of multimodality and mathematical morphology pre-processing to
improve the detection of small lesions. Hence, we might also try to modify our
inputs thanks to some highly non-linear filtering to help the network segment
tumors, precisely some mathematical morphology operators [20].
The strength of this method is its modularity and its simplicity. It is easy to
implement, fast, and does not need a huge amount of annotated data for training
(in the work on brain segmentation [19], there is only 2 images for training for
some cases).
Acknowledgments The authors want to thank the organizers of the BraTS
2018 Challenge and the MICCAI Brainles Workshop. The GPU card “Quadro
P6000” used for the work presented in this paper was donated by NVIDIA
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13. Maninis, K.K., Pont-Tuset, J., Arbeláez, P., Gool, L.V.: Deep retinal image understanding. In: Proceedings of International Conference on Medical Image Computing and Computer Assisted Intervention (MICCAI), Part II. Lecture Notes in
Computer Science, vol. 9901, pp. 140–148. Springer (2016)
14. Menze, B.H., Jakab, A., Bauer, S., Kalpathy-Cramer, J., Farahani, K., Kirby, J.,
Burren, Y., Porz, N., Slotboom, J., Wiest, R., et al.: The multimodal brain tumor
image segmentation benchmark (brats). IEEE transactions on medical imaging
34(10), 1993 (2015)
15. Ohgaki, H., Kleihues, P.: Population-based studies on incidence, survival rates,
and genetic alterations in astrocytic and oligodendroglial gliomas. Journal of Neuropathology & Experimental Neurology 64(6), 479–489 (2005)
16. Reddi, S.J., Kale, S., Kumar, S.: On the convergence of adam and beyond. In:
International Conference on Learning Representations (2018)
17. Simonyan, K., Zisserman, A.: Very deep convolutional networks for large-scale
image recognition. CoRR abs/1409.1556 (2014)
18. Wen, P.Y., Macdonald, D.R., Reardon, D.A., Cloughesy, T.F., Sorensen, A.G.,
Galanis, E., DeGroot, J., Wick, W., Gilbert, M.R., Lassman, A.B., et al.: Updated
response assessment criteria for high-grade gliomas: response assessment in neurooncology working group. Journal of clinical oncology 28(11), 1963–1972 (2010)

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

400 of 578
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Abstract. Deep learning approaches such as convolutional neural nets have
consistently outperformed traditional methods such as instance, semantic segmentation. However, the various proposed networks perform differently, with
largely influenced by architectural hyper-parameters and training settings. This
paper explores ensembles of multiple scales, losses and models for robust performance through of predictions from numerous models. Moreover, we proposed an automated survival prediction method by utilizing different types of
radiomics and hand-crafted features. The method tests feature significance and
correlation values, and then utilizes the most significant features with a random
forest auto-context regression model to perform survival prediction. Our
framework wins the 1st rank in the BRATS 2018 segmentation task and 3rd
rank in OS prediction task in validation set.
Keywords: Deep learning, Image segmentation, Survival prediction.

1

Introduction

Brain tumors are the most risky types of cancer [1]. These tumors that originally
develop in the brain. They arise from glioma cells and according to their aggressiveness, these tumors are broadly categorized into high and low-grade gliomas [2]. High
grade gliomas (HGG) develop rapidly and aggressively, forming abnormal vessels
and often a necrotic core, accompanied by surrounding edema and swelling [3]. They
are malignant, with high mortality and average survival rate of less than two years
even after treatment. Low grade gliomas (LGG) can be benign or malignant, grow
slower, but they may recur and evolve to HGG, thus their treatment is warranted.
Magnetic resonance imaging (MRI) is widely used in both clinical routine and research studies. It facilitates tumor analysis by allowing estimation of extent, location
and investigation of its subcomponents. This however requires accurate delineation of
the tumor, which proves challenging due to its complex structure and appearance.
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These factors make manual delineation time-consuming and subject to inter- and intra-rater variability [4].

Fig. 1. Brain tumor segmentation via BRATS18 by using input (a) T1CE, (b) FALIR, (c) T1,
and (d) T2 sequences. The segmented peritumoral edema/tumor infiltration, enhancing tumor,
and non-enhancing tumor core are seen overlaid on (e).

Automatic segmentation systems aim at providing an objective solution. The early
work for this task are the atlas-based outlier detection method [5]. The past few years
saw rapid developments of machine learning methods, such as Random Forests being
among the most successful [6]. More recently, convolutional neural networks (CNN)
have gained popularity by exhibiting very promising results for segmentation of brain
tumors [7]. A variety of CNN architectures have been proposed, each presenting different strengths and weaknesses. Additionally, networks have a vast number of hyperparameters. The multiple configuration choices are very important for performance.
Several studies have proposed different methods for predicting the survivability of
patients with brain tumors. In [8], the authors use the different subtype tumor volumes, the extent of resection, location, size and other imaging features in order to
evaluate the capability of these features in predicting survival. While, most of the
survival prediction studies utilize traditional regression models without machine
learning ensemble algorithms, e.g., random forest.
In this work we push towards constructing a more reliable and deep learning model. We bring together a variety of CNN architectures, input sizes and losses in diverse
ways to introduce high variance between them. We construct a framework with the
aim of averaging bias and variance by ensemble models. Our approach leads to: (1) a
system which is robust to samples of different distributions, (2) enables hard-mining
for minority samples. Our method won the first position for segmentation task in
validation set. Moreover, we used the proposed OS prediction pipeline to participate
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in the BRATS 2018 of Survival Prediction and the method ranked third in validation
set.

2

Tumor segmentation task

A variety of CNN architectures has shown good results in recent literature. Such architectural choices are very important influence for results. In this work, we utilized
three types of CNN architectures: DeepMedic [9], Cascaded Anisotropic CNN [10]
and Cascaded Anisotropic Unet [11].
2.1

DeepMedic

Model description: The first architecture we employ is DeepMedic, it is the 11layers deep, multi-scale 3D CNN for medical image segmentation. The architecture
consists of two parallel convolutional pathways that process the input at multiple
scales to achieve a large receptive field for the final classification while keeping the
computational cost low. Inspired by Residual, the use of residual connection is adopted. We only utilized the default parameter for DeepMedic version during these Challenge.
Training details: The wider variant is trained on larger inputs of width 34 and 22
for the two scales respectively. They are trained with cross-entropy loss, with all hyper-parameters adopted from the original configuration.
2.2

Cascaded Anisotropic Convolutional Neural Networks

Model description: They use three networks to sequentially segment sub-region of
brain tumor, and each of these networks deals with a binary segmentation problem.
The first network (WNet) segments the whole tumor from four modalities 3D image
patches. Then a bounding box of the whole tumor is obtained. The cropped region
would be used in the second network (TNet) for enhancing tumor (ET) and nonenhancing tumor (NET) which has the same architecture with WNet. Finally, the third
network called ENet would separate ET and NET. Rely on the three networks, they
could solve the BRATS segmentation task. Binary segmentation problems and take
advantage of the hierarchical structure of tumor sub regions to reduce false positives.
And, it uses dilated convolution, residual connection and multi-scale prediction to
improve segmentation performance. They also propose to fuse the output of CNNs in
three orthogonal views (i.e., WNet, TNet and ENet for three views: axial, sagittal, and
coronal) for more robust segmentation of brain tumor.
Training details: Our networks were implemented in Tensorflow [12] using NiftyNet [13]. We used Adaptive Moment Estimation (Adam) for training. Batch size is
5, and maximal iteration 20k.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

404 of 578

2.3

U-Net

Model description: We employ one versions of the U-Net architecture in our ensemble models. In this version we use residual block to increase model complexity,
where residual skip connections [14] are implemented via summations of the signals
in the up-sampling part of the network, all layers use batch normalization [15], RELU
[16] and zero-padding. We also use three networks to hierarchically and sequentially
segment substructures of brain tumor, and each of these networks deals with a binary
segmentation problem, as same as Cascaded Anisotropic Convolutional Neural Networks.
Training details: Our networks were implemented in Tensorflow using NiftyNet.
We used Adaptive Moment Estimation (Adam) for training. Batch size is 5, and maximal iteration 20k.
2.4

Hybrid Loss

The Dice similarity coefficient (DSC) measures the amount of agreement between
two image regions. It is widely used as a metric to evaluate the segmentation performance with the given ground truth in medical images. The DSC is defined in (1), we
utilize | | to indicate the number of foreground voxels in the ground truth and segmentation images.
DSC =

2|𝑆 ∩ 𝑅|
|𝑆| + |𝑅|

where S is the segmentation result and R is the corresponding ground truth label.
This function however is not differentiable and hence cannot directly be used as a loss
function in deep learning. Hence, continuous versions of the Dice score have been
proposed that allow differentiation and can be used as loss in optimization schemes
based on stochastic gradient descent:
𝐿𝐷 = −

2 ∑𝑁
𝑖 𝑠𝑖 𝑟𝑖
𝑁
∑𝑖 𝑠𝑖 + ∑𝑁
𝑖 𝑟𝑖

We also address to add a modulating factor (1 − 𝑝𝑡 )𝛾 to the cross-entropy loss,
with tunable focusing parameter 𝛾 ≥ 0 . The focal loss [17] definition as:
𝐹𝐿 = −1(1 − 𝑝𝑡 )𝛾 log(𝑝𝑡 )
Finally, we propose a hybrid loss HL which add dice loss and focal loss together.
𝐻𝐿 = 𝐿𝐷 + 𝐹𝐿
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2.5

Ensemble

The above models are all trained completely separately. At testing time, each model segments individually an unseen image and outputs its class-confidence maps. We
utilize three level ensemble strategies: input image sizes, CNN models and losses. So,
we have 16 number of models in the finally. Considering each of Cascade CNN has
three direction CNNs, we have 49 single model CNNs for the three-sub-region segmentation task.
Table 1. Ensemble strategies
Item

DeepMedic

Input

34x34x34
&
22x22x22

Loss

Entropy

2.6

WNET
144x144x19
144x144x29
72x72x19
72x72x29
Dice

Cascade CNN
TNET
72x72x19
72x72x29
64x64x19
64x64x29

ENET
64x64x19
64x64x29
32x32x19
32x32x29
Hybrid

WNET
144x144x19
144x144x29
72x72x19
72x72x29
Dice

Cascade Unet
TNET
72x72x19
72x72x29
64x64x19
64x64x29

ENET
64x64x19
64x64x29
32x32x19
32x32x29
Hybrid

Postprocess

Finally, the above models are all trained completely separately. At testing time,
each model segments individually an unseen image and outputs its class-confidence
maps. Then we ensembled all the models results into one result with some postprocessing: get rid of tiny sub regions; get rid of sub regions which has large eccentricity.

3

OS time prediction task

3.1

Feature Extraction

We extract many features from the raw MRI modality (T1C, T2, T1 and Flair). The
features are described by the First Order Features, the Shape Features, the Gray Level
Co-occurrence Matrix Features, the Gray Level Size Zone Matrix Features, the Gray
Level Run Length Matrix Features, the Gray Level Dependence Matrix Features and
Neigbouring Gray Tone Difference Matrix Features [8], all the features are extracted
from Pyradiomics [18]. In addition, we extract some hand-crafted features including
volumetric features, histogram-based statistics (mean, variance, skewness, kurtosis,
energy, and entropy) features are extracted from the tumor and the different tumor
sub-regions (ED, ET, and NCR/NET). Further, the tumor locations and the spread of
the tumor in the brain are also considered. These features represent the frequency at
different intensity bins (number of bins = 11, 23, 46). Finally, we have 2380 number
of features in the feature space.
3.2

Feature Extraction

Feature selection is performed in three steps; first, we utilize Pearson Correlation Coefficient to reduce the redundancy of feature space. Then, the significant features are selected by VarianceThreshold, Univariate feature selection, Recursive feature elimination and
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Feature selection using SelectFromModel algorithms. We come true all the feature selection algorithms using scikit-learn [19] and we can obtain 35 number of features after the
correlation reducing and feature selection. Finally, the 28 features are reduced from 35
features using a recursive feature selection algorithm.

3.3

Random Forest Regression

The 28 features are used with Random Forest [20] regression model for survival prediction. We also utilize a strategy called auto-context [21, 22] to increase the robustness of
model.

4

Evaluation

4.1

Material

Our system was evaluated on the data from the Brain Tumor Segmentation Challenge 2018 (BRATS) [4, 23, 24, 25]. The training set consists of 210 cases with high
grade glioma (HGG) and 75 cases with low grade glioma (LGG), for which manual
segmentations are provided. The segmentations include the following tumor tissue
labels: 1) necrotic core and non-enhancing tumor, 2) edema, 4) enhancing core. Label 3
is not used. The validation set consists of 66 cases, both HGG and LGG but the grade
is not revealed. Reference segmentations for the validation set are hidden and evaluation is carried out via an online system that allows multiple submissions. For evaluation, the 3 predicted labels are merged into different sets of whole tumors (all labels),
the core (labels 1,4) and the enhancing tumor (label 4). For each subject, four MRI
sequences are available, FLAIR, T1, T1 contrast enhanced (T1ce) and T2. The datasets are pre-processed by the organizers and provided as skull-stripped, registered to
a common space and resampled to isotropic 1mm3 resolution. Dimensions of each volume are 240 × 240 × 155.
4.2

Results

We provide the segmentation results that ensemble results achieved on the validation set of the BRATS’18 challenge on Table 2. We show results achieved on the validation set and two teams that ranked in the next two positions at the validation stage.
Table 2. Performance of our method on the validation set of BRATS 2018
Our (1st)
2nd
3rd

Enh
0.84
0.79
0.80

DSC
Whole
0.91
0.91
0.91

Core
0.87
0.85
0.82

Enh
3.4
3.8
2.8

Hausdorff_95
Whole
8.2
5.3
4.5

Core
6.7
7.2
7.0

Whereas with the BRATS18 validation dataset, survival prediction features are extracted from the fused segmented tumor outcome. Table 3 shows the online evaluation
results we achieve 3rd place with the BRATS 18 validation dataset.
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Table 3. Performance of our method on the validation and set of BRATS 2018
Our (3rd)
1st
2nd

Acc
0.429
0.536
0.464

MSE
104086
101012
192116

MedianSE
51894
51006
115442

StdSE
138111
140511
198286

Conclusion
Neural networks have been proven very impotent, often making unpredictable errors. For this reason, we first concentrate on improving robustness and using three
levels ensemble strategies including input image sizes, CNN models and losses. Our
method won the 1st rank in the validation stage of BRATS 2018 competition, indicating strong generalization. Finally, the segmented tumor volumes and its’ sub regions along with other structural, texture, volumetric, and histogram features derived
from these are used in an RF regression model for survival prediction. We use the
proposed pipeline to participate in the Task of Survival Prediction and obtain the 3rd
rank.
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Abstract. Inspired by the recent success of generative adversarial networks (GANs), we propose a new adversarial network called voxel-GAN
for semantic segmentation of brain tumour. We introduce a conditional
generative adversarial network (cGAN) for brain tumour semantic segmentation and prediction of the patient overall survival. The proposed
network comprises three components a segmentor, a discriminator, and a
survival predictor. The segmentor is trained on 3D brain magnetic resonance images (MRI) to learn the segmentation label’s in voxel level, while
the discriminator is trained to discriminate a segmentor output, coming
from the ground truth or generated artificially. The segmentor network
and the discriminator network simultaneously train via adversarial loss,
with two-player mini-max games. On the other hand, the survival predictor network is trained on statistical features of 3D tumours region
predicted by the segmentor, and clinical data to predict the time of survival. We measure survival time in days, based on deep neural network
of Cox Proportional Hazard model (CoxPH).
Keywords: 3DGAN, Deep CoxPH Model, Brain Tumour Segmentation, Prediction of Patient Overall Survival

1

Introduction

Automating brain tumour segmentation is a challenging task due to the high
diversity in the appearance of tumour tissues among different patients, and in
many cases, the similarity with the normal tissues. An accurate brain tumour
segmentation algorithm might be able to improve the prediction accuracy and
efficiency.
As mentioned by Menze et al. [21], the number of clinical study for automatic brain tumour segmentation has grown significantly in the last decades.
We can roughly divide the current automated algorithms into two categories:
those based on generative models and those based on discriminative models.
Generative probabilistic approaches build the statistical model based on natural features of dataset such as categories and dimensions. Eventually, generative models discover the complex regularities of the natural data. Traditionally,
these models have been applied where simple conditionally independent Gaussian models [9] or Bayesian learning [25] is used for tissue appearance. On the
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other hand, discriminative models directly learn the relationship between the
local features of images and segmentation labels. Traditional discriminative approaches such as SVMs [5], random forests [8] have been used in medical image
segmentation. Deep neural networks (DNNs) are one of the most popular discriminative approaches, where the machine learns the hierarchical representation
of features without any handcrafted features [19]. In the field of medical image
segmentation, Ronneberger et al. [26] presented a fully convolutional neural network, named UNet, for segmenting neuronal structures in electron microscopic
stacks.
One of the major challenges in medical image segmentation is the existence
of unbalanced data where non-healthy class pixels are often fewer than healthy
pixels. A trained network of unbalanced data, makes predictions with high precision and low recall which is undesired in medical routine applications. Among
the extensive usage of UNet for automated medical image segmentation, there
are methods that try to mitigate the imbalanced data issue by cascade training [13], equal selection of training samples [12], samples re-weighting [24], or
similarity loss functions [26].
Recently, in the machine learning community GANs [11] have gained a lot
of momentum. Classical GANs consist of two models: a generative model and
a discriminative model. The generator model takes random input values and
transforms them into realistic images. The discriminator model is a classifier
that determines whether a given image from generator output looks like a real
image from the dataset or like an artificially created image. Mirza et al. [22]
extended the GANs to the conditional setting by adding the generator network
class-conditional. Conditional GANs (cGANs) have the advantage of being able
to provide better representations for data generation since there is control on
the modes of the data being generated. This makes cGANs suitable for image
segmentation tasks.
Xue et al. [27] presented a cGAN, called SegAN, for medical image segmentation using a multi-scale loss function for the generative network. SegAN utilizes
UNet as the generator and FCN as the discriminator. Moeskops et al. [23] used
dilated convolution as the generator and FCN as the discriminator through adversarial training for 2D brain MRI segmentation. Adversarial networks achieved
good results on small datasets for prostate cancer detection [18] and mammography mass segmentation [28]. Isola et al. [14] introduced cGAN named pix-to-pix
as a general setting for image to image translation. They used UNet as the generator and FCN as the discriminator. However, pix-to-pix achieved good results
in semantic segmentation when the data is balanced such as ImageNet [14].
Unlike previous works [14, 27, 23], we introduce an adversarial framework
that takes 3D medical images and outputs 3D semantic segmented tumours
region. In our proposed framework, the segmentor network captures tumours
structure implicitly and synthesize high-quality 3D tumorous region. To mitigate
the problem of imbalanced data in semantic segmentation of brain tumour(s) and
achieve a much better trade-off between precision and recall, our segmentor loss
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is squarely weighted and mixed with traditional with `1 term. The discriminator
distinguish a synthesized voxel created by segmentor is real or fake.
Moreover, in this work we address the patient overall survival. Survival analysis is a branch of statistics for analyzing and modeling method to estimate the
time until an event of interest will occur, such as death in biological organisms
or failure in mechanical systems. The most common survival analysis modeling
techniques are based on the Kaplan-Meier (KM) model [15], and Cox Proportional Hazard (CoxPH) model [6]. Whereas the Kaplan-Meier method provides
a survival based on log-rank and compute the survival curves in two or more
groups without considering the feature vectors, therefore those models are not
able to predict the survival function of a specific unit. In contrast, the CoxPH
allows analyzing the effect of several risk factors on survival and provides prediction on the survival and hazard functions of an individual based on its feature
vector.
Our proposed survivors predictor network is trainable multi-layers preceptron
with some hidden layers and takes statistical feature vector from 3D segmented
tumours predicted by segmentor, and clinical data such as the age of patients,
and the resection status. The output of survivors network is patient overall
survival days based on negative log partial likelihood; similar to the DeepSurv
model [16].

2
2.1

Method
Semantic Segmentation using Voxel-GAN

In a conventional generative adversarial network, generative model G tries to
learn a mapping from random noise vector z to output image y; G : z → y. Meanwhile, a discriminative model D estimates the probability of a sample coming
from the training data xreal rather than the generator xf ake . The GAN objective
function is a two-player mini-max game like Eq.(1).
min max V (D, G) = Ey [logD(y)]+
G

D

(1)
Ex,z [log(1 − D(G(x, z)))]

Similar conditional GAN [22]; in our proposed method, segmentor network
learns mapping from a given 3D multimodal MR images x and Gaussian vector
z to a 3D semantic segmentation yseg ; S : {x, z} → {yseg }. The training procedure for the segmentation task is similar to two-player mini-max game as shown
in Eq.(2). While the segmentor generated segmentation voxels label, the discriminator takes the ground truth annotated by an expert, and the segmentor’s
output to distinguish segmentor output is real or fake.
Ladv ← min max V (D, S) = Ex,yseg [logD(x, yseg )]+
S

D

(2)

Ex,z [log(1 − D(x, S(x, z)))]
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To mitigate the problem of unbalanced data in medical image segmentation
and achieve a much better trade-off between precision and recall, the segmentor
loss is weighted by considering number of classes and mixed with `1 term.
LL1 (S) = Ex,z k yseg − S((x)w , z) k

(3)

We investigate square weighting on class voxel frequencies for the whole training dataset as follows:
W =

N
C | vc |2 +

(4)

where N indicates the number of training volumes, C is the number of semantic classes (e.g in BraTS C = 4), and | vc | is the number voxels in class. We
consider  = 1 in order to prevent division by zero.
The segmentor loss Eq.(4) is mixed with `1 term to minimize the absolute
difference between the predicted value and the existing largest value. Previous
studies [14, 27] on cGANs have shown the success of mixing the cGANs objective with `1 distance. Hence, the `1 objective function takes into account CNN
feature differences between the predicted segmentation and the ground truth
segmentation and resulting in fewer noises and smoother boundaries.
The final objective function for semantic segmentation of brain tumours Lseg
calculated by adversarial loss and additional segmentor `1 loss as follows:
Lseg (D, S) = Ladv (D, S) + LL1 (S)

(5)

2.1.1. Segmentor Network In our proposed architecture, the segmentor is a
3D fully convolutional encoder-decoder network that generates a label for each
voxel. The encoder takes 64 ∈ 64 ∈ 64 of multi-modal multisite MRI/CT images
and decoder output size is 64 ∈ 64 ∈ 64. Similar to UNet [26], we added the skip
connections between each layer i and layer n − i, where n is the total number
of layers. Each skip connection simply concatenates all channels at layer i with
those at layer n − i.
2.1.2. Discriminator Networks Similar to the segmentor, the discriminator
is 3D fully convolutional encoder network which classifies whether a generated
voxel’s label belongs to right class.
2.2

Survival Analysis

2.2.1. Background In statistical modeling of survival analysis [6, 16, 10], a
survival data is comprised to three elements of a patients baseline data x, a
failure event time T , and an event indicator E. The E = 1, if an event such as
death observed, the time interval T corresponds to the time elapsed between the
time in which the baseline data was collected. Here in BraTS [4, 2, 3] survival
prediction T is a number of days, patient data includes an ages, a resection
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status, and a 3D MRI preoperative images. The event indicator is equal zero
(E = 0), when in middle of study the patient quite and study get ended which
in current experiment we don’t have such cases.
In survival studies based on CoXPH model, the survival function Eq.(6), and
hazard function Eq.(7) are the two fundamental functions.
S(t) = P r(T > t)

(6)

The survival function shows the probability that an individual has survived
beyond time t. The hazard function (or conditional failure rate, conditional mortality rate) approximates probability that an event occurs in the small time interval [t; t + ∆t], under the condition that an individual would remain event-free
up to time t:
P r(t ≤ T < t + ∆t | T ≥ t)
∆t→0
∆t

h(t) = lim

(7)

2.2.2. Survivors Predictor Network We design a multi-layers preceptron to
address patient survival days. Our architecture takes statistical feature vector of
predicted 3D voxel of tumours region by segmentor network, patient ages, and
resection status as an input and estimate the risk function hθ (x) parameterized
by the weights of the network θ. Similar to the previous network [10, 16], we set
the loss function to be the negative log partial likelihood and predict survival
days as follows:
Lsv (θ) = −

X
i:Ei =1

3

hθ (xi ) − log

X

exphθ (xj )

(8)

j∈R(Ti )

Experiments

In order to evaluate the performance of the proposed network on task of segmentation, we applied the ISLES-2018 [20, 17], and the BraTS-2018 [4, 21, 3, 2]
challenges datasets. Moreover, we test the performance of the proposed survival
prediction algorithm on the BraTS-2018, for predicting overall survival days for
patient with brain cancer.
3.1

Implementation Details

Our proposed Voxel-GAN, and survival predictor are implemented based on a
Keras [7] library with backend of Tensorflow [1] supporting 3D convolutional network and is publicly available 1 . All training and experiments were conducted
on a workstation equipped with a multiple NVIDIA TITAN X GPUs. The learning rate was initially set to 0.001. The Adadelta optimizer is used in both the
segmentor and the discriminator. The model is trained for up to 80 epochs.
1

https://github.com/HPI-DeepLearning/VoxelGAN
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3.2

Data Preprocessing and Data Augmentation

The proposed Voxel-GAN takes a set of 3D images acquired from 4 different MRI
modalities; Flair, T1, T1ce, and T2 as different channels. To reduce the effect of
the absolute pixel intensities to the model, we applied intensity normalization
on each MRI modality from individual patient by subtracting the mean and
dividing by the standard deviation of the brain region.
To prevent over fitting issue, we applied randomly cropped, re-size, scaling,
rotation between -10 and 10 degree, and Gaussian noise as data augmentation.
3.3

Evaluation

We followed the evaluation criteria introduced by the BraTS 2 , the ISLES
challenge orgnizer.

3

3.2.1. Brain Tumour Segmentation The segmentation of the brain tumor
from medical images is highly interesting in surgical planning and treatment
monitoring; The goal of segmentation is to delineate different tumor structures
such as active tumorous core, enhanced tumorous, and whole tumorous. From
Table (1), the proposed Voxel-GAN achieved better results in terms of Dice
compared to 2D-cGAN. One likely explanation is that the Voxel-GAN architecture is trained on 3D convolutional features and the segmentor loss is weighted
for imbalanced data. It worth to mention the reported results on Table (1), is
based trained model with 80 epochs and 5 fold cross validation in terms of Dice,
Hausdorff distance, sensitivity, and specificity.
Table 1. The achieved accuracy for semantic segmentation by Voxel-GAN in terms of
Dice, sensitivity, specificity, and Hausdorff distance on five fold cross validation after
80 epochs while the reported results in second and third rows are after 120 epochs.
Dice
Methods

Hdff

WT ET CT WT ET CT

Sen

Spec

WT ET CT WT ET CT

Voxel-GAN 0.84 0.63 0.79 6.41 7.1 10.38 0.86 0.74 0.78 0.99 0.99 0.99
cGAN
0.81 0.61 0.64 7.30 9.22 12.04 0.75 0.61 0.55 0.99 0.99 0.99

3.2.2. Prediction of Patient Overall Survival The models input features
include patients age, resection status as well as morphological (volume), ratio of
number of voxels of whole tumours region to number of voxels of lesion, ratio of
number of voxels of tumour core to number of voxels of lesion, ratio of number of
2
3

http://www.med.upenn.edu/sbia/brats2018/evaluation.html
https://www.smir.ch/ISLES/Start2018
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Table 2. The achieved accuracy for semantic segmentation on ISLES dataset by VoxelGAN in terms of Dice, Hausdorff distance, Precision, and Recall on five fold cross
validation after 140 epochs.
Dice Hausdorff Precision Recall
Voxel-GAN 0.83 10.3

0.81

0.78

voxels of enhanced tumour to number of voxels of lesion, etc. were fed as input
to multi-layers preceptron with 5 different hidden layers. The achieved accuracy
for local test data in term of concordance index or C-index is 0.58.

4

Conclusion and Future Work

In this paper, we introduced a new 3D generative adversarial network to mitigate
the issue of unbalanced data in brain tumour segmentation task. To this end,
we proposed a segmentor network and couple discriminator networks where a
segmentor generates voxel’s label, and discriminator classifies whether segmentor output is real or fake. Whilst, another discriminator called survival predictor
network, trained on statistical feature produced by segmentor and clinical data
such as patient age, resection status and learned to predict survival days using negative log of likelihood. The proposed segmentor loss function squarely
weighted on imbalanced class labels and shown good trade-off between achieved
precision and recall on the ISLES dataset. Moreover, We applied prepossessing
and provided data augmentation to prevent overfitting issue. Experimental evaluation of the BraTS-2018 and ISLES-2018 benchmarks show that the proposed
model achieved acceptable results for segmentation of brain tumours.
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Abstract. This paper presents an automatic method for brain tumour
segmentation from magnetic resonance images. The method uses the
feature vectors obtained by an efficient feature encoding approach which
combines the advantages of the supervoxels and sparse coding techniques.
Extremely Randomized Trees (ERT) is trained using these feature vectors to detect the whole tumour and for multi-label classification of abnormal tissues. The obtained predictions of the ERT are used to estimate
probability maps. A Conditional Random Field (CRF) algorithm is implemented to complement the segmentation task. The probability maps
of the images and the Euclidean distance between the feature vectors of
neighbour supervoxels define the conditional random field energy function. The minimization of the energy function is performed via graph
cuts. The proposed methods are evaluated on real patient data obtained
from BraTS 2018 challenge.
Keywords: Brain Tumour Segmentation, Sparse Coding Techniques,
Conditional Random Fields

1

Introduction

Gliomas is a type of brain tumours with the highest mortality rate in adults.
The gliomas are classified according to their histopathological appearances into
Low Grade Gliomas (LGG) and High Grade Gliomas (HGG) for determining
the best treatment for the patient [1]. Furthermore the treatment of gliomas
depend on its size and location within the brain, since the tumours can grow
and infiltrating over the surrounding normal brain tissue what sometimes it
complicates its surgical removal.
One of the most important and critical procedures for the diagnosis of brain
tumours is the brain segmentation. Brain segmentation has been useful for the
analysis and visualization of brain structures [3, 2] with the purpose of monitoring, guidance and planing the surgeries [4]. The goal of the brain tumour
segmentation is to delineate the pathological regions such as the peritumoral

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

420 of 578

2

edema, non-enhancing tumour and enhancing tumour. Nowadays brain tumour
segmentation methods are divided into two categories: a) semi-automatic and b)
automatic methods. Semi-automatic methods are extremely costly due to that
they requires an expert to detect the tumour. Automatic methods automatically
detect and segment the brain tumours by using machine learning algorithms
which can assign each tissue to its respectively class. Brain tumour segmentation for automatic methods can be a challenge task, because the tumours can
appear anywhere in the brain and they can present a wide number of shapes and
sizes.
In this paper we propose a fully automatic method for segmentation of brain
tumours. This method incorporates an efficient feature encoding approach which
is based on three algorithms: 1)sparse coding technique, 2) a Gaussian pyramid
and 3) supervoxels. 3D image patches of images are projected into sparse dictionary spaces in order to obtain feature vectors which are named as sparse feature
vectors. For classification purposes each feature vector is assigned to only one
supervoxel. An Extremely Randomly Trees (ERT) algorithm is trained using the
sparse feature vectors to detect the whole tumour and for multi-label classification of abnormal tissues. The tumour segmentation method is performed in two
phases:
– The whole tumour is detected for identifying the region where is located the
tumour.
– A multi-label classification is performed on the delimited region where is
located the tumour in order to recognize the enhancing tumour, peritumoral
edema and enhancing tumour.
A Conditional Random Field (CRF) is implemented to complement the segmentation task. The obtained predictions of ERT are used to estimate probability maps for each MRI. The energy function of the CRF is defined by the
probability maps and the euclidean distance between the sparse feature vectors
of neighbour supervoxels. The minimization of the energy function is performed
via graph cuts.
For convenience of the reader, this paper is organized as follows: section 2
presents the details of the MRI database which is employed to evaluated the
proposal method and Section 3 presents the feature learning aproach to obtain
the sparse feature vectors for normal and abnormal tissue and the brain tumour
segmentation model. Section 4 presents the experimental details and results.
Finally section 5 presents the conclusions.

2

BraTS 2018 Database

The database of magnetic resonance images is adopted from BraTS 2018 challenge as part of the International Conference on Medical Image Computing and
Computer-Assisted Interventions (MICCAI) conference [3, 5–7]. The magnetic
resonance images are 3D volumes whose dimension is 240 × 240 × 155. For
each brain, four MRI modalities are available, Flair, T1, T1 contrast enhanced
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(T1C), and T2. The training dataset consists of 210 brains with high grade
glioma (HGG) and 75 brains with low-grade glioma (LGG). Each brain has a
manual segmentation which includes the following tissue labels: for normal tissue
and background regions (label 0), non-enhancing tumour (label 1), peritumoral
edema (label 2) and enhancing tumour (label 4). The validation dataset consists
of 66 brains whose grade of the magnetic resonance images is not described.

3

Method

Each MRI is normalized by setting the mean to 0 and standard deviation to 1
of the voxel intensities. Our method is based on the following steps:
1. Feature Learning Approach.
– Calculate sparse dictionaries for each MRI modality.
– Calculate supervoxels.
– Obtain the sparse feature vectors.
2. Gliomas Segmentation
– Sparse feature vectors are classified using an ERT.
– Probability maps are estimated using the obtained predictions of the
ERT model.
– Complement the segmentation task using a CRF.
This method is repeated two times. Firstly we perform this method to delimit
the region where is located the tumour. Secondly we classify the abnormal tissue
on the delimited region in order to obtain the final tumour segmentation.
3.1

Feature Learning Approach

Sparse dictionaries The feature learning approach incorporates a sparse coding technique and a Gaussian pyramid to learn a set of sparse dictionaries over
different scales of the BraTS 2018 database. The sparse coding captures structures and patterns of the data as well as defining an efficient representation
(sparse dictionaries) of the input images. A Gaussian pyramid is implemented
to generate a sequence of images for each MRI modality over three different levels
l = 1, 2, 3 where the level l = 1 represent the original image. Our approach uses
the four MRI modalities of each patient, therefore we obtain 4 sparse dictionaries
for each level of the Gaussian pyramid. The sparse coding technique finds a set
of basis vector (sparse dictionary) such that an input vector can be represent
as a linear combination of these basis vectors. Let I be a set of images at level
l of the Gaussian pyramid. 3D image patches p1 , p2 , ..., pψ−1 , pψ ∈ Rkxkxk are
randomly selected from I. All 3D image patches are reshaped into the vector wi
3
3
∈ Rk . The sparse dictionary B ∈ Rk ×n is obtained by using the sparse coding
technique over n linear filters as follows:
minimize{B,ai }

ψ
X
i=1

|| wi − Bai ||22 +
|
{z
}
residue function

β || ai ||1
| {z }

sparsity function
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subject to || B(:,j) ||2 = 1 ∀j
where ai is a coefficient vector, B(:,j) is the j-th column of the sparse dictionary
and β is the parameter which controls the sparsity of the solution [8]. Figure 1
illustrates the linear combination for representing the image patch pi and one
component of the sparse dictionary.

One component of the sparse dictionary

Reshape 3D patch:

B ∈ Rk

wi

ai ∈ Rn

×n

wi ≈

→
pi

3

B(:,j) → Rk×k×k

×
sparse
dictionary

coefficients

Fig. 1. Linear combination for representing the image patch pi as a linear combination
of a basis vectors (sparse dictionary).

Supervoxels and Sparse Feature Vectors The MRIs are partitioned into
regions of perceptually similar voxels called supervoxels [9] in order to decrease
the computational complexity of the images and to obtain meaningful structure
of brain regions due to that they present an irregular shape which provides a
better alignment with the tissue boundaries [10]. We incorporate the four MRI
modalities to calculate the supervoxels using an extension of the Superpixels
Extracted via Energy-Driven Sampling (SEEDS) algorithm [11]. The set of supervoxels is denoted as S = {s1 , s2 , ..., sη−1 , sη }. The label c for each supervoxel
is assigned by majority vote. Connected-Component Label algorithm is implemented to valid that all supervoxels are spatially connected as an only set. We
use the supervoxels as atomic units to extracting features for normal and abnormal brain tissue. Figure 2 shows the procedure to obtain a feature vector dsi for
the supervoxel si using only one sparse dictionary. Let Q1 , Q2 , .., Qκ−1 , Qκ ∈
Rk×k×k a set of 3D image patches which are located into the regions delimited
by a supervoxel. The 3D image patches are reshaped to vectors q1 , q2 , .., qκ , qκ−1
3
∈ Rk and projected into the sparse dictionary space. The feature vector dsi is
obtained with a maxpoling technique which uses the highest value of the positive
and negative components of the sparse vectors u1 , u2 , ..., uκ . Note that for each
sparse dictionary we calculate a feature vector for each supervoxel, therefore 12
feature vectors describe each supervoxel. These feature vectors are concatenated
to assign only one feature vector Di to each supervoxel.
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1. Reshape image patches: Qi → qi ∈ Rk

3D Image patches

...
Q1

3

2. Projections: ui = BT qi ∈ Rn
Qκ

Supervoxel

si

dsi

3. Maxpooling technique:

max ( 0 | u1,1 u2,1
..
..
..
 ..
 .
.
.
.

 max ( 0 | u1,n u2,n
=
 max ( 0 | −u1,1 −u2,1

 .
..
..
..
 ..
.
.
.
max ( 0 | −u1,n −u2,n

...
..
.
...
...
..
.
...


uκ,1 )
..


.

uκ,n ) 

−uκ,1 ) 


..

.
−uκ,n )

Fig. 2. Features determination for only one supervoxel using one sparse dictionary.

3.2

Segmentation of Gliomas

Figure 3 shows a flowchart to illustrate the automatic brain tumour segmentation
method. For each patient a subset of 50 feature vectors of each tissue class are
randomly selected in order to obtain a training set. An ERT classifier is trained
to automatically assign each supervoxel to its respectively class. ERT combines
the predictions of several classifiers using random splits to generate different
trees and then to calculate an output final classification [12]. Each tree learns
a weak predictor for each supervoxel θ(Di ). The class c which corresponds to
supervoxel si is calculated as the most frequent estimated class:
c = mode[θ1 (Di ), θ2 (Di ), ..., θT (Di )]

(1)

where T is the number of trees. Equation 2 is used to calculated the probability
map for the images of each patient. The probability map assigns all supervoxels
probability values of belonging to each tissue class c.

T
1X
1 , θt (Di ) = c
P (c|θ(Di )) =
1A (θt (Di )), where: 1A (θt (Di )) =
0 , θt (Di ) 6= c
T t=1

(2)

To complement the segmentation task a Conditional Random Field (CRF)
operates over the supervoxels of the images. The purpose of the CRF is to obtain
the labelling of the supervoxels such that minimize the following equation:
X
XX
E(X, D) =
fi (Xi |Di ) +β
fi,j (Xi , Xj |Di , Dj )
(3)
i∈S

|

i∈S j∈Ni

{z

}

Unary potential

|

{z

Pairwise potential

}

where S denotes the set of supervoxels, Ni is the set of neighbours of supervoxel
i, β controls the relative importance of the smoothing term. The energy function of the conditional random field defines a posterior probability distribution
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Obtaining training dataset
subset - MRI 1

Feature vectors
are concatenated
and a training
subset is selected

subset - MRI 2

.. .. .. ..
... .

subset - MRI n

Conditional Random
Field for Final
Segmentation

Training the ERT
and Obtaining
Probability Maps

Fig. 3. Automatic Segmentation Method.

P (X | D) given a set of class label X and a set of features for each supervoxel D. The tumour segmentation problem is described as the partitioning of
vertices of a graph into disjoint subsets. Graph cuts is performed to partition
the graph and obtain the maximum a posteriori inference of the labels X [13].
Equation 4 presents the unary potential which is defined by the probability map
of the supervoxels. Equation 5 presents the pairwise potential which models the
relationship among neighbouring of supervoxels.
fi (Xi |Di ) = −log(P (Xi |Di ))

exp(− || Di − Dj ||) , if Xi 6= Xj
fi,j (Xi , Xj |Di , Dj ) =
0
, otherwise

4

(4)
(5)

Experiments and Results

We evaluate our method using real patient data obtained from BraTS 2018
challenge. The experiment details are explained as follows. The experimental
setup for gliomas segmentation is given as follows: a) the sparse dictionaries are
estimated separately over 128 filters from 500000 randomly sampled patches of
dimension 3x3x3. The supervoxels are calculated using an initial dimension of
4x4x4 and 3x3x3 for detect the tumour region and multi-label classification of
abnormal tissue respectively, c) Number of trees T = 100 for ERT model.
Tables 1 and 2 presents the results for training phase and validation phase
respectively. The Mean, StdDev, Median, 25q, and 50q indicate the mean, median, standard deviation, 25th percentile and 75th percentile respectively, for
the evaluated metrics. The evaluated metrics are Dice, sensitivity, specificity
and 95th percentile Hausdorff for enhancing tumour (ET), whole tumour (WT)
and tumour core (TC).
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Table 1. Results using the training set. Training set is composed by 285 brains.
Training Phase
Dice
Sensitivity
Specificity
Hausdorff95
ET WT TC ET WT TC ET WT TC
ET
WT
TC
Mean 0.59480.83980.73330.78370.91850.84510.99460.98350.9916 11.69 8.9686 14.6677
StdDev0.25200.09530.14990.16730.09980.16710.00440.01320.006712.7416 9.0691 11.7043
Median0.67510.86590.77300.82840.94730.90030.99580.98660.9933 5.6568 5.3851 11.3578
25q 0.52130.81120.67400.73090.89320.80570.99250.97810.9893 3
3.3166 6.4031
50q 0.7665 0.898 0.84250.88970.97480.96130.99810.99250.996316.992511.045320.0199
Table 2. Results using the validation dataset. Validation set is composed by 66 brains.
Validation Phase
Dice
Sensitivity
Specificity
Hausdorff95
ET WT TC ET WT TC ET WT TC
ET
WT
TC
Mean 0.57190.79920.62850.68360.87140.73390.99550.98630.991912.963712.441417.7162
StdDev0.27490.15570.25900.27820.17110.30830.00380.00940.007815.732519.275017.5612
Median0.69100.84580.71030.77760.94120.86970.99600.98830.9936 6.5556 6.4031 15.106
25q 0.49340.78620.53650.56610.84350.62040.99420.98210.9903 3.2008 3.6395
9
50q 0.76690.88260.81960.89470.96950.96150.99800.99270.996317.909312.407820.7175

5

Conclusions

We present an approach for multimodal brain tumour segmentation using and
efficient feature encoding technique based on sparse dictionaries and supervoxels.
BraTS 2018 database is adopted to evaluated the performance of our method.
The method combines the advantages of the supervoxels and sparse coding techniques to generate feature vectors which can be employed to assign each tissue
to its respectively class using Extremely Randomized Trees and Conditional
Random Field algorithms. According to the numerical results the performance
of our approach can be compared to the performance of other state-of-the-art
algorithms which have been evaluated using the same dataset.
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Abstract. A brain tumor is one of the most challenged segmentation work in
neural network. To segment a brain tumor affectively, 2-D U-net is used for a
base architecture. A brain tumor is described in four multimodality MRI scans,
i.e. native (T1), post-contrast T1-weighted (T1Gd), T2-weighted (T2), T2 Fluid
Attenuated Inversion Recovery (FLAIR). These 3D multimodal scans are converted to 2D images for training. The label consists of background (BG – label
1), GD-enhancing tumor (ET – label 4), the peritumoral edema (ED – label 2)
and the necrotic and non-enhancing tumor core (NCR/NET – label 1), and it’s
converted to following three sub-regions: whole tumor, tumor core, enhancing
tumor. A training data is 5-fold cross validated generating 168 HGG training data
and 42 HGG validation data for each split. While training, relatively large batch
size is applied by virtue of lighter 2D models. Once segmentation is over, survival
prediction is performed. A survival dates are classified to following three survivor classes: short-survivors (<1 0months), mid-survivors (>= 10 months & < 15
months), long-survivors (>= 15 months). Only resection status of GTR is used
for prediction, and total of 59 subjects are 5-fold cross validated. Volumetric features and radiomic features are extracted for prediction. Total of 1412 features
are screened via recursive feature elimination, variable importance and forward
selection. An elastic net is used to predict survivor class using selected variables.
Keywords: 2D U-net, Resnet, Elastic net,

1

Introduction

A brain tumor is a mass of unnecessary cells growing in the brain or central spine canal.
Brain tumors are graded into four, and this grade indicates a degree of malignancy.
Grade I and II are called as a lower grade glioma (LGG), and Grade III and IV are
called as a higher grade glioma (HGG). Well-known glioblastoma (GBM) is the most
common example of grade IV tumor, and it is considered as one of the most lethal
cancer types in adults. LGG is less malignant and grow slower than HGG. Tumors
contains several grades of cells, so the grade of tumors are determined by highest grade
of cells regardless of ratios among grades of cells. A glioma has various heterogeneous
histological sub-regions such as peritumoral edema, enhancing tumore, necrotic core
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and necrotic tumor. They are portrayed across multimodal MRI scans with varying intensity and tumor properties. According to the American Brain Tumor Association
(ABTA), nearly 50% of GBM patients die within a year of diagnosis. A median survival
is about 14.6 month with a two-year median survival rate of 27%. Furthermore, fiveyear survival rate is only 10%.
With multimodal MRI scans and labeled sub-regions, segmentation of brain tumors
can be performed. Labels in segmentation is transformed to enhancing tumor, tumor
core and whole tumor and it will be discussed in detail later. Instead of using 3-D data
itself, 2-D axial scans are used to segment tumors in this paper because 2D layers are
lighter than 3D enabling large batch size. The model is trained via 2-D U-nets with
residual block, dense block, mobile-net, transposed convolution and resize convolution.
Once label is created, image features are extracted from sub-regions and multimodal
MRI scans. These features are used to predict survival class of patients, i.e. short survivor (<10 months), mid survivor (>=10 months & < 15 months) and long survivor (>=
15months).

2

Methods

2.1

Data

The data sets used for this work are obtained from BraTS 2018 Challenge. The data
consists of ample multi-institutional routine clinically-acquired pre-operative multimodal MRI scans of glioblastoma (HGG) and lower grade glioma (LGG). For each
patient, four MRI modality is provided which are native (T1), post-contrast T1weighted (T1Gd), T2-weighted (T2), T2 Fluid Attenuated Inversion Recovery
(FLAIR). Each modality has a volume of (240, 240, 155). In addition to these multimodal scans, ground truth labels which have been manually segmented by experienced
neuro-radiologists are provided. Annotations include the GD-enhancing tumor (ET –
label 4), the peritumoral edema (ED – label 2) and the necrotic and non-enhancing tumor core (NCR/NET – label 1). Anything else except these labels 1 2 4, is labeled as 0.
The training set consists of 210 HGG patients and 75 LGG patients. In this paper, 5fold cross-validation is used to avoid bias. Each time, 168 HGG patients and 60 LGG
patients are trained and left 42 HGG patients and 15 LGG patients are used for validation. Along with MRI scans and segmentations, survival_data.csv file is provided which
contains information of patient ID, Age, resection status, and survival dates. Here, only
subjects with resection status of GTR is used for survival prediction. The validation set
provided contains 66 subjects but it doesn’t specify grade of glioma. Unlike the training
set, the validation set doesn’t involve segmentation labels and survival dates in provided csv file.
2.2

Pre-processing

A provided data has a volume of (240,240,150) for each nifty file, but it contains an
excessive amount of uninformative parts. These unnecessary parts dramatically increased true negative. This relatively large proportion of background affected not only
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background but also brain tumor to be recognized as a background. These distortions
generated sensitivity close to 0, specificity close to 1, and accuracy close to 1. To solve
this problem, every single volume is consistently cropped to (160,192,150) instead of
cropping and resizing it according to the brain size per patient to get location information. The amount of dropped background is decided by checking bounding boxes of
brains. Each brain would have average margin of five to fifteen. Every volume is sliced
to 150 of 2-D axial images, so 600 scans size of (160, 192) are considered for one
patient. A label volume is also converted to (160, 192, 150), and sliced into axial images.
For the task of survival prediction, A numerical variable ‘Survival’ is converted to a
categorical variable ‘survival class’. Patients having survival data less than 300 days (<
10 months) are classified to ‘short survivor’, greater or equal to 300 (>= 10 months)
and 450 days (< 15 months) are classified to ‘mid survivor’ and greater or equal to 450
days (>= 15 months) are classified to ‘long survivor’. This newly created variable is
used as a response variable.

2.3

Segmentation

For brain tumor segmentation, 2D U-Net [1] is used as a base architecture. U-net is
composed with a contracting path and an expanding path. Feature extraction and downsampling is performed at the contracting path, and decoding is performed at the expanding path. Other convolutional substitutes plain convolution-batch normalization –
ReLu layer to get better performance.
To train 2D U-net, four modalities with shape of (160, 192, 150) for individual modality are transformed into (Batch size, 192, 160, 4) shape, and these are utilized as an
input. To fully take an advantage of batch normalization, mini-batch sizes of 30, 50, 75
are applied. Relatively large batch sizes could be applied by virtue of lighter 2D model
than 3D model. After some experiments, it turns out that larger mini-batch size brings
significantly better result. A shape of a final input data is set as (75, 192, 160, 4). This
part will be discussed in detail later.
A residual-block from Resnet [2], dense-block from Dense-Net [3], which are well
known for high efficient feature extraction, and depth-wise-separable convolutional
layer from Mobile-Net which is lighter than other convolutional layers [4] are considered for convolutional layer at the contracting path. Continuous convolutional layers
are applied before down-sampling. The last convolutional layer is followed by downsampling layer which reduces the size of feature map. Instead of pooling, Nearestneighbor algorithm is used for down-sampling operation to preserve features effectively.
After four times of down-sampling, four groups of feature maps from a contracting
path are concatenated with corresponding groups of feature maps from an expanding
path by skip-connections. Each group of feature maps is up-sampled to be concatenated
with a group of lager feature maps. Transposed convolutions [5] and resize convolutions [6] are used for up-sampling. Transposed convolutions are optimized for catching
a boundary of object, nevertheless it’s less competent at restoring images in details well
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resulting in checkerboard pattern. On the other hand, Re-size convolutions restore details more elaborate than transposed convolutions, however it’s challenged at catching
a boundary. Instead of making decision between two convolutions, both are used to get
advantages from two different methods.
As four labels (0, 1, 2, 4) are given, model outputs consist of four classes (Background, NCT/NET, ED, ET). Thus, output data has a same shape with input data as (75,
192, 160, 4). When calculating losses, background loss plummets making it hard to
train stably. To train successfully, relatively small weights are applied while pretraining
and background loss are ruled out while fine tuning.

Fig. 1. Three convolutional units used in 2D U-Net contracting path: Unit A is a residual-block
which has two bottleneck layer and one convolutional layer with batch normalization, ReLu.
Unit B is a dense block consist of dense layer which has two convolutional layers followed by
batch normalization, ReLu, dropout. Unit C is a depth-wise separable convolutional layer
which has depth-wise and point-wise convolutional layers.
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Fig. 2. Modified 2D U-Net used for segmentation:

When training, 5-fold-cross-validation is used to avoid bias. Each time, 168 HGG
patients and 60 LGG patients are trained and left 42 HGG patients and 15 LGG patients
are used for validation. After extracting label, label 0, i.e. background, are padded back
into image to make original size.
2.4

Prediction

For survival prediction, only patients with resection status of GTR (Gross Total Resection) are considered. In the training set, there are total of 59 subjects, and it’s 5-fold
cross-validated. For validation set, only 28 patients are marked as a GTR. To predict
survival classification of patients, 1412 features are considered. These features include
volumetric features such as volume, centroid, ratios between sub-regions from four modalities and three sub-regions (ET, TC, WT). In addition to that, radiomic features are
also considered, which includes co-occurrence matrix, size zone matrix, run length matrix, neighboring gray tone difference matrix, dependence matrix. To be specific, 23
features are extracted from gray level co-occurrence matrix (GLCM), 16 features are
extracted from run length matrix (GLRLM) for each modality and sub-regions.
Among total of 1412 features, 300 features are selected through recursive feature
elimination. These 300 selected features are used to predict survivor class using gradient boost. Fifty variables having greatest variable importance are selected, and selected
ones are again screened by forward selection with AIC.
To predict survivor class, random forest, elastic net, ridge, lasso and gradient boosting methods are considered. Among these methods, an elastic net works best on predicting survivor class, therefore elastic net is finally selected as a predicting model.
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3

Result

3.1

Segmentation

Table1 shows the results of differently modified 2D U-Net. A significant difference is
made by mini-batch size. As a batch size grows larger, result gets better. It means that
even when training 3D shaped data, 2D segmentation model is significant in terms of
large batch size. Moreover, at the point that a specificity which is relative to true negative is high, and a sensitivity which is relative to true positive is low, importance of
balancing non-label and label loss could be emphasized while training segmentation
with larger non-label area. This points out that elaborate tuning is needed not only for
feature extraction but also for loss regardless of which convolution unit is chosen
among residual block, dense block, depth-wise separable convolution.

Table 1. Segmentation results on Brats2018 training data set

ET

DSC
WT TC

Sensitivity
ET WT TC

Specificity
ET WT TC

Hausdorff
ET WT TC

Unit C (Batch 75)

61.5 76.8 70.0

62.0 74.1

99.9 99.8 99.9 15.1

22.0

19.0

Unit B (Batch 50)

59.0

72.5

66.6

65.6

85.2 73.2

99.8

99.3

99.8

17.0

29.1

23.0

Unit C (Batch 50)

45.0

52.1

65.4

47.0

76.6

56.2

99.9 99.4

99.8

13.6

28.7

24.2

Unit B (Batch 50)

52.9

59.6

70.2 60.5

65.2

82.4 99.8

99.4

99.8

16.2

22.4

28.1

Unit A (Batch 30)

51.6

70.6

60.0

56.7

75.5

65.6

99.8

99.5

99.8

15.7

25.1

20.5

Unit C (Batch 15)

26.9

38.9

37.0

39.2

40.0

39.3

99.9 99.8 99.8

4.8

9.3

7.3

Unit A (Batch 50)

55.1

49.0

54.6

58.9

60.1

68.0

99.9 99.1

8.6

30.4

27.6

69.2

99.2
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Fig. 3. Original and masked Images of Train and validation results
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3.2

Survival prediction result

For survival prediction, an elastic net, random forest and gradient boost etc. are used
and an elastic net yields best results. A mean training accuracy was 0.6748 (high as
0.7238 and low as 0.5712) with lambda 0.00367578 and alpha 0.1, however the best
tune changes every time if seed are not set so that lambda and alpha is not guaranteed
as all-time best tune.

4

Discussion

For segmentation, residual block, dense block, depth-wise separable convolutions are
tried to extract more precise feature. And two up-sampling methods, transposed convolutions and resize convolutions are both used and merged for enhanced up-sampling. It
turns out that modified U-Net with these functions gives better results. But most of all,
mini-bath size contributes to significantly improve results. It means that 2D model is
competitive when learning 3D data. However, when TN is much more than TP, sophisticated design of loss functions is very important for successful learning.
For survival prediction, KNN, random forest, naïve bayes, gradient boost, ridge,
lasso, and elastic net are tried. As cross-validation is not fixed, the results are changed
every time. If variables are added or dropped for classifier, an accuracy is apt to change.
Sometimes other methods out-performed elastic net, however elastic net worked better
than other methods in overall.

5

Conclusion

In this paper, a brain tumor segmentation and a survival prediction are performed. First
for the segmentation, five-fold cross validation is applied generating 168 training data
and 42 validation data for each fold. For the base architecture, 2-D U-net is applied
instead of 3D models. To run a 2D model, 3D volumes are converted into 2D axial
slices with shape of (160,192,150). Instead of using convolutional layers from formal
U-net, various types of convolutional layers are used. For instance, residual block,
dense block, and depth-wise separable layers are applied to while down sampling. For
expanding path, both transposed convolutions and resize convolutions are used. In general, transposed convolutions are efficient at catching a boundary and resize convolutions are competent at restoring details. Appling both convolutions, advantages from
two convolutions are maximized. Relatively large batch size could be applied on account of light 2D inputs. Four provided labels were background, enhancing tumor, necrotic/non- enhancing tumor, and edema, however it’s transformed into background,
enhancing tumor, tumor core, and non – enhancing tumor for survival prediction and
evaluation. Results of whole tumor are relatively higher than tumor-core and enhancing
tumor as expected. Secondly for survival prediction, survivor dates are classified into
three survivor classes, which are short survivors (< 10 months), mid survivors (>= 10
months & < 15 months), and long survivors (>= 15months). Four modality MRI scans
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and three labels are used to extract features to predict survivor class. Features consists
of volumetric features such as centroid, volume, length, and width etc. and radiomic
features such as gray level co-occurrence matrix, gray level size zone matrix and neighboring gray tone difference matrix etc. Total of 1412 features are extracted, and it’s
screened by recursive feature elimination, variance importance, and forward selection.
Mainly, an elastic net is utilized to predict survivor class using selected features.
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Abstract. This article presents a convolutional neural network for the
automatic segmentation of brain tumors in multi-modality 3D MR images based on a U-net architecture. We evaluate the use of a densely connected convolutional network encoder (DenseNet) which was pre-trained
on the ImageNet data set. We detail the network architecture and propose several means to take into account multi modality 3D images as
inputs. This approach aims to identify if generic pre-trained networks
can be used for very specific medical applications where the targets data
differs both in the number of spatial dimensions as well as in the number
of inputs channels. We push the limit of transfer learning by only training
the decoder part of the U-net architecture. We evaluate the effectiveness
of the proposed approach on the BRATS 2018 segmentation challenge
[1–4] where we obtained preliminary dice scores of 0.78, 0.88, 0.85 and
95% Hausdorff distance of 2.9mm, 4.3mm, and 6.6mm for enhanced tumor core, whole tumor and tumor core respectively on the validation
set.
Keywords: Brain tumor, Convolutional neural network, Densely connected network, Image segmentation..

1

Introduction

Automatic segmentation of brain tumor structures is particularly important in
order to quantitatively assess the tumor geometry. It has also a great potential
for surgical planning and intraoperative surgical resection guidance. Automatic
segmentation still poses many challenges because of the variability of appearances and sizes of the tumors. Moreover the differences in the image acquisition
protocols, the inhomogeneity of the magnetic field and partial volume effects
have also a great impact on the image quality obtained from routinely acquired
3D MR images. However brain gliomas can be well detected using modern magnetic resonance imaging. The whole tumor is particularly visible in T2-FLAIR,
the tumor core is visible in T2 and the enhancing tumor structures as well as the
necrotic parts can be visualized using contrast enhanced T1 scans. An example
is illustrated in figure 1.
In the recent years, deep neural networks have shown to provide state-of-theart performance for various challenging image segmentation and classification
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J. Stawiaski

Fig. 1: Example of images from the BRATS 2018 dataset. From left to right: T1 image,
T2 image: the whole tumor and its core are visible, T2 FLAIR image: discarding the
cerebrospinal fluid signal from the T2 image highlights the tumor region only, T1ce:
contrast injection permits to visualize the enhancing part of the tumor as well as the
necrotic part. Finally the expected segmentation result is overlaid on the T1ce image.
The edema is shown in red, the enhancing part in white and the necrotic part of the
tumor is shown in blue.

problems [5, 6, 8, 9, 7]. Medical image segmentation problems have also been successfully tackled by such approaches [10, 11, 13, 14, 18]. Moreover it has been
shown that initializing weights of a convolutional network that has been pretrained on a large data set improves its accuracy on specific tasks where a limited
number of training data is available [15]. We evaluate in this work the accuracy
of a U-net architecture [10, 11] where the encoder is a densely connected convolutional network [16] which has been pretrained on the ImageNet data set [17]. We
study an extreme case of transfer learning where we fix the weights of the pretrained DenseNet encoder. Moreover we consider a segmentation problem where
the input data dimensionality does not match the native input dimensions of
the pre-trained network. More precisely we will make use of a fixed pre-trained
convolutional network trained on 2D color images in order to segment 3D multi
channel medical images.

2

Methods

This section details the proposed network architecture, the loss function used to
train the network as well as the training data preparation.
2.1

Convolutional Neural Network Architectures

The network processes multiple 2D images of size (224,224) pixels containing
three channels. An input image is composed of three equidistant slices of the
input volume along one of the three anatomical orientations: either along the
coronal, the sagittal or the transverse plane. The considered pre-trained network
has been designed to take a single three channels 2D image as input. In order to
be able to process multi modal input data, we have tested two distinct encoders:
– the first solution (M1) consists in removing the stem of the original DenseNet
and only make use of the following convolutional layers which input is a
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tensor of size (64,112,112). This architecture is illustrated in figure 2. The
proposed network is thus composed of a so called ”precoder” which produces
an adequate high dimensional input tensor for the pre-trained network. The
precoder architecture is illustrated in figure 3. It processes independently
each input images and concatenates the resulting tensors. This approach is
very flexible and could take as input an image of any dimensions. For instance it would be possible to increase the number of equidistant slices (i.e.
the number of channels) of the input images.
– the second solution (M2) consists in evaluating the input images separately
through the original DenseNet encoder. Each input image modality is processed with the same encoder which shares its weights across the different
modalities. Outputs at different scales are then concatenated and feeded to
the decoder. This architecture is illustrated in figure 5 and 6. This architecture does not permit to vary the number of input slices but has the advantage
to fully leverage the original DenseNet weights.
For both architectures, the decoder consists in upsampling a low resolution
layer, concatenate it with a higher resolution layer before applying a sequence of
convolutional layers. The first convolutional layer reduces the number of input
channels by applying a (1x1) convolution. Later layers are composed of spatial
(3x3) convolutions and residual connections.

Fig. 2: Network architecture (M1). The network is composed of a ”precoder” producing a high order tensor which is fed to a pre-trained densely connected convolutional
network. Several intermediate layers are then used so reconstruct a high resolution
segmentation map. Images dimensions are highlighted in red.
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Fig. 3: Precoder architecture (M1). The precoder architecture process independently
the input images by a sequence of multiple residual blocks (R1, R2) and concatenate
the resulting output tensors. A residual block (R) is also illustrated. All convolution
operations are computed with (3x3) kernels. Images dimensions are highlighted in red.

Fig. 4: Decoder architecture (M1). The decoder architecture follows the principle of the
U-net architecture. It upsamples low resolution layers, concatenate them with a higher
resolution layer before producing new features using a sequence of multiple residual
blocks. Images dimensions are highlighted in red.
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Fig. 5: Encoder architecture (M2). The network processes the different input image
modality with the same encoder, a DenseNet composed of 121 layers. Intermediate
layers of the encoder are used to feed the decoder network. Images dimensions are
highlighted in red.

Fig. 6: Decoder architecture (M2). The decoder network processes the different feature
maps produced by an the DenseNet encoder. Features are computed independently for
all input image modalities. Images dimensions are highlighted in red.
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We give here additional details about the network architectures:
– each sample image y is normalised so that voxels values falls in the interval
0, 1
.
– batch normalisation is performed after each convolutional layer using a running mean and standard deviation computed on 5000 samples:
by =

–
–
–
–
–
2.2

(y − mb )
×γ+c,
(σb + )

(1)

where mb and σb is the mean and variance of the minibatches and γ and c
are learnable parameters,
each layer is composed of residual connections as illustrated in figure 4,
the activation function used in the network is a rectified linear unit,
convolution kernels are (3x3) kernels,
convolutions are computed using reflective border padding,
upsampling is performed by nearest neighbor interpolation.
Training

We used the BRATS 2018 training and validation sets for our experiments [1–
4]. The training set contains 285 patients (210 high grade gliomas and 75 low
grade gliomas). The BRATS 2018 validation set contains 66 patients with brain
tumors of unknown grade with unknown ground truth segmentations. Each patient contains four modalities: T1, T1 with contrast enhancement, T2 and T2
FLAIR. The aim of this experiment is to segment automatically the whole tumor, the tumor core and the tumor enhancing parts. Note that the outputs of
our neural network corresponds directly to the probability that a pixel belongs
to a tumor, the core of a tumor and the enhancing part of the tumor. The last
layer of the proposed architecture is thus composed of three independent (1x1)
convolutional layers because we directly model the problem as a multi-label segmentation problem where a pixel can be assigned to multiple classes. Note that
only weights of the ”precoder” and the decoder are learned. Original weights of
the pretrained DenseNet are fixed.
The network produces a segmentation maps by minimizing a loss function
defined as the combination of the mean cross entropy (mce) and the mean Dice
coefficients (dce) between the ground truth class probabilities and the network
estimates:

X  −1 X
ce =
yik log(pki )
(2)
n i
k

yik

pki

where
and
represent respectively the ground truth probability and the
network estimate for the class k at location i.
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P

2 i pki yik
1
P k
P k
.
1.0 −
n
i (yi )
i (pi ) +

7

(3)

Note that we exclude the background class for the computation of the dice coefficient. The network is implemented using Microsoft CNTK 1 . We use stochastic gradient descent with momentum to train the network. We use a decaying
cyclic learning rate where the learning rate varies from 0.0002 to 0.00005. An
example of the evolution of the accuracy and the learning rate is illustrated in
figure 7. We train the network for 160 epochs. A full epoch consists in analyzing
all images of the BRATS training data set and extract 20 2D random samples
from the 3D MR volumes.

Fig. 7: Network training. Illustration of the cyclic learning rate schedule (top). Evolution of the sum of the dice coefficients of the three classes during training (bottom).

2.3

Testing

Segmentation results are obtained by evaluating the network along slices extracted from the three anatomical orientations and averaging the results. A segmentation map is then obtained by assigning to each voxel the label having the
maximum probability among the three classes: tumor, tumor core or enhancing
tumor. Finally connected components composed of less than 100 voxels are removed.
1

https://www.microsoft.com/en-us/cognitive-toolkit/
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Results

Fig. 8: Segmentation result obtained on a image of the training data.

We uploaded our segmentation results to the BRATS 2018 server 2 which
evaluates the segmentation and provides quantitative measurements in terms of
Dice scores, sensitivity, specificity and Hausdorff distances of enhanced tumor
core, whole tumor, and tumor core. Results of the BRATS 2018 validation phase
are presented in Table 1.

Mean M1
Mean M2
StdDev M1
StdDev M2
Median M1
Median M2
25 quantile M1
25 quantile M2
75 quantile M1
75 quantile M2

Dice ET Dice WT Dice TC Dist. ET Dist. WT Dist. TC
0.768
0.892
0.815
3.85
4.85
7.56
0.778 0.881
0.845 2.95
4.37
6.62
0.241
0.065
0.187
5.43
4.28
12.56
0.223 0.104
0.130 3.35
3.27
12.21
0.849 0.905
0.889 2.23
3.67
3.74
0.845
0.909
0.887
2
3.60
3.60
0.792 0.881
0.758
1.68
2.23
2
0.785
0.877
0.787 1.41
2.23
2
0.888 0.933
0.930 3.16
5.65
8.71
0.888 0.932
0.930 2.82
5.09
5.83

Table 1: BRATS 2017 Validation scores, dice coefficients and the 95% Hausdorff
distances. Our results corresponds to the team name ”stryker”. (M1) results
corresponds to the precoder approach, (M2) corresponds to the direct use of a
fixed pretrained DenseNet-121.
2

https://www.cbica.upenn.edu/BraTS18/lboardValidation.html
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Discussion

The validation results obtained on the BRATS segmentation challenge show that
the proposed approaches are indeed efficient. Despite the fact that the used encoder has been trained on natural color images, it turns out that the learned
features can be leveraged for a large class of applications including segmentation
of images having different dimensionality and content. The two approaches produce comparable results and have both advantages and drawbacks. The model
(M1) is more versatile since it can use any number of input modalities (channels)
and any number of spatial dimensions. However current experiments shows that
the model (M2), despite its simplicity, produces slightly better results.

5

Conclusion

We have studied an extreme version of transfer learning by using a fixed pretrained network trained on 2D color images for segmenting 3D multi modal
medical images. We have presented two simple approaches for leveraging pretrained networks in order to perform automatic brain tumor segmentation. We
obtained competitive scores on the BRATS 2018 segmentation challenge 3 . Future work will concentrate on several possible improvements by additionally fine
tuning the pre-trained encoder and making use of extensive image augmentation.
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Abstract. Every year, about 238,000 patients are diagnosed with brain
tumors in the world. Accurate and robust segmentation of brain tumor can provide quantitative characterization of tumor sub-region, thus
it is important for diagnosis, treatment planning and outcome prediction. While manual segmentation is time consuming and error-prone, we
present an automatic framework for brain tumor segmentation and survival prediction here. For segmentation, we propose a novel convolutional
neural network (CNN) architecture that incorporates multi-view fusion,
multi-scale prediction as well as skip connection. In addition, we refine
the result using dense Conditional Random Fields as post-processing
step. For survival prediction, we extract 3394 radiomic features from
segmented brain tumor sub-regions and perform LASSO for feature selection, then we utilize Ridge regression to predict overall survival. Our
automatic framework for brain tumor segmentation achieves average Dice
scores of 0.75081, 0.86494, 0.71968 for enhancing tumor core, whole tumor and tumor core, respectively on BraTS validation set. It also achieves
competitive result for survival predication.
Keywords: Brain tumor segmentation · Survival prediction · 3D CNN
· Deep learning.

1

Introduction

Brain tumor is cancerous or noncancerous mass or growth of abnormal cells
in the brain, malignant brain tumor is one of the most aggressive and fatal
tumors. Originated in the glial cells, gliomas are the most common brain tumors. [5] Depending on the pathologic evaluation of the tumor, gliomas can
be categorized into glioblastoma (GBM/HGG) and lower grade glioma (LGG).
Gliomas contain various heterogeneous histological sub-regions, including peritumoral edema, necrotic core, enhancing and non-enhancing tumor core. Magnetic resonance imaging (MRI) is commonly used in radiology to portray the
phenotype and intrinsic heterogeneity of gliomas, since multimodal MRI scans,
such as T1-weighted, contrast enhanced T1-weighted (T1c), T2-weighted and
Fluid Attenuation Inversion Recovery (FLAIR) images, provide complementary
profiles for different sub-regions of gliomas. For example, the enhancing tumor
sub-region is described by areas that show hyper-intensity in T1Gd scan when
compared to T1 scan.
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Accurate and robust segmentation of gliomas in pre-operative MRI scans,
conventionally done by expert board-certified neuroradiologists, can provide
quantitative morphological characterization and measurement of gliomas subregions. This quantitative analysis has great potential for diagnosis and research,
as it can be used for grade assessment of gliomas and planning of treatment
strategies. But this task is challenging due to the high variance in appearance
and shape, ambiguous boundaries and imaging artifacts. Until now, automatic
segmentation of brain tumors in multimodal MRI scans is still one of the most
difficult tasks in medical image analysis.
In recent years, deep convolutional neural networks (CNNs) have achieved
great success in the field of computer vision. Inspired by the biological structure of visual cortex, CNNs are artificial neural networks with multiple hidden
convolutional layers between the input and output layers. They have non-linear
property and are capable of extracting higher level representative features. CNNs
have been applied into a wide range of fields and achieved state-of-the-art performance on tasks such as image recognition, instance detection, and semantic
segmentation.
In this paper, we present a novel deep-learning based framework to segment
brain tumor and its sub-region from MRI scans, as well as to perform survival
prediction based on the segmented tumor sub-regions. Our automatic framework for brain tumor segmentation and survival prediction achieves excellent
performance on BraTS dataset.

2
2.1

Related work
Early methods for brain tumor segmentation

To date, many automatic methods have been developed for brain tumor segmentation. Most of early reported methods are based on extracting features that
represent different tissue or by registration to an anatomical template. Prastawa
et al. [16] proposed a method that segment brain tumors simultaneously with
the detection of edema. Gooya et al. [6] presented an approach for joint segmentation and deformable registration of brain scans of glioma patients to a
normal atlas. Although these traditional segmentation methods achieve acceptable performances, new trend of deep-learning based brain tumor segmentation
techniques are also emerging with the state-of-the-art results.
2.2

Deep-learning based methods for brain tumor segmentation

With the advancement of deep learning in recent years, many methods based on
convolutional neural network have been developed for brain tumor segmentation.
These methods generally adopt an end-to-end structure and perform pixelwise
prediction. Kamnitsas et al. [12] presented a method to ensemble different models and architectures for robust performance through combination of predictions
from different methods. Wang et al. [21] developed a cascaded approach to decompose the multi-class segmentation problem into a sequence of three binary
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segmentation problems according to the hierarchy of glioma sub-region. Isensee
et al. [11] developed a model based on U-Net [17] structure for brain tumor segmentation. These methods achieve current state-of-the-art result for brain tumor
segmentation.

3
3.1

Methodology
Brain tumor segmentation

Data preprocessing Since the intensity value of MRI is dependent on the
imaging protocols and scanners used, we applied intensity normalization to reduce the bias in imaging. More specifically, the intensity value of each MRI is
subtracted the mean and divided by the standard deviation of the brain region.
In order to reduce overfitting, we applied random flipping and random gaussian
noise to augment the training set.
Network architecture In order to perform accurate and robust brain tumor
segmentation, we designed the network architecture by incorporating multi-view
fusion, multiple-scale prediction as well as skip connection. In addition, the segmentation probability map is post-processed by dense CRF [14]. The overall
structure of our network is depicted as follows:

Fig. 1. Architecture overview

The general structure of our proposed network is adapted from the U-Net [17],
one of the most commonly used networks in semantic segmentation. Our network is composed of a contracting part and expanding part. The contracting
part is used to capture context and encode deep level features, it contains six
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residual Inception modules which will be described later, and two downsampling
layers, which are used to reduce the number of parameters in network and computational cost. The expanding part is used to restore details and produce the
segmentation probability map the same size as the input image, it contains nine
residual Inception modules and two upsampling layers. Since deep features in
the network encode the abstract overall representations of input, while shallow
features have higher resolution and can be used to precisely localize the structures of interest. We also introduce skip connections to integrate both high-level
and low-level features. Since features extracted by deep layer encode abstract
infomation about the structure while shallow level features have higher resolution, we adopt a multi-scale approach to combine features from different levels
together, as illustrated in the figure above.
The structure of residual Inception module used in our network is illustrated
as follows:

Fig. 2. Structure of residual Inception module

The residual Inception module is the basic building block of our proposed
network. Inspired by Inception modules presented by Szegedy et al. [19], our
proposed residual Inception module is composed of three 3D convolutional pathways, each with different filter size thus they have different receptive field. After
convolution, their results will be concatenated, and a convolutional layer is utilized to integrate the results from three pathways as output. This structure
enables the network to automatically select the optimal receptive field. In order
to achieve effective training, we also introduce residual connections to each residual Inception module, which directly add the input of residual Inception module
to the output, bypassing the parameterized layers in a network. This identity
mapping connection can make information propagation smooth and enable the
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training of deeper networks. [8] Batch normalization [10] and exponential linear
units [4] are also used to speed up learning.
Multi-view fusion and dense CRF refinement 3D contextual information
can be used in complementary to reduce false-positive in brain tumor segmentation, we train the network in axial, sagittal and coronal views respectively. Then
we fuse the segmentation results from these three views to get the final segmentation during testing time. More specifically, we average the softmax outputs in
these three views for fusion. After segmentation, the result is further refined using dense CRF as post-processing step. CNNs tend to predict similar values for
spatially near voxels because they share substantial spatial context. In addition,
artifact in imaging and noise may cause CNNs to predict false positive isolated
tumor regions. [13] Thus, we incorporate dense CRF to improve the performance
of segmentation.
For an input image I and the label segmentation z, denote P (zi |I) as the
tumor probability reported by CNN for voxel i, we can have the Gibbs energy
in a CRF model:
X
X
E(z) =
ψu (zi )+
ψp (zi , zj )
(1)
i

ij,i6=j

where the unary potential ψu (zi ) = − log P (zi |I), while the pairwise potential
ψp (zi , zj ) = µ(zi , zj )k(fi , fj ) for between any pair of voxels, in which fi and fj
are feature vectors of the pair of voxels.
Loss function We found that the brain tumor segmentation is a highly imbalanced problem. for example, there are 166 times as much background voxels as
enhancing tumor voxels in the BraTS 2018 dataset [1–3, 15]. In order to address
this class imbalance, we utilized the Generalised Dice overlap proposed by Sudre
et al. [18] as the loss function. It is defined as:
P2

P
ωl n rln pln
GDL = 1 − 2 P2
P
l=1 ωl
n rln + pln
l=1

(2)

where rn represents the voxel values of reference foreground segmentation
and pn represents the predicted probabilistic map for the foreground label.
3.2

Prediction of patient overall survival (OS)

In order to achieve accurate and robust prediction on patient’s overall survival,
we extract radiomic features from different tumor’s sub-regions based on segmentation result. Then we use LASSO [20] to select a subset of relevant features
and reduce overfitting. Finally, we utilize ridge regression [9] to build prediction
model based on selected features. This task is difficult because we only have patient’s imaging data and age without any knowledge about patient’s treatment.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

452 of 578

6

Sun et al.

Feature extraction Quantitative phenotypic features from MRI scans can reveal the characteristics of brain tumors. The feature types we extracted include
16 shape descriptors and features extracted from original and derived images
(LoG with 5 sigma levels, 1 level of Wavelet decompositions yielding 8 derived
images and images derived using Square, Square Root, Logarithm and Exponential filters) using the PyRadiomics toolbox. [7] Moreover, we extract features for
three kinds of segmented brain tumor sub-region, including non-enhancing tumor
core, peritumoral edema and GD-enhancing tumor respectively. Since enhancing
tumor sub-region is described by areas that show hyper-intensity in T1Gd scan
when compared to corresponding T1 scan, we extract enhancing tumor related
features from segmented sub-region of T1Gd scan. Similarly, since the appearance of the necrotic and the non-enhancing tumor core is typically hypo-intense
in T1-Gd when compared to T1, we extract necrotic and the non-enhancing tumor related features from segmented sub-region of T1Gd scan. In addition, since
peritumoral edema is typically depicted by hyper-intense signal in FLAIR, we
extract enhancing tumor related features from segmented sub-region of FLAIR
scan. In total, we extracted 3394 radiomic features plus the age of patient. The
values of these features were normalized by removing the mean and scaling to
unit variance.
Feature selection and survival prediction In order to remove the redundant
or irrelevant features we extracted, as well as to reduce overfitting in model, we
applied least absolute shrinkage and selection operator (LASSO) [20] to select a
subset of features that have the most predictive power. It was put forwarded by
Tibshirani et al. to perform parameter estimation and variable selection simultaneously in regression. LASSO minimizes the absolute sum of the coefficients
with L1 regularization. The LASSO is defined by
)
(
p
N
X
1 X
2
T
(yi − β0 − xi β)
subject to
|βj | ≤ t.
(3)
min
β0 ,β
N i=1
j=1
We applied feature selection by LASSO regression. More specifically, we remove the features whose weights in cost function are less than 0.1. After filtering,
we ended up in 157 features. These features were feed into Ridge regression [9]
for survival prediction.

4
4.1

Experiments
Dataset

We utilize the BraTS 2018 dataset [1–3, 15] to evaluate the performance of our
methods. The training set contains images from 285 patients, including 210 HGG
and 75 LGG. The BraTS 2018 validation set contains MRI scans from 66 patients with brain tumors of unknown grade. Each patient was scanned with four
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sequences: T1, T1c, T2 and FLAIR. All the images were skull-striped and resampled to an isotropic 1mm3 resolution, and the four sequences of the same
patient had been co-registered. The ground truth was obtained by manual segmentation results given by experts. Segmentation annotations comprise of the
following tumor subtypes: Necrotic/non-enhancing tumor (NCR), peritumoral
edema (ED), and Gd-enhancing tumor (ET). Resection status and patient age
are also provided. The overall survival (OS) data, defined in days are also included in training set.
4.2

Segmentation result

We train the model using the BraTS 2018 dataset and methods mentioned above.
Then we applied the trained model to the BraTS 2018 validation set. The predicted segmentation labels are uploaded to the CBICA’s Image Processing Portal
(IPP) for evaluation. The evaluation result of segmentation on training set and
validation set are listed as follows:
Table 1. Segmentation evaluation result

4.3

Phase

Training Validation

Dice ET
Dice WT
Dice TC
Sensitivity ET
Sensitivity WT
Sensitivity TC
Specificity ET
Specificity WT
Specificity TC

0.77616
0.85711
0.79446
0.76425
0.88202
0.81931
0.998
0.991
0.996

0.75081
0.86494
0.71968
0.78154
0.90872
0.74837
0.998
0.99144
0.99656

Survival prediction result

Based on the segmentation result of brain tumor sub-regions, we extract features
from brain tumor sub-regions segmented from MRI scans and trained the survival
prediction model as described above. Then we use the model to predict patient’s
overall survival on validation set. The evaluation result is listed as follows:
Table 2. Survival prediction evaluation result
Phase
Validation

mean squared error median squared error
199476.283

107752.542
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Implementation details

To implement the algorithm, we use Tensorflow framework and a NVIDIA M40
GPU accelerator. We use stochastic gradient descent optimizer with momentum
0.9, and set initial learning rate to 0.001. We also set the batch size to 3 for
training.

5

Conclusion

In this paper, we present an automatic framework for brain tumor segmentation
and survival prediction. Our proposed network architecture for segmentation incorporates multi-view fusion, multi-scale prediction as well as skip connection.
In addition, we refine the segmentation result using dense CRF. For survival
prediction, we extract the radiomic features from the segmented brain tumor
sub-regions. Then we remove irreverent and redundant features by LASSO, and
finally perform survival prediction using Ridge regression. Our automatic framework for brain tumor segmentation and survival prediction achieves excellent
performance on BraTS 2018 challenge. In the future, we will explore different
network architecture and training strategy to further improve our result. We will
also design new features and optimize our feature selection methods for survival
prediction.
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Abstract. End-to-end deep learning for regression tasks on medical
imaging data shows promising results. We evaluate 3D-Convolutional
Neural Networks (CNNs) and classical regression methods with handcrafted features for survival regression of patients with high grade brain
tumors. The tested 3D-CNNs for regression showed promising but unstable results, but were outperformed by linear regression using 16 radiomic
features. Among the neural network methods, a multi-layer perceptron
(MLP) performed best. The accuracy of linear regression on the BraTS
validation set was 0.571, while the MLP reached 0. 515. If the same
CNNs architectures are used for classification instead of regression, we
get a comparable accuracy on our validation data split, but again with
unstable results between training epochs. A CNN combined with age
and resection status information reached an accuracy of 0.515 on our
validation split, followed by a k-Nearest-Neighbor regressor with 0.424.
More training data is necessary for a stable performance of a CNN model
for direct regression from MR images.
Keywords: Brain tumor · Survival prediction · Regression · 3D-CNNs

1

Introduction

High-grade gliomas are the most frequent primary brain tumors in humans. Due
to their rapid growth and infiltrative nature, the prognosis for patients with
gliomas ranking at grade III or IV on the WHO grading scheme [13] is very
poor, with a median survival time of only 14 months. Finding biomarkers based
on Magnetic Resonance (MR) imaging data could lead to an improved disease
progression monitoring and support clinicians in treatment decision-making.
The progress in the fields of automated tumor segmentation and radiomics
have led to many different approaches to predict the survival time of high-grade
glioma patients. The introduction of the survival prediction task in the BraTS
challenge 2017 [14] makes a direct performance comparison possible.
The current state of the art approaches can roughly be classified into
1. Classical radiomics: Extracting intensity features and/or shape properties
from segmentations and use regression techniques such as Random Forest
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(RF) regression [5], Logistic regression, or sparsity enforcing methods such
as LASSO [17].
2. Deep features: Neural networks are used to extract features, which are subsequently fed into a classical regression method such as Logistic Regression. [6]
and Support Vector and Regression (SVR) [10].
3. A combination thereof (e.g., [11]).
4. End-to-end survival regression from MR data using neural networks with or
without additional non-imaging input (e.g. [12]).
Predicting the survival from pre-treatment MR data is inherently difficult,
due to the high impact of the extent of resection (e.g., [16]) and response of the
patient to chemo- and radiation therapy.
To be able to benchmark new approaches against established techniques,
we present experiments ranging from simple linear models to end-to-end 3DConvolutional Neural Networks (CNNs) and combinations of classical radiomics
with Deep Learning. We believe that a thorough comparison and discussion will
provide a good baseline for future investigations of survival prediction tasks.
We only present experiments for the survival prediction challenge and rely
on an established tumor segmentation method (see below).
Experiments with 3D-CNNs for end-to-end regression confirmed observations
made by other groups in last year’s competition (e.g. [12]), that these models
tend to converge and overfit extremely fast on the training set, but show poor
generalization when tested on the hold-out samples. The relatively few samples
to learn from may be the reason that the top-ranked methods from last year’s
competition used techniques that perform better with sparse training data, such
as Random Forest regression, with fewer learnable parameters compared to a
3D-CNN.

2
2.1

Methods
Data

The provided training and validation datasets for the survival prediction task
consist of 163 and 53 subjects, respectively. A data point (i.e. subject) contains
imaging and clinical data.
The imaging data comprises the four standard magnetic resonance image
(MRI) sequences (T1-weighted (T1), T1-weighted post-contrast (T1c), T2-weighted,
T2 fluid-attenuated inversion-recovery (FLAIR)). All images in the datasets are
resampled to istotropic voxel size (1×1×1 mm3 ), size-adapted to 240×240×155
mm3 , and skull-stripped. Moreover, the sequences are co-registered.
The clinical data comprises a subject’s age and resection status. The three
possible resection statuses are: (a) gross total resection (GTR), (b) subtotal
resection (STR), and (c) not available (NA).
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Survival Features

Segmentation We rely on brain tumor segmentations for the experiments that
use traditional survival features. In the validation and testing dataset, the segmentation is not provided due to overlap with the data of the BraTS18 segmentation task. To obtain the required segmentations, we thus employ the method
presented by Wang et al. [18]. Their method is publicly available1 and contains
models pre-trained on the BraTS17 [2–4] training dataset. This dataset is identical to the BraTS18 [2–4] training dataset which enables us to compute the
segmentations with the available pre-trained models without retraining a new
segmentation network.
Feature Extraction We extract 4465 survival features from the computed
segmentation together with the four sequences (i.e., T1, T1c, T2, FLAIR). A
majority of the features (4451 out of 4465) are obtained by the open-source pyradiomics 2 python package [8] and include various shape, gray-level, gray-tone, and
first-order intensity features for all tumor sub-compartments (i.e., enhancing tumor, edema, necrosis with non-enhancing tumor) and different image types (i.e.,
original, Laplacian of Gaussian). The remaining features consist of 12 additional
enhancing tumor shape features previously used as predictors for survival [9,15].
These features are the rim with of the enhancing tumor, geometric heterogeneity,
and combinations of rim width quartiles.
By adding the two provided clinical features (i.e., resection status, age) to
the extracted features, the features count sums to 4465.
Feature Selection Since the number of features is much higher than the available samples, a subset of features is used. Apart from being necessary for many
machine learning methods, a reduction of the feature space improves the interpretability of possible markers regarding survival. Based on a step wise forward/backward selection [7] with a linear model, we selected the feature set
listed in table 1.
2.3

Analyzed Survival Prediction Methods

To have an ample choice of approaches to benchmark, we investigated both
classical radiomic models with hand-crafted features, end-to-end CNNs, and a
combination thereof.
3D-CNNs Two different CNNs were built for the survival regression task (see
figure 1). CNN1 consists of three convolutional layers with decreasing kernel sizes
with intermediary max-pooling, followed by fully-connected layers connected to
the single value regression target. For a combination with hand-crafted features
1
2

https://github.com/taigw/brats17
https://github.com/Radiomics/pyradiomics
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Table 1. Reduced Feature Set with Sequence (Seq.) and Tumor Compartments.
Seq.
Feature
Contrast-enhancing tumor
T1c
log-sigma-3-0-mm-3D gldm DependenceNonUniformity
T2
original gldm HighGrayLevelEmphasis
T2
log-sigma-1-0-mm-3Dg lcmC orrelation
Flair
log-sigma-1-0-mm-3D glszm SmallAreaLowGrayLevelEmphasis
T1c
log-sigma-5-0-mm-3D glcm ClusterShade
Edema
T1c
log-sigma-3-0-mm-3D gldm DependenceNonUniformity
T2
original gldm HighGrayLevelEmphasis
T2
log-sigma-1-0-mm-3D glcmC orrelation
Flair
log-sigma-1-0-mm-3D glszm SmallAreaLowGrayLevelEmphasis
T1c
log-sigma-5-0-mm-3D glcm ClusterShade
Necrosis and non-enhancing tumor
T1c
log-sigma-3-0-mm-3D gldm DependenceNonUniformity
T2
original gldm HighGrayLevelEmphasis
T2
log-sigma-1-0-mm-3D glcm Correlation
Flair
log-sigma-1-0-mm-3D glszm SmallAreaLowGrayLevelEmphasis
T1c
log-sigma-5-0-mm-3D glcm ClusterShade
Subject Information
Age

or demographic information, features may be appended to the first fully connected layer.
CNN2 consist of five blocks with an increasing number of filters, each block
has two convolutional layers and a max pooling operation. These blocks are
again connected to two fully connected layers in front of the output.
With the four MR sequences and the segmentation labels, five channels were
used at the input of the networks.
FeatNet The third neural network approach is a multi-layer perceptron (MLP).
This experiment was motivated by (a) enforcing sparsity regarding features if fed
the full hand-crafted feature vector and (b) to test the performance of a model
with much fewer parameters compared to CNN1 and CNN2 if a feature subset
is used.
Regression Methods With Hand-Crafted Features Since the number of
samples is relatively low, we included the following methods
–
–
–
–

Linear Regression
Random Forest Regression
k-Nearest-Neighbor Regression (kNN) [1]
Support Vector Regression (SVR)
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For a subset of methods, a direct classification alongside the regression was
tested. Since the performance on the BraTS validation set can only be assessed
through a regression result, these classifiers were only evaluated on our validation
split on the training data.

Fig. 1. The CNNs and MLP used for survival regression. In the experiment where
CNN1 was used for classification, three outputs with a softmax operation was used
instead of the single output value for regression.

2.4

Evaluation

All presented methods were evaluated on a split of the training data of 33 subjects, and on the BraTS validation set. For the CNNs, Spearman’s Rank coefficient was used on our validation set as a model selection criterion during
training. The regression output was subsequently thresholded to classify each
subject as short, medium or long survivor, with survival times of less than ten,
between ten and 15, and longer than 15 months respectively.
The evaluation on the BraTS validation data is performed only on the subset
of subjects with resection status GTR (28 out of the 53 validation subjects).
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Preliminary Results
Regression

The two convolutional neural networks overfit very fast on the training data,
and showed highly variable performance between epochs. Model selection during training was therefore a challenge, since the accuracy and Spearman’s rank
coefficient were very unstable as well. The best accuracy of CNN2 on our validation split could not be replicated on the BraTS validation set, where it performed
poorly with an accuracy of 0.37. CNN1 showed worse results on our validation
split than the deeper CNN2, but performed better on the BraTS validation
data. Adding age and resection status to the fully connected layer led to a faster
convergence during training, but not to a better final accuracy. Including handcrafted features showed lower accuracy in preliminary experiments.
The MLP ”FeatNet” with the top 16 radiomic features as input reached the
highest accuracy on the BraTS validation set among the neural network models.
Linear regression performed best over all tested methods on the BraTS validation data when the top 16 features were used.

3.2

Direct Classification

Of the tested direct classification methods, CNN1 reached the highes accuracy
of 0.515 on our validation split, followed with 0.424 by a kNN Classifier using
the top four features.
For this seemingly easier task, no higher or more stable accuracy could be
achieved.

4

Conclusions

More data would be needed to fully benefit from direct survival estimation with
3D-CNNs. When inspecting the filters of CNN1 and CNN2, most of the learning
seems to take place at the fully connected layers. The fast overfitting of the CNN
models led to a poor performance on unseen data.
Using classical regression techniques with hand-crafted features has the advantage of better interpretability. Models with fewer learnable parameters, such
as the classical regression methods tested and FeatNet achieve more robust results on unseen data when only few training samples are available.
A robust stopping criterion during training with a small validation set poses
a challenge.
More research should go into the combination of deep features and classical hand-crafted features. We expect the performance of survival regression on
pre-resection MR data to reach a clincally possible limit, since no treatment
information is available.
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Validation on 33 subjects
split from training data
Acc. MSE / days2
rS

Method

Regression
Lin. Reg. (top 16 features) 0.333
Random Forest Reg.
0.394
kNN Regressor (top 16 0.303
features)
SVR (top 4 features)
0.303
FeatNet (top 16 features) 0.515
FeatNet (all features)
0.364
CNN1
0.424
CNN1 with age & resec- 0.394
tion status
CNN2
0.515
Classification
Random Forest Cl.
0.364
kNN Classifier (top 4 fea- 0.424
tures)
CNN1 Classifier with age 0.515
& resection status

5

7

BraTS Validation Set
Acc.

MSE / days2

rS

49372
101287
63542

0.3845 0.571
0.199 0.357
-0.021
0.5

99370
152130
104923

0.251
0.082
0.17

63542
29916
50050
56496
61798

-0.021
0.5
0.353 0.536
0.2684 0.429
0.235 0.394
-0.194 0.444

104923
114850
103878
157617
137912

0.17
0.19
0.153
-0.112
-0.005

50598

0.298

0.37

172821

0.104

-

-

-

-

-

-

-

-

-

-
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End-to-End Cascade Network for 3D Brain
Tumor Segmentation in MICCAI 2018 BraTS
Challenge
Kuan-Lun, Tseng1 , Winston Hsu1
National Taiwan University

Abstract. In this paper we present our solution for brain tumor segmentation in MICCAI 2018 BraTS data set. We handle the imbalance
problem with cascade model architecture and further use focal loss to focus on difficult region. The preliminary results in validation data shows
great potential.
Keywords: Brain Tumor Segmentation · Image Segmentation · Convolutional Neural Network

1

Introduction

Brain tumor segmentation is a challenging task in biomedical image research
field. Recently, deep learning based on convolutional neural network achieved
huge success. Since fully convolutional networks like FCN [11] and UNet [15] was
proposed, basically all the top performing methods adopted similar architecture
design.
Inspired by [17] and [9], we use 3D convolutional network with a cascade and
multi-stage framework to alleviate class imbalance which is the main difficulty
in brain tumor segmentation. We used the three stages for segmenting whole,
core and enhancing tumor region into one cascade structure. In this way, the
later stage network can focus on learning difficult area.
This cascade framework for semantic segmentation was originally proposed
by [9] but they use difficulty to separate stage2 while we use the structure of the
tumor. 3D convolutional network can aggregate depth information directly but
the memory consumption is too high. To directly combine three network and
maintain the necessary network capacity can caused significant memory usage.
To alleviate this problem, we use anisotropic convolutional network suggested
by [17].
With the observation in [9], the difficulty in each voxel is different and learning those difficult voxels is important to improve semantic segmentation result.
In brain tumor segmentation, the healthy tissue and background take more than
80% of the volume which can be easily classified while the contour of core and
enhancing tumor is much harder. Since we choose to use tumor structure instead of difficulty to separate the cascade layer, we opt to use loss function to
address this problem. We use binary focal loss [10] in all stages to down weighted
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easy examples. In the following, we describe related research and our method in
detail.

2

Related Work

Havaei et al. [4] use 2D convolutional neural network with a multi-scale architecture by combining features from different patch resolution. In this way, both
local features as well as more global contextual features can be learned despite
the input patch size is small. In addition, they also explore a cascade architecture in which the output of a first network is treated as input for subsequent
networks. Pereira et al. [14] use more small kernel size instead of one large kernel to increase effective receptive field which is a common choice in modern
CNN architecture. They further boost the performance by using two networks
training on high grade glioma (HGG) and low grade glioma (LGG) separately
because the two types of glioma are different in nature and the training cases
is imbalance. Kamnitsas et al.[6] use 3D CNN and training with 3D patches to
achieve high efficiency. Two parallel pathways with small 3D kernel and residual
connection that take down-sampled context as input to avoid to computation
on large 3D volumes at full resolution. They also developed 3D version of fully
connected CRF [8] as post-processing to improve segmentation result. Milletari
et al. [13] proposed dice loss to better handle the class imbalance. Dice loss and
its variant is commonly used in biomedical segmentation task such as [5] [16].
Triple Cascaded Framework [17] use three networks target for three different
regions where whole tumor, core tumor and enhancing tumor. Since tumor core
is contained in the whole tumor region and enhancing tumor is contained in core
region by definition, we can segment each part in a cascade manner. They also
trained three network for different orthogonal view and fuse them together to
better leveraging contextual information of 3D volume.

3
3.1

Method
Data

The BraTS challenge [12] [2] [3] [1] training dataset includes 210 different MRI
files from high grade glioma (HGG) and 75 MRIs from low grade glioma (LGG)
from 19 institutions. The MRI have four modalities for each patient which are
T1, T1 contrast, T2 and FLAIR. The annotation was annotated manually by
one to four raters and all segmentations were approved by expert raters. The
annotations separate the brain tumor into four different labels: Background and
healthy tissue, Non-Enhancing tumor, Edema and Enhancing tumor.
3.2

Data Preprocess

We crop the brain region inside the whole 3D volume and randomly crop the
tumor region to feed into the network. We normalize each modality of each case
individually, with the mean and standard deviation of the brain intensities.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

467 of 578

Title Suppressed Due to Excessive Length

3.3

3

Network Architecture

End-to-End Cascade Network Inspired By Triple Cascaded Framework [17]
and [9], We propose to use cascade framework but combine the three networks to
an end-to-end trainable architecture. The design of [17] has great advantages but
separate training is time-consuming and end-to-end training allows subsequent
networks to provide more information.
The three networks are trained together and produce three predictions and
uses three loss function to supervise (see Fig. 1). Each stage is responsible for
whole, core and enhancing region respectively.
The input for first stage are the patch cropped to the brain tissue bounding
box. The mask for first is also generated from the same bounding box. First
stage have two down sampling convolution layers with stride 2. Note that in
down-sampling layer we follow the same design choice as [17] which maintain
the stride of depth dimension to one. In the following stages, we maintain the
feature map resolution to preserve structure informations and used dilated convolution to increase effective receptive field instead as in [18] [17]. The prediction
is produced by two consecutive convolution transpose operations to restore the
original resolution (the green part in Fig.1).

Fig. 1. Our cascade model design. All the filter size is 32 and all convolution is 3D.
Each stage is an binary classification problem optimized with focal loss.

3.4

Focal Loss

Focal loss proposed by [10] is used in object detection to alleviate the imbalance
of positive and negative samples. The same idea can also apply to semantic
segmentation of brain tumor since most of the brain tissues are healthy and
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easy to be classified. The easy examples will occupy the total loss causing the
difficult examples such as enhancing tumor hard to learn. We penalize the easy
example which classified with very high probability as Equation. 1.

−(1 − y)γ log(y), if y = 1
F ocalLoss =
(1)
−y γ log(1 − y), if y = 0,

4
4.1

Experiment
Evaluation

We use the official online evaluation system to test our results. The evaluation
system separates the tumor structure into three regions due to practical clinical
applications.
– Whole Tumor (WT). It considers all tumor areas and evaluates all labels 1,
2, 4 (1 for non-enhancing core, 2 for edema and 4 for enhancing core).
– Tumor Core (TC). It only takes tumor core region into account and measures
the labels 1, 4.
– Enhancing Tumor (ET). It only measures label 4.
4.2

Metrics

Three Evaluation metrics are used for the above mentioned regions:
– Dice Coefficient. The Dice-Coefficient is the main metric and commonly
used in biomedical image segmentation. This measure states the similarity between prediction and annotations. It penalize false positive and false
negative.
2T P
(2)
Dice =
2T P + F N + F P
– Sensitivity and Specificity. Sensitivity indicates the ratio between correct
predicted voxels and true positive voxels. Specificity indicates the percentage of true negatives we predicted. These metrics can help us to determine
whether our method is over-segmenting or under-segmenting of the tumor
regions.
Sensitivity =

TP
TP + FN

and Specif icity =

TN
TN + FP

(3)

– Hausdorff Distance. Hausdorff distance measures how far two subsets (our
prediction and ground truth) of a metric space are from each other.


dH (A, B) = max sup inf d(a, b) sup inf d(a, b) .
(4)
a∈A b∈B

b∈B a∈A
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5

Baseline

We compare our method with 3D-Unet and the official release version of [17].
We build 3D-Unet with 2 down-sampling layer and 2 up-sampling layer which is
an popular design choice (see Fig. 2). We trained 3D-Unet with patch size 32 ×
128 × 128 and batch size 5. We use Adam optimizer [7] with learning rate 1e-3
for 30k iterations.

Fig. 2. 3D Unet baseline architecture. All the operations are 3D convolution. The
final prediction is obtained by convolving 1 × 1 × 1 kernel. 3D Unet directly output
multi-class prediction and optimized with multi-class dice loss [16].

For [17], we preserve the default parameters since the training and testing
data is similar.
4.4

Training

We first trained the three networks separately with learning rate 1e-3 for 30k
iterations with patch size 19 × 144 × 144. And then fine-tuned the whole network
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jointly for another 10k iterations. Noted that We use the focal loss parameter
gamma equals to 2 in all experiments (following [10]).
4.5

Results

We report our preliminary results on Brats2018 validation data. All training
data were used and without any post-processing (see Table.1). Unet3D is based
on our own implementation trained with Dice loss [13] as an baseline. We also
used the Cascade [17] with their official released code to train and test since it is
the most relevant work to ours. Our approach is fast to train and test although
the tumor core performance is worse than [17].
Table 1. Dice score evaluation results on Brats2018 validation data
Dice ET
Unet3D
0.76397
Cascade [17] 0.79627
Ours
0.79855

Dice WT
0.86799
0.90287
0.90498

Dice TC
0.78161
0.85425
0.80621

Table 2. Sensitivity evaluation results on Brats2018 validation data
Sensitivity ET Sensitivity WT Sensitivity TC
Unet3D
0.77773
0.92016
0.80491
Cascade [17] 0.81572
0.93049
0.85369
Ours
0.84031
0.91737
0.8351

Table 3. Specificity evaluation results on Brats2018 validation data
Specificity ET Specificity WT Specificity TC
Unet3D
0.99796
0.99295
0.99698
Cascade [17] 0.99807
0.99336
0.99785
Ours
0.99773
0.99442
0.99693

5

Conclusions

Following [17], we combined the three networks as one which achieve better
training efficiency. We further experimented focal loss function to better handle
the imbalance problem. Noted that [17] used multi-view ensemble and we are
not. We achieved similar results in whole and enhancing tumor region but not
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core region. Meaning that out model cannot separate edema with core tissue well.
One possible solution is to increase the receptive field of second stage network
since that in [17], the network for core region uses more dilation operations.
Another possibility is that our network is over-fitting since the total training
iterations are more than [17] (joint training plus separate training). With the
preliminary results, we will further investigate the better training strategy and
parameter tuning to verity our assumption.
In this paper, we have presented preliminary results in the Brats2018 Validation set which shows great efficiency and achieve competitive results.
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Abstract. The extraction of brain tumor tissues in 3D Brain Magnetic
Resonance Imaging plays an important role in diagnosis gliomas. In this paper,
we use clinical data to develop an approach to segment Enhancing Tumor,
Tumor Core, and Whole Tumor which are the sub-regions of glioma. Our
method starts with Bit-plane to get the most significant and least significant bits
which can cluster and generate more images. And then, U-NET, a popular CNN
model for object segmentation, is applied to segment all of the glioma regions.
In the process, U-NET is implemented by multiple kernels to acquire more
accurate results. We evaluated the proposed method with the database BRATS
challenge in 2018. Without using additional data, on validation data, our method achieves a performance of 82%, 68% and 70% Dice scores for the whole
tumor, enhancing tumor and tumor core, respectively
Keywords: 3D Brain Magnetic Resonance Imaging, Brain Tumor, Bit-plane,
2D U-Net, CNN, BRATS challenge in 2018

1

Introduction

Accurate extraction of brain tumor types plays an important role in diagnosis and
treatment planning. Neuro-imaging methods in Magnetic Resonance Imaging (MRI)
provide anatomical and pathophysiological information about brain tumors and aid in
diagnosis, treatment planning and follow-up of patients. Manual segmentation of
brain tumor tissue is a difficult and time-consuming job. Therefore, brain tumor segmentation from 3D Brain MRI automatically will help doctors to overcome these
problems. Among many types of brain tumor, Gliomas are the most common primary
brain malignancies, with different degrees of aggressiveness, variable prognosis and
various heterogeneous histological sub-regions. In this paper, we focus on Enhancing
Tumor, Tumor Core, and Whole Tumor segmentation which are the sub-regions of
gliomas segmentation.
Segmentation of brain tumors in multimodal MRI scans is one of the most challenging tasks in medical image analysis. Currently, many automatic tumor segmentation methods have been proposed. Many of them use hand-designed features method
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and then given to the classifier. However, in recent years, Convolution Neural Networks (CNNs) which have been shown to excel learning a hierarchy task-adapted
complex feature are seen prominent success in image classification, object detection
and image semantic segmentation [1-3]. Many of the brain tumor segmentation methods based on CNNs or combining CNNs with traditional method are also proposed [46].
In this study, we combine the Bit-plane [7] and U-Net [8] method for tumor segmentation. First, we use Bit-plane to divide images into many images by determining
significant bits. Second, the images with the significant bits can be used to segment
the object boundary. Finally, original images and images with least significant bits
can be used to determine tissues inside the boundary. Both stages used the U-NET
with multiple kernels to segment the tissues more accurately.

2

Our method

Our method is illustrated in Figure 1. There are three main stages: Preprocess, Object boundary segmentation and Tissues segmentation. As shown in Figure 1, the first
U-NET predicts object boundary of the whole tumor and the other U-NET utilizes
features to predicts the label of all pixel inside the boundary.

Fig. 1. The overall of our proposed method for brain tumor segmentation

2.1

Preprocessing

The preprocessing is the necessary stage before any tissues segmentation. We implement three main steps
• Scale Rage: each individual 3D image is scaled to the range [0-255]
• Category Brain Slices: We group the slices which can contain the tumors
together to get the accuracy better. The implementation can be done au-
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tomatically by learning feature or set manually by omitting some first and
end slices. Here, we detect the tumor from slices 40-140
• Narrow Object Region: each 2D image can be cropped to implement deep
learning effectively. Here, we cropped the image size from (256,256) to
(176,176)
Majority of the volumes in the dataset were acquired along the axial plane and hence
had the highest resolution this plane. Therefore, all 3D brain MRI is transformed to
2D brain slices on axial slice extracted from all four sequences. After the preprocessing stage, all the 2D slices is from (155,256,256) to (100,176,176) with value
range (0-255)

2.2

Object Boundary Segmentation

The bit plane method [7] is based on decomposing a multilevel image into a series
of binary images. The intensities of an image are based on the Eq (1):
am-12m-1 + am-22m-2 + … + a121 + a020 (1)
We realize that the final plane contains the most significant bit. We eliminate the
last 6 bits to remove the noise and only used the first 2 bits to keep the significant data
to generate images for training to detect the object boundary. The U-NET method is
proposed to segment the boundary
U-NET is used to segment the background and the whole tumor by combining the
2D slices input and the image which contains 2 significant bits. Fig. 2 shows the results from an example of experiments in the samples of image scans on the real-time
data of the BraTS'18. The top and the second row of Fig. 1 are the original images,
from the left to the right: (a) FLAIR (b) T1 (c) T1ce and (d) T2). The last row is the
result for object boundary segmentation
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(a) FLAIR

(b) T1

(c) T1ce

(d) T2

(e) Tumor boundary
Fig. 2. The implementation results from an example of experiments on the real-time data of the
BraTS'18.
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2.3

Tissues segmentation

After segment the tumor boundary, we can extract different types of tumors inside
the boundary by using U-NET which is shown in Figure 3. The training data is the
data which is preprocessed from the first stage.

Fig. 3. U-net architecture (example of 32x32 pixels in the lowest resolution) [3]

To get the better results as shown in Figure 4, we have two main contributions to
enhance the segmentation:
• Another training data are the images with noises which are generated from the last
3 bits (the least significant bit).
• Implementing U-Net with multiple kernel size to get the better segmentation. Let
𝐾 = {(𝐾1 , (𝑎1 , 𝑏1 )), … , (𝐾𝑛 , (𝑎𝑛 , 𝑏𝑛 ))} is the set of n filters K with size (a, b). The
output of layer i is the merge of feature maps that the layer i generate ⋃𝑛𝑗=1 𝐾𝑗 .
Here, in the experiments, the numbers within each Conv block comprises of 2 sets
of convolutions by 3x3 kernels and 2 sets of convolutions by 3x5 kernel.
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(a) Ground truth

(b) Result segmentation in color

Fig. 4. The results from an example of brain tumor segmentation on the real-time data of the
BraTS'18.

3

Results

We use BraTS’2018 training data [4-7], consisting of 210 pre-operative MRI scans
of subjects with glioblastoma (HGG) and 75 scans of subjects with lower grade glioma (LGG). These multimodal scans describe a) native (T1) and b) post-contrast T1weighted (T1Gd), c) T2-weighted (T2), and d) T2 Fluid Attenuated Inversion Recovery (FLAIR) volumes and were acquired with different clinical protocols and various
scanners from multiple (n=19) institutions. Ground truth annotations comprise the
GD-enhancing tumor (ET — label 4), the peritumoral edema (ED — label 2), and the
necrotic and non-enhancing tumor core (NCR/NET — label 1)
Because the testing data has not been available, we only evaluate on the validation
data. In Table 1, we show the average performance for each label and score for all the
validation patients. Here, we only used the UNET with one kernel (3,3)
Table 1. Dice score, and Hausdorff distance for enhancing tumor (ET), whole tumor (WT) and
tumor core (TC).

Dice_ET

Dice_WT

Dice_TC

Hausdorff
ET

Hausdorff
WT

Hausdorff
TC

Mean

0.68252

0.81871

0.69986

7.01652

9.42113

12.46282

StdDev

0.28138

0.16968

0.2913

9.53618

9.74773

14.68491

Median

0.80902

0.88296

0.82567

2.82843

6.04138

6.16441

Label
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Expanding upon this evaluation scheme, we will also use the metrics of Sensitivity
and Specificity, allowing to determine potential over- or under-segmentations of the
tumor sub-regions by participating methods

Table 2. Sensitivity and Specificity for enhancing tumor (ET), whole tumor (WT) and tumor
core (TC).

Label

Sen_ET

Sen_WT

Sen_TC

Spec_ET

Speci_WT

Spec_TC

Mean

0.70254

0.77338

0.64729

0.99783

0.99525

0.99862

StdDev

0.25413

0.20257

0.30542

0.00403

0.00589

0.00197

Median

0.7804

0.83364

0.75828

0.9989

0.9967

0.99905

4

Conclusion

We observed that even in the medical image, the data which is generated from the
original data is a good approach for segmentation. In this paper, we propose using
Bit-plane to generate more image but still remains the significant features. Besides,
we also implement the U-NET with multiple kernels to get the better performance.
The result is evaluated without additional data and is shown with a promising performance.
Despite getting the good result, we need to process the boundary after the final
segmentation as the post-processing. Next, when we implement the data generation,
the combination with GAN is essential to get a better result
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Abstract. Fully convolutional neural network (CNN) based architectures have
demonstrated state-of-the-art results in image segmentation across a variety of
domains. The generalizability of these models to out of sample data, however,
is unknown. In the case of magnetic resonance imaging (MRI) data, where
acquisition protocols are heterogenous and results can vary significantly, the
ability of models to robustly generalize is critical. Capsule networks might be a
solution. In the present work, we compare the performance of Capsule Network
based segmentation to a standard fully convolutional neural network (SegNet).
Keywords: Capsule, CNN, SegCaps, SegNet.

1

Introduction

Semantic segmentation is one of the fundamental tasks of computer vision. Since the
development of Fully Convolutional Neural Networks (FCNN), FCNN based
approaches have become a mainstay of competitive results on numerous segmentation
challenges: MSCOCO, PASCAL-VOC, and BrATS. . Recently, Sabour et al.
proposed a new type of network architecture, the capsule network, comprised of
capsule layers rather than the standard convolution and maxpooling layers found
within standard CNN architectures [5]. Capsule layers, due to their ability to store
vector representations, in theory can account for translational and rotational variance
in features without resorting to maxpooling which necessitates information loss from
downsampling. In theory, capsule networks for semantic segmentation may be able to
yield superior results due to their preservation of granular information as well as their
ability to natively account for spatial variance. In the present paper, we explore and
compare the use of capsule networks for performing semantic segmentation on the
2018 BraTS dataset to a standard FCNN implementation (SegNet).
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2

Methods

2.1

Data

BraTS-2018 Dataset. The BraTS-2018 dataset is divided into two sets: training and
validation. The training dataset includes 210 high grade glioma (HGG) cases and 75
low grade glioma (LGG) cases. All cases in training set include four modalities: T1,
T1 contrast-enhanced, T2, FLAIR and segmentation label. In addition, segmentation
labeled in four rate 1, 2, 4, 0 are necrotic/non-enhancing (NCR/NET), peritumoral
edema (ED), enhancing tumor (ET) and otherwise, respectively. The union of the
label 1, 2 and 4 and label 1 and 4 are the whole tumor (WT) and tumor core (ET),
respectively. There are 66 cases without distinguish grading in validation dataset.
Every cases include the same four modalities but without segmentation label.
Preprocessing. We stack the same slice in four modalities into a tensor and this
tensor has four channels in order of T1, T1ce, T2 and FLAIR. The size of each input
tensor is 240x240x4. Before fitting our model, we convert label 4 to 3 then use
one-hot encoding on the segmentation label.
2.2

Model Architecture

SegNet. The architecture is first proposed by Vija et al. [7]. SegNet is a deep
convolution encoder-decoder neural network. In the encoder part, it's the topologically
same as the VGG16 [] but removing the fully connected layer so that makes the
SegNet smaller and easier to train. The key point of the Segnet is the decoder, its idea
was inspired by an architecture of unsupervised feature learning.
We modified some part of the architecture as shown in Fig. 1. In our network, the
encoder part consists 12 convolution layer. After every convolution layer, there are
batch normalized and an element-wise rectified-linear non-linearity (ReLU). And do
the max-pooling with a 2 × 2 window and stride 2 every three layers.
The decoder part is to upsample the input feature map by the memorized
max-pooling which is corresponding to the encoder part. Thus, it also consists 12
convolution layer. Finally, connects a softmax layer at the end of the SegNet to get
the probability of each label.
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Fig. 1. SegNet architecture.

SegCaps. The architecture is first proposed by Rodney LaLonde and Ulas Bagci [6].
It is based on the U-Net [12] architecture and add the idea of the capsule network.
SegCaps used less parameters than U-Net but have slightly improvement for lung
segmentation on LUNA16 dataset [8-11]. We extend the idea to make this network
capable to multi-label segmentation.
First, in the last two layers, we remove the limitation which only allows each pixel
has one capsule. Thus, we increase the capability of SegCaps, to make the last layer to
handle 4 capsule neurons and compute the length of each capsule neuron as our
segmentation result.
Second, We choose the union of the label 1, 2, and 4 in BraTS 2018, as the
reconstruction mask, that is, the net reconstruct the whole tumor as the regularization.
Third, we use the margin loss mentioned in (capsule net). we summarize the loss of
each capsule on each pixel and average the loss of each pixel.
(Deconv) Capsule Layer. Because convolution capsule layer has more one dimension
than traditional layer. Combine batch_size and capsules as batch_size, make the
convolution function also works on this convolution capsule layer. And then apply
capsule dynamic routing on this layer.
Loss Function. We use the weighted margin loss for segmentation. We calculate the
number of four labels in the training data and use its inverse as our weight on the
margin loss.
weighted margin loss =
2
2
meanpixel (Σcapsule i weighti (T i max(0, 0.9 − ||v i ||) + 0.5(1 − T i )max(0, ||v i || − 0.1) ))
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Fig. 2. SegCaps architecture.

2.3

Evaluation Metrics

There are three metrics used to evaluate the results.
Dice Score. The original formula is intended to be applied to binary data. Given two
sets, X and Y, it is defined as
Dice Score =

2|X ⋂Y |
|X|+|Y |

where |X| and |Y| are the cardinalities of the two sets. When this formula is applied to
our boolean data, it will be written as
Dice Score =

2T P
2T P +F P +F N

where TP, FP and FN are true positive, false positive and false negative respectively.
Hausdorff 95 Distance. To see the distance between each voxel inside the original
label image to the closest voxel inside the predictive label image, we use Hausdorff
distance and a more robust percentile (95%) rather than the max to avoid issues with
noisy segmentations.
Let X and Y be two non-empty subsets of a metric space (M, d), then the Hausdorff
distance dH (X, Y ) is defined as
dH (X, Y ) = max{supx ∈X inf y∈Y d(x, y ), supy∈Y inf x∈X d(x, y )}
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X, Y are the points on the boundary of the region. After computing all Hausdorff
distance between true label and predictive label in ET, WT and TC, we take the 95
percentile of the results as Hausdorff 95 result.
Sensitivity and Specificity. Sensitivity is also called true positive rate and defined as
S ensitivity =

TP
T P +F N

measures the proportion of actual positives that are correctly identified. Specificity is
also called true negative rate and defined as
S pecif icity =

TN
F P +T N

measures the proportion of actual negatives that are correctly identified.
3

Experiments and Results

We compared the models train by the HGG, LGG separately and the combination.
Then, use it to evaluate the performance on HGG and LGG. Fig.

T1

T1ce

T2

Flair

True

Prediction

Fig. 3. The results of combination SegNet. (Red: label 1, green: label 2 and blue: label 3)
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Table 1. Combination SegNet evaluations.

WT

Dice
TC

ET

Sensitivity
WT TC
ET

Specificity
WT TC
ET

Hausdorff
WT TC
ET

Mean

0.56

0.84

0.74

0.64

0.85

0.75

1

0.99

1

14.8

20.7

20.1

StdDev

0.25

0.11

0.22

0.23

0.15

0.25

0

0.01

0

24.9

27.8

27.3

Median

0.66

0.87

0.83

0.70

0.90

0.86

1

0.99

1

3.74

6.24

7.6

25 quantile

0.48

0.84

0.67

0.6

0.84

0.67

0.99

0.99

0.99

3

3.39

3.81

75 quantile

0.73

0.9

0.89

0.77

0.93

0.92

1

1

1

10.6

21.2

23.9

Table 2. Dice Score Comparison.
Training
Inputs
HGG
LGG
Combine

Type
HGG

SegNet Dice Score
WT
TC
ET
0.8135
0.7482
0.4949

LGG

0.6439

0.4770

0.5466

0

0

0.36

HGG

0.6038

0.3415

0.0170

0.0017

0.0043

0.0051

LGG

0.7517

0.7128

0.3721

0.0002

0.00002

0.3202

HGG

0.9660

0.9593

0.9032

6.3e-6

5.13e-6

0.024

LGG

0.8309

0.6028

0.2755

0.0221

0.0159

0.0074

WT
0

SegCaps Dice Score
TC
ET
0
0

SegNet achieves excellent scores across the board for segmenting HGG and LGG
with mean DICE scores over 0.9 for segmenting HGG (WT, TC, and ET) when
trained on a combined dataset.
4

Discussion and Conclusion

In SegNet, the dice score of LGG and ET are always low and the model of LGG will
lower the accuracy of the model of HGG. In SegCaps, the result is very terrible, and it
need to spend a lot of time to train this model, that is why it’s hard to get a descent
results. However, it’s interesting that the dice score of ET in HGG is higher than
others in HGG.

5
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6

Conclusion

6.1

A Subsection Sample

Please note that the first paragraph of a section or subsection is not indented. The first
paragraphs that follows a table, figure, equation etc. does not have an indent, either.
Subsequent paragraphs, however, are indented.
Sample Heading (Third Level). Only two levels of headings should be numbered.
Lower level headings remain unnumbered; they are formatted as run-in headings.
Sample Heading (Forth Level). The contribution should contain no more than four
levels of headings. The following Table 1 gives a summary of all heading levels.
Table 1. Table captions should be placed above the tables.

Heading level

Example

Font size and style

Title (centered)

Lecture Notes

14 point, bold

1 -level heading

1 Introduction

12 point, bold

2nd-level heading

2.1 Printing Area
Run-in Heading in Bold. Text follows
Lowest Level Heading. Text follows

10 point, bold

st

rd

3 -level heading
4th-level heading

10 point, bold
10 point, italic

Displayed equations are centered and set on a separate line.
x + y = z

(1)

Please try to avoid rasterized images for line-art diagrams and schemas. Whenever
possible, use vector graphics instead (see Fig. 1).
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Fig. 1. A figure caption is always placed below the illustration. Short captions are centered,
while long ones are justified. The macro button chooses the correct format automatically.

For citations of references, we prefer the use of square brackets and consecutive
numbers. Citations using labels or the author/year convention are also acceptable. The
following bibliography provides a sample reference list with entries for journal
articles [1], an LNCS chapter [2], a book [3], proceedings without editors [4], as well
as a URL [5].

Model

Data

HGG

HGG

LGG

HGG+LGG

Dice

Spec

Sens

Dice

Spec

Sens

Dice

Spec

Sence

Complete

0.8135

0.7745

0.8939

0.6439

0.5843

0.8654

0.7689

0.7244

0.8864

Core

0.7482

0.7680

0.7764

0.4770

0.4901

0.6668

0.6768

0.6949

0.7476

Enhance

0.4949

0.5466

0.5064

0.0958

0.2778

0.0923

0.3899

0.4759

0.3974

TABLE 1: Model train with HGG data and predict HGG, LGG, and HGG+LGG data
respectively.

Model
LGG

Data
HGG

LGG
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Dice

Spec

Sence

Dice

Spec

Sence

Dice

Spec

Sence

Complete

0.6038

0.7041

0.5712

0.7517

0.9328

0.6754

0.6428

0.7643

0.5986

Core

0.3415

0.4140

0.3739

0.7128

0.8604

0.6712

0.4392

0.5315

0.4522

Enhance

0.0170

0.0090

0.3036

0.3721

0.3453

0.4402

0.1107

0.0979

0.3395

TABLE 2: Model train with LGG data and predict HGG, LGG, and
HGG+LGG data respectively.

Model

Data

HGG+LGG

HGG

LGG

HGG+LGG

Dice

Spec

Sence

Dice

Spec

Sence

Dice

Spec

Sence

Complete

0.9660

0.9780

0.9544

0.8309

0.8145

0.8804

0.9305

0.9350

0.9349

Core

0.9593

0.9748

0.9451

0.6028

0.5883

0.7495

0.8655

0.8731

0.8936

Enhance

0.9032

0.9333

0.8769

0.2755

0.3480

0.2719

0.7380

0.7793

0.7177

TABLE 3: Model train with HGG+LGG data and predict HGG, LGG, and
HGG+LGG data respectively.
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Abstract. Automatic brain tumor segmentation plays an important
role for diagnosis, surgical planning and treatment assessment of brain
tumors. Deep convolutional neural networks (CNNs) have been widely
used for this task. Due to the relatively small data set for training, data
augmentation at training time has been commonly used for better performance of CNNs. Recent works also demonstrated the usefulness of
using augmentation at test time, in addition to training time, for achieving more robust predictions. We investigate how test-time augmentation
can improve CNNs’ performance for brain tumor segmentation. We used
two underpinning network structures of 3D UNet 2.5D and WNet and
augmented the image by 3D rotation, flipping, scaling and adding random noise at both training and test time. Experiments with BraTS 2018
training and validation set show that test-time augmentation helps to
improve the brain tumor segmentation accuracy for both network structures.

Keywords: Brain tumor, convolutional neural network, segmentation, data augmentation

1

Introduction

With the development of medical imaging, brain tumors can be imaged by different Magnetic Resonance (MR) sequences, such as T1-weighted (T1w), contrast
enhanced T1-weighted (T1wce), T2-weighted (T2w) and Fluid Attenuation Inversion Recovery (FLAIR) images. These sequences provide complementary information for different subregions of brain tumors [14]. Automatic segmentation
of brain tumors and substructures from these images has a potential for more efficient and better diagnosis, surgical planning and treatment assessment of brain
tumors [14,5].
In recent years, deep convolutional neural networks (CNN) have achieved the
state-of-the-art performance for multi-modal brain tumor segmentation. In [8], a
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convolutional neural network was proposed to exploit both local and global features for robust brain tumor segmentation. However, their approach works on individual 2D slices without considering 3D contextual information. DeepMedic [11]
uses a dual pathway 3D CNN with 11 layers for brain tumor segmentation. It
works on local image patches and therefore has a relatively lower inference efficiency. In [17], a 2.5D network was proposed for brain tumor segmentation and
demonstrated an advantageous trade-off between receptive field, model complexity and memory consumption. In [10], an ensemble of multiple models and
architectures was used for robust brain tumor segmentation.
Training with a large dataset plays an important role for the good performance of deep CNNs. For medical images, collecting a very large training set is
usually time-consuming and challenging. Therefore, many works have used data
augmentation to partially compensate this problem. Data augmentation applies
transformations to the samples in a training set to create new ones, so that a
relatively small training set can be enlarged to a larger one. Previous works have
used different types of transformations such as flipping, cropping, rotation and
scaling training images [2]. In [18], a simple and data-agnostic data augmentation routine termed mixup was proposed for training neural networks. Recently,
several studies have empirically found that the performance of deep learningbased image recognition methods can be improved by combining predictions of
multiple transformed versions of a test image. For example, in [16], a single
model was used to predict multiple transformed copies of unlabeled images for
data distillation. In [9], augmentation of the samples by rotation and translation
was used for pulmonary nodule detection. In [13], test images were geometrically
transformed for skin lesion classification. As far as we know, test-time augmentation has not been used for brain tumor segmentation from multi-modal MR
images.
In this work, we apply test-time augmentation to automatic brain tumor segmentation. Instead of obtaining a single inference, we augment the input image
with different transformation parameters to obtain multiple predictions from
the input, with the same network and associated trained weights. The multiple predictions help to obtain more robust inference of a given image. In this
work, we use the 3D UNet [2] and WNet [17] as the underpinning network structures. Experiments with BraTS 2018 training and validation set showed that an
improvement of segmentation accuracy was achieved by test-time augmentation.

2
2.1

Methods
Network structures

We used two network structures as the underpinning CNN for the brain tumor segmentation task: 3D UNet [2] and 2.5D WNet [17]. The 3D U-Net has a
downsampling and an upsampling path each with four resolution steps. In the
downsampling path, each layer has two 3 × 3 × 3 convolutions each followed by a
rectified linear unit (ReLU) activation function, and then a 2×2×2 max pooling
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layer was used for downsampling. In the upsamping path, each layer uses an deconvolution with kernel size 2 × 2 × 2, followed by two 3 × 3 × 3 convolutions with
ReLU. The network has shortcut connections between corresponding layers with
the same resolution in the downsampling path and the upsampling path. In the
last layer, a 1×1×1 convolution is used to reduce the number of output channels
to the number of segmentation labels, i.e., 4 for the brain tumor segmentation
task in the BraTS challenge.
The WNet was proposed in [17]. This is an anisotropic network that considers
a trade-off between receptive field, model complexity and memory consumption.
It employs dilated convolution, residual connection and multi-scale prediction to
improve segmentation performance. The network uses 20 intra-slice convolution
layers and four inter-slice convolution layers with two 2D down-sampling layers.
Since the anisotropic convolution has a small receptive field in the through-plane
direction, multi-view fusion was used to take advantage of the 3D contextual
information, where the network was applied in axial, sagittal and coronal views
respectively. For the multi-view fusion, the softmax outputs in these three views
were averaged. The original implementation of WNet in [17] used three cascaded
networks to deal with the whole tumor, tumor core and enhancing tumor core
respectively with binary segmentations. Compared with multi-label prediction, it
requires longer time for training and testing. To improve the training efficiency,
we explore the use of a single WNet for multi-label prediction in each view.
Therefore, we change the output channel number of WNet from 2 to 4.
2.2

Augmentation for Training and Testing

From the point view of image acquisition, an observed image is only one of
many possible observations of the underlying anatomy that can be observed with
different spatial transformations and noise. Direct inference with the observed
image may lead to a biased result affected by the specific transformation and
noise associated with that image. To obtain a more robust prediction, we consider
different transformations and noise during the test time. Let β and e represent
the parameters for spatial transformation and intensity noise respectively. We
assume that β is a combination of fl , r and s, where fl is a random variable
for flipping along each 3D axis, r is the rotation angle along each 3D axis, s
is a scaling factor. We consider these parameters following some distributions:
fl ∼ Bern(0.5), r ∼ U (0, 2π), s ∼ U (0.8, 1.2). For the intensity noise, we assume
e ∼ N (0, 0.05) according to the reduced standard deviation of a median-filtered
version of a normalized image.
For data augmentation, we randomly sample β and e from the above distributions and use them to transform the image. We use the same distributions of
augmentation parameters at both training and test time for the 3D UNet and
2.5D WNet. For test-time augmentation, we obtain N samples from the distributions of β and e, and the resulting transformed version of the input was fed
into the network. The N prediction results were combined to obtain the final
prediction based on majority voting.
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FLAIR

T1w

T1wce

T2w

WNet

WNet + TTA

3D UNet

3D Unet + TTA

Fig. 1. Visual comparison between WNet, 3D UNet and the use of test-time augmentation (TTA). The first row shows the four modalities of the same patient. The
second row shows segmentation results. Green: edema; Red: non-enhancing tumor core;
Yellow: enhancing tumor core.

3

Experiments and Results

Data and Implementation Details. We used the BraTS 20181 [3,4,5,14]
training and validation datasets for experiments. The training set contains images from 285 patients, including 210 cases of high grade glioma (HGG) and
75 cases of low grade glioma (LGG). The BraTS 2018 validation set contains
images from 66 patients with brain tumors of unknown grade. Each patient was
scanned with four sequences: T1w, T1wce, T2w and FLAIR. As a pre-processing
performed by the organizers, all the images were skull-striped and re-sampled to
an isotropic 1mm3 resolution, and the four modalities of the same patient had
been co-registered. The ground truth were provided by the BraTS organizers. We
uploaded the segmentation results obtained by our method to the BraTS 2018
server, and the server provided quantitative evaluations including Dice score and
Hausdorff distance compared with the ground truth.
We implemented the 3D UNet and 2.5D WNet in Tensorflow2 [1] using
NiftyNet3 [7]. The Adaptive Moment Estimation (Adam) [12] strategy was used
1
2
3

http://www.med.upenn.edu/sbia/brats2018.html
https://www.tensorflow.org
http://niftynet.io
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FLAIR

T1w

T1wce

T2w

WNet

WNet + TTA

3D UNet

3D Unet + TTA

5

Fig. 2. Visual comparison between WNet, 3D UNet and the use of test-time augmentation (TTA). The first row shows the four modalities of the same patient. The
second row shows segmentation results. Green: edema; Red: non-enhancing tumor core;
Yellow: enhancing tumor core.

for training, with initial learning rate 10−3 , weight decay 10−7 , and maximal iteration 20k. The training patch size was 96×96×96 for 3D UNet and 96×96×19
for WNet. The batch size was 2 and 4 for these two networks respectively. The
training process was implemented on an NVIDIA TITAN X GPU. As a preprocessing, each image was normalized by the mean value and standard deviation. The Dice loss function [15,6] was used for training. At test time, the
augmented prediction number was set to N = 20 for both network structures.
The WNet was trained in axial, sagittal and coronal views respectively, and the
predictions in these three views were fused by averaging at test time.

Segmentation Results. Fig. 1 shows an example from the BraTS 2018 validation set. The first row shows the input images of four modalities: FLAIR, T1w,
T1wce and T2w. The second row presents the segmentation results of WNet,
UNet and their corresponding results with test-time augmentation. It can be
observed that the output of WNet seems to be noisy for the non-enhancing
tumor core. A smoother segmentation is obtained by WNet with test-time augmentation. The initial output of the 3D UNet also seems to be noisy with some
false positives of edema and non-enhancing tumor core. After using test-time
augmentation, the result becomes more spatially consistent.
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Guotai Wang, Wenqi Li, Sébastien Ourselin, and Tom Vercauteren

Table 1. Mean values of Dice and Hausdorff measurements of different methods on
BraTS 2018 validation set. EN, WT, TC denote enhancing tumor core, whole tumor
and tumor core, respectively. TTA: test-time augmentation.
Dice (%)
ET WT TC
WNet
75.70 88.98 72.53
WNet + TTA
77.07 89.56 73.04
3D UNet
73.44 86.38 76.58
3D UNet + TTA 75.43 87.31 78.32

Hausdorff (mm)
ET WT TC
4.24 4.99 12.13
4.44 4.92 11.13
9.37 12.00 10.37
4.53 5.90 8.03

Fig. 2 shows another example from the BraTS 2018 validation set. It can be
observed that the initial prediction by WNet seems to have an over segmentation
of the non-enhancing tumor core. After using test-time augmentation, the oversegmented regions become smaller, leading to a better accuracy. The 3D UNet
obtains a hole in the tumor core, which seems to be an under-segmentation.
The hole is filled after using test-time augmentation and the result looks more
consistent with the input images.
A quantitative evaluation of our different methods is shown in Table 1. For
the initial output of WNet, the Dice score was 75.70%, 88.98% and 72.53% for
enhancing tumor core, whole tumor and tumor core respectively. After using
test-time augmentation, an improvement was achieved, and the Dice score was
77.70%, 89.56% and 73.04% for these three targets respectively. The initial output of 3D UNet achieved Dice scores of 73.44%, 86.38% and 76.58% for these
structures respectively. 3D UNet with test time augmentation achieved a better
performance than the baseline of 3D UNet, leading to Dice scores of 75.43%,
87.31% and 78.32% respectively.

4

Discussion and Conclusion

For test-time augmentation, we only used flipping, rotation and scaling for spatial
transformations. It is also possible to employ more complex transformations such
as elastic deformations used in [2]. However, such deformations take longer time
for testing and have less efficiency. The results show that test-time augmentation
leads to an improvement of segmentation accuracy for both 3D UNet and 2.5
WNet, and it can be applied to other CNN models as well.
In conclusion, we explored the effect of test-time augmentation for CNNbased brain tumor segmentation. We used 3D U-Net and 2.5D W-Net as the
underpinning network structures. For training and testing, we augmented the
image by 3D rotation, flipping, scaling and adding random noise. Experiments
with BraTS 2018 training and validation set show that test-time augmentation
helps to improve the brain tumor segmentation accuracy for both 3D U-Net and
2.5D W-Net structures.
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Abstract. Brain tumor localization and segmentation is an important
step in the treatment of brain tumor patients. It is the base for later
clinical steps, e.g., a possible resection of the tumor. Hence, an automatic
segmentation algorithm would be preferable, as it does not suffer from
inter-rater variability, and results could be available directly after the
brain imaging procedure. Using this automatic tumor segmentation, it
could also be possible to predict the survival of patients. The BraTS 2018
challenge consists of these two tasks: tumor segmentation in 3D-MRI
images of brain tumor patients and survival prediction based on these
images. For the tumor segmentation, we utilize a two-step approach:
First, the tumor is located using a 3D U-net. Second, another 3D U-net –
more complex, but with a smaller field-of-view – detects subtle differences
in the tumor volume, i.e., it segments the located tumor into tumor
core, enhanced tumor, and peritumoral edema. The survival prediction
of the patients is done with a rather simple, yet accurate algorithm which
outperforms other tested approaches.
Keywords: BraTS 2018, Brain Tumor, Automatic Segmentation, Survival Prediction, Deep Learning.

1

Introduction

Brain tumors can appear in different forms, shapes and sizes and can grow to
a considerable size until they are discovered. They can be distinguished into
glioblastoma (GBM/HGG) and low grade glioma (LGG). A common way of
screening for brain tumor is with MRI-scans, where even different brain tumor
regions can be determined. In effect, MRI scans of the brain are not only the
basis for tumor screening, but are even utilized for pre-operative planning. Thus,
an accurate, fast and reproducible segmentation of brain tumors in MRI scans
is needed for several clinical applications.
HGG patients have a poor survival prognosis, as metastases often develop
even when the initial tumor was completely resected. Whether patient overall
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survival can be accurately predicted from pre-operative scans, i.e., knowing factors such as radiomics features, tumor location and tumor shape, remains an
open question.
The BraTS challenge [6] addresses these problems, and is one of the biggest
and best-known machine learning challenges in the field of medical imaging.
Last year around 50 different competitors from around the world took part. The
challenge is divided in two parts: First, tumor segmentation based on 3D-MRI
images, and second, survival prediction of the brain tumor patients based on
only the pre-operative scans and the age of the patients.
Similar to the BraTS 2017 dataset, the BraTS 2018 training dataset consists
of images of 285 brain tumor patients from 19 different contributers. The dataset
includes T1, T1 post-contrast, T2, and T2 Fluid Attenuated Inversion Recovery
(Flair) volumes, as well as hand-annotated expert labels for each patient [3] [2]
[1].

(a) T1 weighted

(b) T1 post-contrast

(d) T2 Flair

(c) T2 weighted

(e) Flair with labels

Fig. 1: Different MRI-modalities and groundtruth-labels in the BraTS 2018
dataset. Blue indicates the peritumoral edema, green the necrotic and nonenhancing tumor, and red the GD-enhancing core, as described in the BraTS
paper [6].
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Motivated by the success of the U-net [9] in biomedical image segmentation,
we choose the 3D-adaptation [4] of this network to tackle the segmentation part
of the BraTS challenge. Two different versions of this architecture are used, a
first one to coarsely locate the tumor, and a second one to accurately segment
the located tumor into different areas.
Concerning the survival prediction, we found that complex models using
different types of radiomics features such as shape and texture of the tumor and
the brain could not outperform a simple linear regressor based on just a few
basic features. Using only the patient age and tumor region sizes as features, we
achieve competitive results.
The code developed for this challenge will be available online after the final
deadline: https://github.com/weningerleon/BraTS2018

2
2.1

Methods
Segmentation

We tackle the segmentation task in a two-step approach: First, the location of
the brain tumor is determined. Second, this region is segmented into the three
different annotations: peritumoral edema (ed), necrotic tumor (nec), and GDenhancing core (gde).
Preprocessing We first define a brain mask based on all voxels unequal to
zero, on which all preprocessing is carried out. Before we calculate the mean
and standard deviation of the brain, we clip the values of intensities at 2.5%
and 97.5%. Using this preprocessing technique, very high and very low values,
often occurring due to imaging artifacts, have less influence on the mean and
standard deviation. Since different MRI-scanners and sequences are used, we
independently normalize each image and modality based on the obtained values.
Non-brain regions remain zero.
The whole tumor is strongly visible in T1, T2 and Flair MRI-images, so we
discard all other MRI-modalities for the tumor localization step. We construct a
cuboid bounding box around the brain, and crop the non-brain regions to facilitate training. The training target is constructed by merging the three different
tumor classes of the groundtruth labels.
For training of the tumor segmentation step, the 3D-images are cropped
around a padded tumor area, which is defined as the area of 20 voxels in every
direction around the tumor.
Network architectures and employed hardware For both steps, a 3D Unet [4] with a depth of 4 is employed.
The first U-net uses padding in every convolutional layer, such that the input
size corresponds exactly to the output size. Every convolutional layer is followed
by a ReLU activation function. 16 feature maps are used in the first layer, and
the number of feature maps doubles as the depth increases. For normalization
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between the different layers, instance-norm layers [10] are used, as they seem
to be better suited for normalization in segmentation tasks and for small batch
sizes. Testing different training hyperparameters, the Adam optimizer [5] with
an initial learning rate of 0.001 together with a binary cross entropy loss was
chosen for the tumor localization step. An L2-regularization of 1e-5 is applied to
the weights, and the learning rate was reduced by a factor of 0.015 after every
epoch. One epoch denotes a training step over every brain.
The U-net utilized in the second step has a similar architecture as the previous one, but with double as many feature maps per layer. To counteract the
increased memory usage, no padding is used, which drastically reduces the size
of the output as well as the memory consumption of later feature maps.
Here, we apply a multiclass dice loss to the output of our 3D U-net and the
labels for training, as described in [7]. A learning rate of 0.005 was chosen, while
weight decay and learning rate reduction remain the same as in step 1.
Our contribution to the BraTS challenge was implemented using pyTorch [8].
Training and prediction is carried out on a Nvidia 1080 Ti GPU with a memory
size of 11 Gb.

Training In the first step, we train with complete brain images cropped to the
brain mask. The brain mask is determined by all voxels not equal to zero. Using
a rather simple U-net, a training pass with a batch-size of one fits on a GPU
even for larger brains. Due to the bounding box around the brain, different sizes
need to be passed through the network. In practice this is possible using a fully
convolutional network architecture and a batch size of one.
For the second step, we choose the input to be fixed to 124x124x124. Due to
the unpadded convolutions, this results in an output shape of 36x36x36. Hence,
the training labels are the 36x36x36 sized segmented voxels in the middle of the
input. Here, a batch-size of two was chosen.
During training, 25 such patches are chosen at random from inside the padded
tumor bounding box for each patient. Having 286 training datasets, this gives
us 7125 training patches.

Inference Similar to the training procedure, the first step is carried out directly
on a complete 3-channel (T1, T2, Flair) 3D image of the brain.
Before the tumor / non-tumor segmentation of this step is used as basis in
the second step, only the largest connected area is kept. Based on the assumption
that there is only one tumorous area in the brain, we can suppress false positive
voxels in the rest of the brain with this method.
We then predict 36x36x36 sized patches with the trained unpadded U-net.
Patches are chosen so that they cover the tumorous area, the distance between
two neighboring patches was set to 9 in each direction. Several predictions per
voxel result. Accordingly, a majority vote over these predictions gives the final
result.
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5

Survival Prediction

According to the information given by the segmentation labels, we count the
number of voxels of the tumor segmentation. This volume information about
the necrotic tumor core, the GD-enhancing tumor and peritumoral edema as
well as the distance between the centroids of tumor and brain and the age of the
patient are used as input for a linear regressor.

3

Results

3.1

Segmentation

For evaluation on the training dataset, we split the training dataset randomly
into 245 training images and 40 test images to evaluate our approach with ground
truth labels. No external data was used for training or pre-training.

(a) Flair

(b) T1 post-contrast

(c) Groundtruth

(d) Our prediction

Fig. 2: Comparison of our segmentation result with the groundtruth labels.
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Based on our experience with the training dataset, we choose 200 epochs
as an appropriate training duration for the first step, and 60 epochs as an appropriate training duration for the second step. We thus train from scratch on
all training images for the determined optimal number of epochs, and use the
obtained networks for evaluation on the validation set. The results obtained by
this method can be seen in Table 1.
Dice
Sensitivity
Specificity
ET WT TC ET WT TC ET WT TC
Train set 0.763 0.860 0.817 0.747 0.784 0.787 0.998 0.998 0.998
Val set 0.712 0.889 0.758 0.757 0.887 0.735 0.998 0.995 0.998
Dataset

Hausdorff Dist.
ET WT TC
5.63 7.01 7.88
6.28 6.97 10.91

Table 1: Results for the segmentation challenge. Training and test set errors
according to the online submission system.

3.2

Survival Prediction

For evaluating our approach on the training dataset, we fit and evaluate our
linear regressor with a 50-fold cross-validation on the training images. We compare the results obtained by solely using the age of the patient versus using the
age with a subset of the tumor region sizes as features. On top, we consider the
distance between the centroid of the tumor and the centroid of the brain as a
feature. Our finding is that all features other than the age of the patient increase
the error on left-out images. In Tables 2 and 3, we show the exact results for the
different input features.

Features
Age
Age + gde
Age + ed
Age + nec
Age + dist
Age+gde+ed+nec

MSE
87089
93599
91767
92320
95070
98053

Median Err.
206
215
212
207
207
222

Table 2: Training Data: Mean Squared Error and Median Error for 50-fold
cross-validation of the linear regressor. The different features considered are the
age of the patient, the volume in voxels of the enhancing tumor (gde), of the
necrotic tumor (nec), of the edema (ed ) as well as the distance between the
centroid of the tumor and the centroid of the brain (dist).

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

505 of 578

Contribution to BraTS 2018 Challenge

7

Features
Accuracy MSE
Median SE stdSE
SpearmanR
Age
0.5
97759.5 46120.5 139670.7 0.267
Age+gde+ed+nec 0.536
101012.0 51006.5
140511.5 0.258

Table 3: Validation Data: Accuracy metrics according to the online portal.

4

Discussion & Conclusion

Our contribution submitted to the BraTS challenge 2018 was summarized in
this paper. We used a two-step approach for tumor segmentation, which already
gives promising results. In the near future we will evaluate a broader variety
of different network architectures, and will also include 3D data-augmentation
techniques into our framework.
Our algorithm for the survival analysis task is a straight-forward approach.
We considered other, more complex approaches, which were however not able to
beat this baseline algorithm.
So far, our survival prediction algorithm ranks among the top submissions,
e.g., the age-only approach achieves the lowest MSE and second highest accuracy
on the validation set. From these observations, it can be concluded that preoperative scans are not well suited for survival prediction. Here, other datasets
could be better suited for survival prediction, e.g., post-operative or follow-up
scans of the patient.
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Abstract. Accurate segmentation of gliomas on routine magnetic resonance image (MRI) scans plays an important role in disease diagnosis, prognosis, and
treatment decision. The varying intensity and shape of the pathology of glioma
pose great challenges to automated segmentation. Here, we present our methods
for brain tumor segmentation in Multimodal Brain Tumor Segmentation Challenge (BraTS) in 2018. A U-Net based segmentation was achieved by training a
10-layer deep convolutional neural network (CNN) on 2-D slices extracted from
patient volumes. The network was trained on slices extracted from 210 HGG and
75 LGG patients and validated on 50 patients. On the BraTS 2018 validation set,
the proposed algorithm achieved mean dice coefficients of 0.9119, 0.8307, and
0.7976 for whole tumor, tumor core and enhancing tumor respectively. Our
proposed method ranked first in segmenting the whole tumor, and second in
segmenting the enhancing tumor, as of July 9th.

Keywords: Brain Glioma, MRI, U-Net, Deeping Learning.

1

Introduction

Brain Magnetic Resonance Imaging (MRI) is the most common imaging diagnostic
technique in the clinical diagnosis of gliomas [1]. In current clinical practice, visual
assessment of brain glioma in MRI scans by radiologists is challenging due to its experience-dependent nature with significant inter-person variation [2] and the varying intensity, shape, and location of brain glioma [3]. Many computational approaches trying
to automate this process have been developed but they have not reached the expected
performance to assist radiologists’ interpretation and identification of subtle changes of
brain glioma [4–7]. Recent availability of public datasets and online benchmarks [8]
provide opportunities for researchers to focus on optimizing model architectures to
achieve high segmentation performance.
Here we present our computational model for the detection of brain glioma in MRI
scans. It is based on a 2D end-to-end symmetric U-Net architecture, which outputs and
visualizes the segmentation of 3 subregions (enhancing tumor, tumor core, and the
whole tumor) of brain glioma simultaneously. The model is trained and validated using
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the BraTS 2018 dataset [8-11]. It achieves Mean Dice Coefficients of 0.9123, 0.8274,
and 0.7912 for whole tumor, tumor core and enhancing tumor respectively. This result
indicates an excellent statistical performance score.
Our U-Net-based model consistently segments subregions of brain glioma with high
accuracy and reliability with screening images from a large population, contributing to
our top performing algorithm in the BraTS 2018.

2

Methods

2.1

Preprocessing

Because BraTS 2018 training dataset contains only the axial slices with the shape of
240 by 240, we then generated slices from other 2 planes (coronal and sagittal) and they
were zero-padded into 240 by 240 as the original axial slices. For each modality (channel) of MRI scans (T2, T2-FLAIR, T1 and T1ce), we calculated the means and standard
deviations of pixel array for each patient and normalized it through subtracting the
mean and then divided by the standard deviations. All normalized slices from 3 planes
were treated as inputs into the model (Fig. 1).

Fig. 1. Slices preprocessing. Slices of four channels (T1ce, T1, T2, and T2-Flair) and
from three views (axial, coronal, and sagittal) are input into the model simultaneously.
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2.2

Data Augmentation

To avoid overfitting, we deployed two types of data augmentation. First, we will flip a
slice in either left/right or up/down direction at a random chance and input it as a new
slice. The label for that slice is also processed in the same manner. Second, to address
the class imbalance, we oversample slices with positive labels to balance
positive/negative ratio.

2.3

Network Architecture

We use typical U-Net architecture [10] (Fig. 2), which takes in 2D image arrays with
four channels (T2-FLAIR, T2, T1 and T1ce). Then the inputs pass through a series of
convolutional and pooling layers and turn into feature maps with smaller size. The
resulting feature maps then pass through a series of up-convolutional and
concatenating layers and output a segmentation mask with 4 label channels
simultaneously (for 4 sub-regions: 1 for necrotic (NCR) and the non-enhancing (NET)
tumor core; 2 for edema; 4 for enhancing tumor; all 1, 2 and 4 for the whole tumor).

Fig. 2. U-Net Architecture.

2.4

Network Training

We used slices of all 4 channels and 3 planes from both HGG and LGG patient as
inputs. Our model is trained with randomly sampled slices of size 240 by 240 with
batch size 16 and for a total of 10 epoches. Training is done using the ADAM optimizer
with an initial learning rate lrinit = 3e-5. We conduct 5-fold nested training to choose the
best epoch during our training and the loss is assessed by dice coefficient.
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2.5

Evaluation

We evaluated our algorithm on the validation dataset in the 2018 BraTS and the performance was assessed by dice score [11].

3

Results

Fig. 3. Prediction examples of validation set.
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Fig. 4. Prediction examples of internal validation set.

For the training phase in internal training cases, our whole tumor, tumor core, and
enhancing tumor segmentation achieved a mean dice coefficients of 0.9058, 0.8111,
and 0.7685, respectively (Table 1). We submitted segmentations for all available cases
in both training and validation.
Prediction examples of validation set and internal validation set are shown in Fig. 3
and Fig. 4. On the BraTS 2018 validation set, our proposed model achieved a mean
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dice coefficients of 0.9119, 0.8307, and 0.7976 for whole tumor, tumor core and
enhancing tumor respectively (Table 1).

Table 1. Performance of our model on the BraTS 2018 validation set.

Mean Dice Coefficient
(Last year best performance)
Mean Dice Coefficient
(Our training performance)
Mean Dice Coefficient
(Our validation performance)

Whole Tumor

Tumor Core

Enhancing Tumor

0.8970

0.8254

0.7640

0.9058

0.8111

0.7685

0.9119

0.8307

0.7976

Fig. 5. Prediction examples with low dice coefficients (a, b, c).

Discussion
In the 2018 BraTS Competition, we proposed our brain tumor segmentation model
based on 2D U-Net and it achieved first place in segmenting the whole tumor, and
second in segmenting the enhancing tumor, as of July 9th.
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While implementing a 3D U-Net could potentially improve the segmentation performance [12], the 3D approach faces a major challenge, the limitation of current GPU
memory. This restrains the depth of U-Net architecture, the patch size of training samples, and the speed of training process, which may result in loss of information, overfitting, and inefficiency [13]. On the contrary, 2D U-Nets are much efficient to train
with many training samples and can achieve the accuracy similar to experienced radiologists on brain tumor MRI scans.
Our model achieved high accuracy on most of training and validation cases but there
are still some difficulties (Figure 4). As for Figure 4a, it’s possible that the tumor size
of this case is so larger than the others that our model failed to predict. For Figure 4b,
the enhancing tumor region (labeled blue) is hardly distinguishable in T1ce and therefore, a more precise ground-truth label is needed to achieve high accuracy in this case.
For Figure 4c, some parts of predictions are false positive and we plan to utilize connected component as post processing to reduce these.

Conclusions
Our proposed model demonstrated its potential and scope in segmenting multimodalities of brain tumor and it can be of immediate use to neuro-oncologists or
radiologists, improving the diagnosis of brain tumor in terms of not only speed but also
accuracy.
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Abstract. In this paper, we propose a fully automatic multi-tumor segmentation
(whole tumor, tumor core and enhanced tumor core) based on multimodal MR
images. Two stages are included in the strategy: detection of the approximate
tumor position and segmentation via a cascaded and ensemble strategy. In the
first step, a detection algorithm developed by [1] is exploited to find the rough
position of all the tumors. In the second step, we divide the 4-class segmentation
task into 3 binary segmentation tasks due to the different properties of 3 tumor
regions. For each task, an ensemble of different 2D, 2.5D and 3D convolutional
neural nets with dense block is trained, individually. The results of average Dice
scores of 0.903, 0,851, 0.789 for whole tumor (WT), tumor core (TC) and enhanced tumor core (ET) are achieved on BraTS 2018 validation set with this
strategy.
Keywords: Brain tumor, segmentation, cascade, ensemble, U-net, dense block.

1

Introduction

Since gliomas are the most common primary brain malignancies [9], segmentation of
brain tumors in image scans is one of the most important and challengling tasks in
medical image analysis. As the medical imaging developed, a lot of Magnetic Resonance modalities can be exploited to scan brain tumors, such as T1, T1ce, T2 and Fluid
Attenuation Inversion Recovery (FLAIR). For different tumors, different modalities
may provide complementary information.
A good end-to-end segmentation strategy can give us more accurate, quick and consistent measures of different tumors than human, which can be further utilized on the
diagnosis and treatment for the brain tumors [2-3]. In the recent years, semantic segmentation algorithms have developed quickly and achieved a high performance in natural image tasks, as well as some applications in medical image segmentation tasks [4,
10-12]. The key ideas of the innovative literatures include the cascaded strategy for
different tumors, maintaining multi-scale features with dense connection, eliminating
the training imbalance error by using weighted Dice loss and focal loss and using ensemble strategy to make the model more robust.
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Inspired by the ideas above, we propose a two-step cascade CNN strategy for this
multimodal MRI brain segmentation task. All the advantages of dense connection, new
loss strategy [6-8] and multi-dimensional model ensemble will be included in our
model. Moreover, an ensemble model from 3 directions (for 2D and 2.5D CNN models)
is also designed in this paper in order to consider all the information from different
resolutions corresponding to each direction, respectively.

2

Methods

The framework of the proposed algorithm is shown in Fig 1. There are two stages in
total: 1. We use a fast algorithm to detect the position of the tumors; 2. A cascade ensemble method is designed to segment the tumors.

Fig. 1. Two stages of our segmentation method. We firstly detect the region of the whole

tumor. The detected region will be served as the input of the segmentation task thereafter.
2.1

Detection of the Tumor and Self-Adaptive Patch Size

Segmenting the whole image directly may not be a good idea because of the following
reasons. Firstly, data imbalance issue always plays an important role in machine learning tasks. As a small part inside the brain, tumor segmentation on the whole brain is an
extremely imbalanced problem and this factor might deteriorate the final result a lot.
Secondly, computational efficiency is another big issue. The full brain image size might
be practical for a 2D net but it is unrealistic to input such a large volume into a deep 3D
net.
Since the sizes of tumors are limited, it will be beneficial to only segment an area
around the tumor. In the training step, an 86x86x86 area is set to be the “tumor bounding box” and the size of the training data (86x86 for 2D net). The only difficulty is how
to define the bounding box of the testing dataset. Fortunately, the proposed network in
[1] of the BraTS 2017 Challenge is a proper algorithm for tumor “detection”. The central point of the segmented area of this algorithm will either inside the tumor or near
the tumor and the boundary of each dimension will have a 10-pixel extension based on
the segmentation output of the algorithm. Finally, we can make a bounding box that
approximately contains the whole tumor.
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Fig. 2. A figure caption is always placed below the illustration. Short captions are centered, while
long ones are justified. The macro button chooses the correct format automatically.

2.2

Multi-dimensional Models Ensemble: Three Individual Convolutional
Neural Networks

Recently, a new kind of layer connection called dense connection becomes increasingly
popular in CNN based detection and segmentation. Some previous work in natural image processing showed that DenseNet [14] can be seen as an extension of ResNet [13].
Thus, we decide to use this kind of architecture in our method.
One widely used network architecture with dense block is Tiramisu Neural Network
[5]. It composes the advantage of dense block and U-net, which is proved to be a effective architecture in medical image processing. Therefore, we design three different neural nets based on the “dense block and U-net” architecture in three different dimensions:
2D, 2.5D and 3D.
2D Net. Our 2D net is similar to Tiramisu-103, but not that deep because the input size
of our images are smaller than the natural images used in [5]. The advantage of this 2D
net is that more detailed boundary information can be grasped by this network, while
the drawback will be too much false positives in the meantime. The total number of
dense block is 11 and the layers inside each block (5, 5, 6, 7, 7) are shallower than
Tiramisu-103.
3D Net. Our 3D net is an extension based on the 2D net. The main difference between
them is that all the input images, output images and kernels are 3D volumes instead of
2D images. Moreover, all the depth and weights of the 3D network are different from
the 2D network. The advantage of the 3D net is that it considers the tumor as an integral
whole. The consistency between consecutive slices of 3D model will be much better
than the 2D model and the segmented boundary becomes smoother. However, it also
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sacrifices some details in each slice. The total number of dense block of our network is
7.
2.5D Net. The framework of this network is shown in Fig. 3. The highlight of this
network is that the 3×3×3 kernel is decomposed into 3×3×1 kernel (inter-slice) and
1×1×3 kernel (intra-slice). This network can balance the weights of inter-slice connections and intra-slice connections by using different numbers of kernels, respectively.
As we know, the resolutions of x-y-space, x-z-space and y-z-space are not the same.
Thus, it is reasonable and necessary to have different weights on inter-slice pixels and
intra-slice pixels.

Fig. 3. Architecture of our 2.5D network.

Finally, we ensemble the outputs of 3 networks via a majority voting. This is a good
trade-off strategy by involving all the 2D, 3D and resolution information as shown in
Fig. 4.
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Fig. 3. From left to right: 2D result, 2.5D result, 3D result and ensemble result from

one scanning direction. Green pixels are false negatives and pink pixels are false positives. It shows that the ensemble result achieves fewer false negatives and false positives.
2.3

Multi-direction Ensemble

As we mentioned above, the resolution of different scanning directions varies a lot and
the information contained in three directions are also different. Thus, it is necessary to
train 3 models based on 3 directions. A final ensemble of those outputs can be considered as the connection and balance between different information from 3 directions.

2.4

Cascaded Network

In this task, the enclosing relationship of 3 tumor regions is taken into consideration for
segmentation. Since the whole tumor include all the tumor core area and the tumor core
contains all the enhanced tumor core area, we can perform 3 binary segmentations step
by step: 1. background vs. whole tumor; 2. background vs. tumor core; 3. background
vs. enhanced tumor core. The background of each segmentation step will become
smaller and smaller, which eliminates part of the background noises. Meanwhile, the
depths and weights will be changed by a new trained model in adapt to the sizes and
properties of different tumors.

3

Methods
3.1

Data Preprocessing and Implementation Details

We use the BraTS 2018 [15-18] dataset for experiments. 285 image volumes from patients, which include 210 HGG and 75 LGG, are served as the training dataset. 66 patients’ volumes are contained in the validation set. Each patient has been scanned by 4
registered MRI modality sequences: T1, T1ce, T2 and FLAIR. All the images are skullstriped and interpolated into an isotropic resolution. The ground truth for the segmentation in the training set is drawn manually by the doctors and no segmentation is given
for the validation set. In this paper, all the results, including Dice, Sensitivity, Specificity and Hausdorff distance, are calculated by the server of BraTS 2018 after uploading
the segmentation results of our algorithm.
Our networks are mainly implemented by revising the Tiramisu net in PyTorch.
Training is implemented on an NVIDIA Tesla P40. For preprocessing of the images,
all are normalized by the mean and standard variation of the training images.
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3.2

Preliminary Segmentation Results

Many kinds of losses are explored to achieve the best segmentation result. Finally, we
apply the Dice loss and hard-example-mining as the loss function when training the
final model.
The training patch size is 86×86 for the 2D net and 86×86×86 for the 2.5D and 3D
nets. The testing patch size is self-adaptive according to the output of rough detection
step of our pipeline.
We use 241 patients (210 HGG and 31 LGG) to train and evaluate our models on
the rest 44 patients of LGG. The results show that the 3D network outperforms others
with the Dice of 0.91 on whole tumor. The Dice scores achieved by the 2D and 2.5D
nets are 0.85 and 0.89, respectively. Fig.4 shows an example of outputs of these networks. As can be seen, the 3D network achieves a better performance with a smaller
false positive rate. The ensemble of these results could get a little better result.
Table 1. shows the performance of our best model on the validation set. Our model
achieves average Dice scores of 0.788, 0.903, 0.851 for enhancing tumor core, whole
tumor and tumor core, respectively.
Table 1. The result of our 3D models evaluated on the validation set.

Dice
ET
Mean
StdDev
Median

4

Hausdorff
WT

0.788
0.23
0.86

TC

0.9036
0.057
0.916

ET

0.851
0.142
0.897

WT

3.39
4.34
1.866

TC

5.28
8.26
3

6.76
9.23
3.35

Conclusions and Discussion

Considering the model complexity, data imbalance issues and memory consumption,
we propose a two-step cascaded CNN strategy which can improve the accuracy and
reduce the computation cost. To reduce the difficulty of this task, we train different
networks on different dimensions to segment the whole tumor, tumor core and enhancing tumor core, respectively.
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Fig. 5. An example from training set. The first one is a FLAIR image with ground

truth and the rest are outputs of 2D, 2.5D, 3D and ensemble network.
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In the future study, we will continue our experiments on fine-tuning all the networks,
including seeking for the optimal weights and optimal blocks inside the network and a
proper loss function.
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Brain Tumor Segmentation and Survival
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Abstract. In this paper, we propose our method for gliomas segmentation and overall survival prediction in MICCAI 2018 BraTS datasets.
U-net and feature pyramid network are mainly used in the segmentation
network. The dice-loss value of the segmentation test set reached 0.894
on the whole, 0.743 on the enhancing and 0.786 on the core. The method
of multilevel feature fusion is much better than the traditional U-net
method. In the survival prediction tasks, we propose a overall framework based on XGBoost. In this framework, we extract five kinds raw
features from four modality MRI images and segmentation groudtruth.
After harvesting those significant features using the Kaplan − M erier
algorithm, we employ the XGBoost algorithm to complete the regression
task and perform the survival prediction on the BraTS dataset. Finally,
we obtain the accuracy of 65% with ten cross-validation on the training
dataset.
Keywords: U-net · Feature Pyramid · Segmentation · Survival Predict
· XGBoost.

1

Introduction

Gliomas is a type of brain tumor that grows from glial cells. According to diﬀerent aggressiveness, brain tumors are broadly divided into high-grade and
low-grade[1]. Low-grade gliomas is well-diﬀerentiated and exhibits benign tendencies, which portend a longer survival time for the patient. High-grade gliomas
are undiﬀerentiated and invasive, which carry a worse prognosis, leading the patient to death. For both groups, intensive methods are used to evaluate the
survival time of the patients.
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Recently in the medical ﬁeld , machine learning(ML) and deep learning(DL)
techniques have been used widely in automatic detection,classiﬁcation,and regression [5]. Diﬀerent methods have been proposed for predicting the overall
survival of patients with brain tumors by several studies [7], [1],[11]. In [11], the
author predict the survival by training an ensemble of a random forest regressor
and a multi-layer perceptron on shape features describing the tumor subregions. As stated in [11], an overall survival prediction method was proposed by
Random forest regression model based on diﬀerent structural multi-resolution
texture features, volumetric, and histogram features. In this paper, we employ
the XGBoost model to achieve the survival prediction task based on diﬃdent
texture, histogram and volumetric features.

2

Segmentation Model

To achieve the segmentation task, we proposed a model based on U-net [10] and
feature pyramid network [8]. All deep learning networks are accomplished with
Keras library in Python.
Our model includes two parts, the ﬁrst part is U-net structure and the second part is feature pyramid network. The traditional U-net was used to segment
medical image, which was composed of encoder part and decoder part. The architecture of our proposed model is shown in Figure 1. It consists of 3 modules,
a downsampling path with convolution and max pooling, an upsampling path
with convolution and up-sample, and a feature pyramid path. The downsampling
path is mainly to enlarge the receptive ﬁeld to extract high-level and global contextual features of the tumor. And the upsampling path is used to reconstruct
the object details. As we know, the high-level path has much semantic information and low-level path has much location information, the auxiliary path is
used to extract multi-scale information and make full use of multiple levels of
information and combine semantic and location information in the upsampling
process to help the model complete segmentation for objects of diﬀerent scales.
Additionally, in the second part we have used feature pyramid network to
integrate the low-level and high-level features. Traditional structure of segmentation networks neglect the eﬀect of low-level feature maps. In the feature pyramid
network part, we select diﬀerent scale feature maps from diﬀerent layers. First
we sample up them to the same scale. Then we add up the pixels in the same
position from diﬀerent images. Therefore we get a feature map combined with
high-level and low-level features.

3
3.1

Survival Prediction Method
Feature Extraction

Texture Feature We extract 208 features from mutilmodality MRI data (T1, T2,
T1ce, Flair), including Frist-order histogram, Gray-Level Co-occurrence Matrix
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Fig. 1. Architecture of the segmentation network.

(GLCM), Gray-Level Run-Length Matrix (GLRLM), Gray-Level Size Zone Matrix (GLSZM), Neighborhood Gray-Tone Diﬀerence Matrix (NGTDM) [12] and
their own attributions.
Volumetric feature In addition to the above features, 7 volumetric features are
extracted in our experiment. The volumetric features we extracted in this paper
including the volume of whole tumor (WT), the volume of the whole tumor
with respect to the brain, the volume of sub-regions (ED, ET, NCR/NET) with
respect to whole tumor, and the volumes of ET and NCR/NET with respect to
ED, the volumes of ED and NCR/NET with respect to ET, and the volumes of
ET and ED with respect to NCR/NET [11].
Tumor Profile Area Feature We also extract some tumor proﬁle area features as
following [11], the area centroid, perimeter, major axis length, min axis length,
eccentricity, orientation from x, y, z axis. We use those variable of ﬁtted ellipse
to instead of this features. A total of 84 features characterize the proﬁle area
feature in this part.
First-order Statistics Feature We also extract 42 ﬁrst-order statistic features in
this section. There are mean, variance, skewness, kurtosis, energy and entropy
of tumor and diﬀerent tumor sub-regions.
Location Feature The tumor locations and the spread of the tumor in the brain
are also considered. Features extracted from the histogram of the four modalities of the whole tumor and its subregions are also considered. These features
represent the frequency at diﬀerent intensity bins (number of bins = 11, 23),
and the bins of the max frequency.
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Feature Selection

Since we collect too many features in the Feature Extraction, we need to select
eﬀective features. We use the Kaplan − M erier algorithm to evaluate the performance of each features. Our goal is to ﬁnd the signiﬁcant features that can
separate the samples into short vs long survival as follows [11]. In this section, we
only take one round to select signiﬁcant feature. Fig.2 shows the Kaplan-Merier
of ﬁve signiﬁcant features.
3.3

Our Regression Framework

In this paper, we use the XGboost [6] to complete the regression task. The overall
Regression framework is shown in Fig. 3. We extracted ﬁve kinds features from
four diﬀerent modality MRI images and respective segmentation groundtruth.
After harvesting those protogenetic features, we employ the Kaplan − M erier
algorithm to select the signiﬁcant features to achieve the better regression performance. Finally we use the XGBoost algorithm to complete the regression
task and obtain the survival prediction on every sample.

4
4.1

Experiments
Segmentation

We normalized each subject data with zero mean and unit standard deviation.
Then the slices that do not contain tumor information were removed from training data. We augmented the MRI data by left rotating the ﬁrst half and right
rotating the other half to construct a new dataset that is twice times larger than
the original dataset. We used the keras library with tensorﬂow as the backend.
The model was trained with standard back-propagation using Adam as an optimizer, and all parameters are initialized using he normal. The training time on
the augmented data is about ten hours with 70 rounds run using a workstation
computer with a NVIDIA Titan X GPU. The dice changes with the epoch are
shown in Fig. 4. And Table 1 shows the result of PPV, Sensitivity and dice results. We can see from Fig. 5 that the segmentation result is very close to the
groundtruth.
Table 1. The result of segmentation

PPV
Sensitivity
Dice

Enh.
0.92899
0.66739
0.74309

Whole
0.93487
0.96641
0.89409
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Fig. 2. The visual result of three features in our Feature Selection section. (a) The
Skewness of Flair global (sig=0.007). (b) The Hrhge of Flair GLRLM (sig=0.0003).
(c)The Lzhge of Flair GLSZM (sig=0.0003).
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Extracted Feature
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Selected Feature

Kaplan-Merier
Algorithm

Selected Feature

XGBoost

Regression Results

Fig. 3. Our Framework of Survival Prediction Based on XGBoost

4.2

Survival Prediction

In this section, we use 160 samples in Brats2018 [9],[4],[2][3] training data to train
our framework for the survival prediction task with the 10-fold cross-validation.
We use the mean square error (MSE) of the criterion to train the XGBoost for
regression tasks. In order to intuitively evaluate the performance of our framework in survival prediction task, we take the overall survival data into three
classes (long, medium and short) survival corresponds to (≥ 15 months, ≥ 10
months and ≤ 15 months, ≤ 10 months), respectively. The classiﬁcation results
in our framework is in Table.2
Table 2. The result of survival prediction result with ten-fold cross-validation

5

Data

Result

Brats2018

0.65

Conclusion

In this paper, we propose an end-to-end brain tumor segmentation model based
on extended UNet. Our model includes a downsampling path and an upsampling path and a pyramidal hybrid path to extract multiscale information. Going deeper made the dice improved, and adding the image pyramid model also
improved the segmentation result. Our model achieved the eﬀect of SOA, and
later we will consider evaluating on larger dataset. In the survival prediction
task, we proposed a overall framework based on XGBoost. In this framework,
we extracted ﬁve kinds features from four diﬀerent modality MRI images and
segmentation groundtruth. After harvesting those protogenetic features, we use
the Kaplan − M erier algorithm to select the signiﬁcant feature to have the
better regression performance. Finally we use the XGBoost to complete the regression task and get the survival prediction on every sample. As a result, we
get the accuracy of 65% with ten cross-validation on the training data.
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Fig. 4. The performance curves of dice. From left to right: complete, core and enhancing. The vertical axis is Dice while horizontal axis is the number of epochs.
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Fig. 5. Segmentation results.

References
1. https://www.cbica.upenn.edu/sbia/Spyridon.Bakas/MICCAI_BraTS/MICCAI_
BraTS_2017_proceedings_shortPapers.pdf
2. Bakas, S., Akbari, H., Sotiras, A., Bilello, M., Rozycki, M., Kirby, J., Freymann,
J., Farahani, K., Davatzikos, C.: Segmentation labels and radiomic features for the
pre-operative scans of the tcga-gbm collection. The Cancer Imaging Archive 286
(2017)
3. Bakas, S., Akbari, H., Sotiras, A., Bilello, M., Rozycki, M., Kirby, J., Freymann,
J., Farahani, K., Davatzikos, C.: Segmentation labels and radiomic features for the
pre-operative scans of the tcga-lgg collection. The Cancer Imaging Archive (2017)
4. Bakas, S., Akbari, H., Sotiras, A., Bilello, M., Rozycki, M., Kirby, J.S., Freymann,
J.B., Farahani, K., Davatzikos, C.: Advancing the cancer genome atlas glioma mri
collections with expert segmentation labels and radiomic features. Scientific data
4, 170117 (2017)
5. Chato, L., Latifi, S.: Machine learning and deep learning techniques to predict
overall survival of brain tumor patients using mri images. In: Bioinformatics and
Bioengineering (BIBE), 2017 IEEE 17th International Conference on. pp. 9–14.
IEEE (2017)
6. Chen, T., Guestrin, C.: Xgboost: A scalable tree boosting system. In: Proceedings
of the 22nd acm sigkdd international conference on knowledge discovery and data
mining. pp. 785–794. ACM (2016)
7. Isensee, F., Kickingereder, P., Wick, W., Bendszus, M., Maier-Hein, K.H.: Brain
tumor segmentation and radiomics survival prediction: Contribution to the brats 2017 challenge. In: International MICCAI Brainlesion Workshop. pp. 287–297.
Springer (2017)
8. Lin, T.Y., Dollár, P., Girshick, R., He, K., Hariharan, B., Belongie, S.: Feature
pyramid networks for object detection. In: CVPR. vol. 1, p. 4 (2017)

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

532 of 578

Brain Tumor Segmentation

9

9. Menze, B.H., Jakab, A., Bauer, S., Kalpathy-Cramer, J., Farahani, K., Kirby, J.,
Burren, Y., Porz, N., Slotboom, J., Wiest, R., et al.: The multimodal brain tumor
image segmentation benchmark (brats). IEEE transactions on medical imaging
34(10), 1993 (2015)
10. Ronneberger, O., Fischer, P., Brox, T.: U-net: Convolutional networks for biomedical image segmentation. In: International Conference on Medical image computing
and computer-assisted intervention. pp. 234–241. Springer (2015)
11. Shboul, Z.A., Vidyaratne, L., Alam, M., Iftekharuddin, K.M.: Glioblastoma and
survival prediction. In: International MICCAI Brainlesion Workshop. pp. 358–368.
Springer (2017)
12. Vallières, M., Freeman, C.R., Skamene, S.R., El Naqa, I.: A radiomics model from
joint fdg-pet and mri texture features for the prediction of lung metastases in softtissue sarcomas of the extremities. Physics in Medicine & Biology 60(14), 5471
(2015)

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

533 of 578

Cascaded Mask V-Net
Yanwu Xu1 , Mingming Gong1,3 , Huan Fu2 , Dacheng Tao2 , Kun Zhang3 , and
Kayhan Batmanghelich1
1

University of Pittsburgh,Department of Biomedical Informatics yanwuxu@pitt.edu
2
UBTECH Sydney AI Centre, SIT, FEIT, The University of Sydney
3
Carnegie Mellon University, Philosophy Department

Abstract. As for an accurate segmentation task for tumor detection
of multi-class sub-regions which are composed of peritumoral edema,
necrotic core, enhancing and non-enhancing tumor core using multimodal
MRI scans, this task is very challenging due to its intrinsic highly heterogeneity of appearance and and shape as well as a 3-D unnatural image.
However, recently, with the development of deep model and calculating
resources, deep neural network has shown its effectiveness on brain tumor
segmentation and get the top performance in MICCAI BraTS challenge
[1–4]. In this paper we propose a patches traning method which extraced
3-D patches from original sanning images, and our networks is based
on V-Net [5]. The basic idea is that we classify each voxels into four
catagories which are Whole Tumor(WT), Tumor Core(TC), Enhancing
Tumor(ET) and Background(BC). And we report our preliminary result
of the online validation system which shows the efficiency of our V-Net
based method.
Keywords: Brain Tumor Segmentation · Patches Training · V-Net

1

Introduction

Gliomas are the most common primary brain malignancies, with different degrees of aggressiveness, variable prognosis and various heterogeneous histological
sub-regions, i.e. peritumoral edema, necrotic core, enhancing and non-enhancing
tumor core. Accurate segmentation and measurement of the dierent tumor subregions is critical for monitoring progression, surgery or radiotherapy planning
and follow-up studies. However, the distinction between tumor and normal tissue is dicult as tumor borders are often fuzzy and there is a high variability in
shape, location and extent across patients. All the imaging datasets have been
segmented manually and offered by BraTS orginizer, by one to four raters, following the same annotation protocol, and their annotations were approved by
experienced neuro-radiologists. Annotations comprise the GD-enhancing tumor
(ET label 4), the peritumoral edema (ED label 2), and the necrotic and nonenhancing tumor core (NCR/NET label 1), as described in the BraTS reference
paper [2], so Whole Tumor(WT) is including label 1,2 and 4, Tumor Core (TC)
is including label 1 and 4 and then Enhancing Tumor (ET) is including label 1.
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There are many different algorithms being proposed to solve this problem
such as U-Net [6] and V-Net [5]. As we observed that these two structures are
similar and U-Net is use for brain tumor segmentation and V-Net is the upgraded
version for detecting lung tissue lesion. Here we apply 3-D version V-Net as our
basic model. And we extract 3-D 64 × 64 × 64 patches around the tumor area.
Furthermore, we can observe the relationship between each tumor that WT contains TC and TC contains ET. Thus, we design our network for discriminating
these three types of area and we apply mask strategy among these tumor which
we detect TC only in the area of WT and ET only in the area of TC.
AS for survival task, we classify each patient to three survival length, which
are short survivors (p < 3months), mid survivors (3months < p < 6months)
and long survivors (p > 6months). We extract features from the segmented label
rather than original MRI images and then we concatenate extracted features
with normalized ages. At the end, we feed final feature vector to a simple fullyconnected classified neural network.

2

Proposed Method

The proposed method is as follows:
1. Pre-processing of data
2. Training stage
3. Post-processing
4. Feature extraction for survival net training and survival rate prediction.

2.1

Data Preprocess and Patches extraction

The proposed V-Net like neural network was trained on BraTS2018 training
data and validated on BraTS2018 validation data. The training data comprises
210 HGG volumes and 75 LGG volumes collected from multiple centers. Each
patient comprises of FLAIR, T2, T1, T1 post contrast and the associated ground
truth labeled by experts. Each sequence was skull stripped and was re-sampled
to 1mm*1mm*1mm (isotropic resolution).
To compensate for the MR inhomogeneity, we apply the bias correction algorithm based on N4ITK library to the T1 and T1ce images. To reduce the effect
of the absolute pixel intensities to the model, an intensity normalization step
is applied to each volume of all subjects by subtracting the mean and dividing
by the standard deviation so that each MR volume will have a zero mean and
unit variance. In practice, as the original uncropped volume is used in which the
brain only takes the central region, the mean and standard deviation are estimated using the central region (0.25 - 0.75 on each dimension) of the volume.
And we extract the patches around the Tumor area, when the tumor ratio in
the 64 × 64 × 64 volume is r = 0.75 the choosing chance will be the maximum.
And we extract 400 patches from each patient in total.
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2.2

3

Model Structure

As shown in Fig. 1, we apply this typical network structure as our segmentation
generation model, as for tumor segmentation we firstly train WT ,TC and ET
simultaneously to get the best WT tumor mask for TC, secondly we train TC
and ET together under the mask of WT and thirdly we train ET alone under
the mask of TC. This training strategy is namely cascaded V-Net. The idea is
inspired by remove redundant background information for each tumor training
focusing more on vital area.
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PReLu non-linearity

4x4x4

Fig. 1. The typical V-Net structure.

The details of our mask strategy is shown in Fig. 2. We apply tumor flair
t1 t1ce and t2 as our input concatenating in channel dimension, so our input is
4-D patches, cause we consider that multimodal can help train each model.
2.3

Model Training

We train our model with Adam optimizer and apply dice loss and Cross Entropy
loss in the same time for optimize our parameters of model. The dice loss can
be written as follows:
PN
pi · li
(1)
D = PN i=1 PN
i=1 pi +
i=1 li
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4 channel input

WT mask

TC mask

ET

Fig. 2. Mask structure
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N represents the number of voxels, p is the output probability of each voxel
and l denotes the ground truth label. The idea is different from typical classification loss cross entropy. I t focus more on the overlap between output and label
rather than background.

3

Results and discussion

We introduce the evaluation metric and validation result of segmentation below:
3.1

Evaluation Metrics

Dice Coecient The Dice-Coecient (Equation 2) is calculated as performance
metric. This measure states the similarity between clinical Ground Truth annotations and the output segmentation of the model. Afterwards, we calculate the
average of those results to obtain the overall dice coecient of the models.
T
2|A B|
(2)
D=
|A| + |B|
Hausdor Distance The Hausdor Distance (Equation 2) is mathematically
dened as the maximum distance of a set to the nearest point in the other set
[15], in other words how close are the segmentation and the expected output.
H(A, B) = max(min(d(A, B)))

(3)

Table 1. BraTS18 tumor validation segmentation results.
Tumor type Dice Score
WT
0.9020
TC
0.8200
ET
0.7861

Hausdor95
6.03694
6.78376
4.06025

Sensitivity
0.91691
0.81829
0.84103

Specificity
0.9941
0.99783
0.99745

we also visualize several patients’ segmentation result from validation data
which are shown as Fig. 3

4

Conclusions

Based on V-Net, we proposed a cascaded mask neural network training structure.
Our method receives as input 3D patches extracted from the dataset volumes and
we train three networks seperately based on our cascaded mask strategy, nally,
we also extract patches from the validation data and get the segmentation for
each patch and we combine this segmentation patches back to normal size with
a stride. In this paper, we have presented preliminary results in the 2018 BraTS

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

538 of 578

6

Yanwu et al.

Challenge dataset (Validation) reaching an average dice coecient of 0.902 on WT
without data augmentation. We think the result will be better if implementing
augmentation and network with modification.
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Fig. 3. Pink represent whole tumor ,green represents tumor core and purple represents
enhancing tumor.
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Abstract. In this paper, we present a contour-aware 3D convolution
neural network (CNN) with adversarial training to improve segmentation results. Image derived contours are added as an auxiliary loss in
addition to the pixel-wise classification loss to ensure the segmentation
results mimics the contours of the ground truth annotation. For adversarial training, a discriminator network is trained alongside the segmentation network. The classification loss from the discrimination network
provide guidance for the generating realistic segmentation results. The
proposed network is evaluated on the BraTS 2018 training and validation
dataset. We demonstrate that by incorporating extra constraints the raw
segmentation results can be improved.
Keywords: Neural Networks · Adversarial Training · Contour Aware

1

Introduction

Glial cells-arose brain tumors are one of the most type of common brain tumors. The segmentation of gliomas and intra-tumor substructures are essential
to progression monitor and treatment assessment of the disease. [5]
There are several difficulties that lay in these tasks. First, the gilomas varies
significantly in shape, size and location. Second, the normal brain anatomy structure varies from patients to patients. Besides, the proportion of brain tumors to
normal brain tissue is quite low, resulting in extreme class imbalance for tumor
segmentation.
Previous studies have found successes on automated brain tumor segmentation. Among existing methods, Convolution Neural Networks (CNN) based
methods have achieved state-of-the-art performance, especially U-Net type architecture [13]. The rise of residual CNNs grants the possibility of building a
deeper network with higher segmentation accuracy, which gives networks more
representational power to capture the variations in complex data. [9]. Additionally, adversarial training has been recently applied successfully in image segmentation, using a discriminator network trained to distinguish annotations from
predicted segmentations [11]. It enforces CNNs to learn long range spatial label
contiguity.
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In this work, we tackled two tasks in BraTS 2018. For tumor segmentation
task, we employ adversarial training to train a 3D Residual U-Net based architecture. Our segmentation model is designed to be contour aware in a multi-task
framework. For survival prediction task, we proposed a ensemble of models including convolutional neural network and random forest to predict the overall
survival time. Our models are evaluated on the validation set from BRATS 2018
and demonstrate outstanding performances.

2
2.1

Method
Data

The proposed model is trained and evaluated on the The Multimodal Brain
Tumor Segmentation Challenge (BraTS) [1], [2] [3] [4] dataset. The training
set contained a total of 285 cases. Each case contained 4 MRI modalities: T1weighted (T1), T1-weighted with gadolinium enhancing contrast (T1ce), T2weighted(T2) and Fluid Attenuation Inversion Recovery(FLAIR). Of the 285
cases, 210 cases are High Grade Gliomas(HGG) and 75 cases are Low Grade
Gliomas (LGG).
2.2

Preprocess

Appropriate image processing is essential for the following computing. The official dataset provided by the organizers have been skull-striped and co-registered.
Bias correction in [8] is performed on raw data before segmentation. Intensity
normalization (scaling and z-score) is also applied for better performance [14].
2.3

Gliomas Segmentation

The Gliomas segmentation task Pixel-wise annotation labels that included GDenhancing tumor (ET), peritumoral edema(ED) and necrotic /non-enhancing
tumor(NCR/NET) were provided alongside the image data. The segmentation
results are evaluated by several matrices including Dice score, Hausdorff distance,
sensitivity and specificity of the respective tumor tissue.
3D Residual Unet Due to the 3D nature of the MRI and the memory limitation of the current GPU, it is infeasible to feed the proposed network multiple
modalities with entire volume During training phase, a single volume is broken
down to smaller patches. The stride size for the patch division is 24 and each the
dimension of each patch is 96 by 96 by 96 voxels. Therefore, a single modality
image with dimension of 155 by 240 by 240 will generate a total of 72 patches.
The backbone of the segmentation network is a 3D U-net. The U-net consists
of both down sampling and up sampling pathways. The down sampling path
way is made up of multiple residual blocks Each residual block contains two
convolution layer, batch normalization, activation and residual connection.
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Fig. 1. Schematic of the Segmentation Network.The each circle represents a different
set of operations.

Contour Aware In order to obtain a robust segmentation that captures the
highly varying multi-class tumor contours, we added a auxiliary constraining
factor derived from the ground truth segmentation. For each ground truth mask,
an elastic snake (also known as active contour) [10]. The total energy of the
deformable spine can be written as:
Z 1
Z 1
Esnake =
Esnake (v(s))ds =
(Einternal (v(s))+Eimage (v(s))+Ec on(v(s))ds
0

0

(1)
Where the set of n points vi denotes the snake itself. The total energy of the
snake is a combination of internal elastic energy and the inherit energy of the
image. In traditional computer vision framework, boundary finding tasks involving active contours usually have objectives that minimizes the total energy of
the snake. However, these methods need higher-level supervision for the actual
contours. Ground truth and neural-network generated segmentation results can
serve as essential information for the active contour method. In out approach,
the energy derived from the mask is a weighted loss term that is added to the
total segmentation loss.
Adversarial Training In each iteration, the segmentation network will generate a proposed segmentation. In order to capture the true distribution of the
ground truth segmentation, we added a adversarial training in every iteration.
This is implemented by a discriminator network, a shallow 7-layer network containing 3 3D convolution layer, each followed by a maxpooling layer. The objective of the discriminator network is to distinguish between generated masks and
ground truth masks.
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The original Generative Adversarial Network [12] solution can be written
as:
min max Ex∼pdata [log D(x)] + Ez∼p(z) [log(1 − D(G(z))]
G

D

(2)

In our case, the generator is actually the segmentation network that produces
synthetic samples. At each iteration, the segmentation network is back-propagated
twice: once from the segmentation loss from that includes the contour constraint
and the second time for the discriminator loss.

Fig. 2. Overview of the network pipeline

2.4

Overall Survival Prediction

A ensemble of models including Convolution Network-based regression network
and feature-based random forest are proposed to predict the overall survival (OS)
of High Grade Gliomas (HGG) patients. Second part of the BraTS challenge
involves the prediction of overall survival of patients. We have developed an
CNN based regression network and a feature-based random forest model. During
validation and test phase, we assign different weight to combine the above models
according to training loss to get the final prediction.
Regression Network The CNN takes the four modalities MRI volumes and
the tumor segmentation mask from the first task as input. The last layer of
the regression contains a single node with no activation function. This allows
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the network to directly outputs the survival days. The segmentation results are
essential to predicting survival time as it contains extracted information about
the tumor tissue.
Random Forest Random Forest is a powerful regression model. Here, we utilize
imaging features extracted from the tumor segmentation mask, including the
relative size and number of different subtype tumors. The age of the patients is
also incorporated as a non-imaging feature in the RF model.
Ensemble The variability of a single model can be quite high. In order to
reduce the prediction variance, we ensemble results from regression network and
random forests at inference phase. Each model is assigned a weight according to
training data cross validation results.
2.5

Implementation Details

The proposed model was constructed in pytorch and training is done on NVIDIA
Tesla V100.

3

Preliminary Results

We have tested our segmentation and survival prediction results on the BraTS
validation dataset. The following table shows the validation results according to
the BraTS on-line evaluation system.

ET Dice WT Dice TC Dice Hausdorff 95 ET Hausdorff 95 WT Hausdorff 95 TC
Training 0.7814 0.8375 0. 7861
4.743
5.9031
7.082
Validation 0.7149 0.8011
0.667
5.136
6.231
7.871
Table 1. Preliminary Segmentation Results on the BraTS training and validation set

Accuracy MSE medianSE stdSE SpearmanR
Training
0.475 44724.102 12996 79142.403
0.666
Validation 0.321
0.051
Table 2. Preliminary Survival Prediction Results on the BraTS training and validation
set
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(a) fig 1.1 Input Image

(d) fig 2.1 Model Prediction

(b) fig 1.2 Ground Truth Mask (c) fig 1.3 Model Prediction

(e) fig 2.2 Model Prediction

(f) fig 2.3 Model Prediction

Fig. 3. Visualization of Patch-Based Segmentation results
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Conclusion

In this paper, We’ve proposed a novel method for accurate pixel-wise classification and survival prediction. For segmentation task, we utilize adversarial
training to train a contour aware 3D Residual U-Net. By introducing extra constraints to the neural network, we are able to generate segmentation results that
approximate the ground truth well. For Survival prediction, we proposed a ensemble of models including neural network and random forest to predict survival
days.
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Abstract. Nowadays, there are various kinds of methods in medical image segmentation tasks, in which Cascaded FCN is an eﬀective one. The
idea of this method is to convert multiple classiﬁcation tasks into a sequence of two categorization tasks, according to a series of sub-hierarchy
regions of multi-modal Magnetic Resonance images. We propose a model
based on this idea, by combining the mainstream deep learning models
for two dimensional images and modifying the 2D model to adapt to 3D
Medical image data set. Our model use the Inception model, 3D Squeeze
and Excitation structures, and dilated convolution ﬁlters, which are well
known in 2D image segmentation tasks. Residual connections can ensure
the information eﬀectively transmitted and prevent over ﬁtting. When
segmenting the whole tumor, we set the bounding box of the result,
which is used to segment tumor core, and the bounding box of tumor
core segmentation result will be used to segment enhancing tumor. We
not only use ﬁnal output of the model, but also combine the results of
intermediate output. In MICCAI BraTs 2018 gliomas segmentation task,
we achieve a competitive performance without data augmentation.
Keywords: 3D-SE-Inception-ResNet · Cascaded FCN · Anisotropic ·
Medical Image Segmentation.

1

Introduction

Image segmentation has always been a challenging task in the ﬁeld of computer
vision. Especially in medical image ﬁeld, multi-modal Magnetic Resonance images are used to segment human body pathological tissue. Many medical committees such as MICCAI, have always been focusing on the evaluation of state-ofthe-art methods for the segmentation of brain tumors in multi-modal magnetic
resonance imaging (MRI) scans. Automatic segmentation of brain tumor has
great values both in theory and practice, and has great potential to evaluate
brain tumors with better diagnosis, surgical planning and treatment[1]. In 2D
image processing ﬁelds, many eﬀective models were proposed. AlexNet, presented by Krizhevsky et al[2], won the image classiﬁcation task of ImageNet 2012.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

550 of 578

2

HD. Yao et al.

The method of deep learning aroused researchers’ attention. Later, Deep learning models have been kept explosive growth. VGGNet[3], used a series of small
convolution ﬁlters to substitute for large convolution ﬁlters. GoogleNet [4] proposed a multi scale concept, by using diﬀerent size ﬁlters to extract information,
and its improved version Inception[5], creatively used 1*1 convolution ﬁlters to
reduce the number of model parameters, while ensuring the model depth without
increasing the parameters of the model. Squeeze and Excitation Networks[6], a
kind of attention mechanism, introduced the Attention mechanism into the spatial dimension, further improving the performance of the model. However, using
multi-modal magnetic resonance images to segment human tissue has been very
challenging. Because medical image data is more complex than ordinary image
data, both plane information and spatial information should be considered. So
some researchers try to solve the problem of medical image segmentation by using deep learning method. In the ﬁrst attemp, the modiﬁed variants of 2D CNN
was adopted, by using aggregated adjacent slices[7] or orthogonal planes[8, 9],
but this method did not take into account space information, it couldn’t segment object accurately. Recently, a variety of 3D models had been developed
to segment object from volumetric data and gained competitive performance.
For examples, 3D U-Net [10] allows end-to-end training and testing for volumetric image segmentation. VoxResNet [11], a deep voxelwise residual network,
improves the volumetric segmentation performance by seamlessly integrating the
low-level image appearance features, implicit shape information and high-level
context together.
The contribution of this paper are four-fold. First, we combine the mainstream segmentation models of 2D CNNs[12] and modiﬁed Inception structure
to deal with 3D images. In the process of designing the model, we also consider
the computation performance, and design two kinds of Inception layer, which
are named as Lower Inception and Higher Inception. Second, we apply the 3D
Squeeze and Excitation structure to our model. Third, we use multi-scale ﬁlters
to downsample the 3D feature maps, the loss of valid information can be better
reduced when resizing the 3D feature maps. Fourth, our model uses the residual
connection to make sure the information can transfer better and the training
process of the model can be accelerated.

2
2.1

Methods
Cascaded Framework

The cascaded framework of the model is designed to simplify segmentation problems[13, 14]. We use triple cascaded networks to segment substructures of brain
tumor, each network can be seen as a binary segmentation network. While the
ﬁrst network segments the whole tumor task according to the MRI, a bounding
box of the whole tumor is obtained. The region of the input images is cropped
based on the bounding box, and the cropped result is used as the input of the
second network to segment tumor core. After segmenting tumor core, another
smaller bounding box is obtained. The image region is resized according to the
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smaller bounding box of the tumor core. Then the resized image region is used
as the input of the third network to segment the enhancing tumor core. During the training phase, the bounding boxes are decided by the ground truth. In
the testing stage, the bounding boxes are generated based on the segmentation
results.
2.2

Neural Networks Architecture

The overall architecture of the model we proposed is shown in Fig.1. It contains
a great deal of 2D image mainstream model structures. Considering the huge
advantages of their own structure in 2D images, modifying them to adapt the
3D medical image data can have better eﬀects.
Low-Level Inception The Low-level Inception structure is shown in Fig.2.
Why do we design model like this? There are several model general design principles[12]. The ﬁrst principle is to avoid representational bottlenecks, especially
early in the network. Any feed-forward networks can be seen an acyclic graph
from input to output. Once the model is deﬁned, the ﬂow direction of information
will be decided. When the information passes the model, information is fading.
To avoid bottlenecks with extreme compression, we use the multi large receptive ﬁelds early in the network. In AlexNet[2], Krizhevsky et al use the 11*11
receptive ﬁelds. However large convolution ﬁlters have a serious shortcoming,
i.e., large convolution ﬁlters have a huge number of training parameters. The
parameters of 7*7 receptive ﬁelds are 5 times as much as the parameters of
3*3 receptive ﬁelds. But large receptive ﬁelds can better capture the space information. We should consider the trade-oﬀ between computation performance
and model complexity, so we apply the large convolution ﬁlters only to the ﬁrst
four layers. We use diﬀerent multi-scale size ﬁlters to better capture the space
information, while avoiding representation bottleneck.
3D Squeeze and Excitation Structure Squeeze and Excitation structure
was proposed by Jie Hu et al[6] in 2017, they used the SENet to get a top performance in the ImageNet 2017. Although there is not much innovation in the
structure of SENet, two concepts of squeeze and excitation were put forward.
In recent years, convolution neural networks have made great breakthroughs in
many ﬁelds. The convolution kernel, as the core of the convolution neural network, is often seen as an aggregations of information aggregated on the spatial
information and the feature dimension (channel-wise) on the local receptive ﬁeld.
However, it is quite diﬃcult to learn a very strong network, and its diﬃculties
come from many aspects. Then it is natural to think that this network can be
modiﬁed to improve performance, such as considering the relationship between
feature channels. Based on this point, Squeeze-and-Excitation Networks (SENet)
is proposed. The motivation is to explicitly model the interdependence between
feature channels. Speciﬁcally, it is important to acquire each characteristic channel automatically through the way of learning, improve the useful features and

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

552 of 578

4

HD. Yao et al.

Fig. 1. This is the architecture of the model we proposed. It includes inception layers, SE structures, reduction layers and residual connection. High-Level Inception uses
dilated convolution.
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Fig. 2. We use 1*3*3, 1*5*5 and 1*7*7 convolution ﬁlters to better capture the information of feature maps early in the networks.

restrain the small features of the current task in accordance with its importance.
Based on this idea, we redeﬁne the squeeze and excitation operation in our mod′
′
′
′
′
′
el. For any given transformation Ftr : X → U, X ∈ RD ×W ×H , U ∈ RD ×W ×H .
We take Ftr as a standard 3D convolution operator. V = [V1 , V2 , ..., VC ] denotes
the learned set of ﬁlter kernels, where VC refers to the parameters of the c-th
ﬁlter. We denote U = [u1 , u2 , ..., uc ] as the output of Ftr , where
′

uc = vc ∗ X =

C
∑

vcs ∗ xs

(1)

s=1
′

′

Here ∗ denotes convolution operation, vc = [vc1 , vc2 , ...vcc ] and X = [x1 , x2 , ...xc ],
vcs is a 3D spatial kernel, and therefore represents a single channel of vc , which
acts on the corresponding channel of X.
3D Squeeze: We perform feature compression along the space dimension, turning each of the three dimensional characteristic channels into a real number.
This real number has a global receptive ﬁeld to some extent, and the output dimension matches the number of input characteristic channels. It represents the
global distribution of responses on characteristic channels. Moreover, the whole
receptive ﬁeld can be obtained near the input layer.
D ∑
W ∑
H
∑
1
zc = Fsq (uc ) =
uc (i, j, k)
D × W × H i=1 j=1

(2)

k=1

Here, a statistic z ∈ Rc is generated by shrinking U through spatial dimensions
D × W × H, zc denotes the c-th element of z.
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3D Excitation: Excitation operation is a mechanism similar to recurrent neural
network’s middle gate. Parameters are used to generate weights for each characteristic channel, the parameters are learned to explicitly model the correlation
between feature channels. To meet these criteria, we use the sigmoid activation
as a simple gating mechanism:
s = Fex (z, W ) = σ(g(z, W )) = σ(W2 δ(W1 z))

(3)

where δ refers to the ReLu function[13], W1 ∈ R r ×C and W2 ∈ RC× r . After
ReLu function, we add two fully-connected layers to limit model complexity and
aid generalisation. r denotes the reduction ration.
C

C

Output: The ﬁnal output is a reweight operation. It’s obtained by rescaling the
transformation output U with the activations:
xec = Fscale (uc , sc ) = sc · uc

(4)

e = [f
where X
x1 , x
f2 , ..., xec ], and Fscale (uc , sc ) refers to channel-wise multiplication
between the feature map uc ∈ RD×W ×H and the scalar sc . The SE structure is
shown in Fig.3.

Fig. 3. 3D SE structure is a kind of attention mechanism that can pay attention to
3D channels relationship. c denotes the channels, r denotes ration (In our model, the
ration r=4).
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Reduction Structure Reduction structure is used for reduction feature maps.
As mentioned before, using multi-scale can capture more spatial information.
Diﬀerent variants of this blocks (with various number of ﬁlters) can set by users,
here we set the number of m, n, o, k and I as 8. As shown in Fig.4, we use
1*1*1 convolution. In the design principles we mentioned earlier[15], the second
principles is intent to let the spatial aggregation be done over lower dimensional
embeddings without aﬀecting representational power. Considering that these
signals are easy to be compressed, dimensionality reduction will speed up the
learning process. We redesign the reduction structure according to this idea.

Fig. 4. Reduction Structure can use multi-scale convolution to capture the information
from input feature maps. m, n, o, k and i can be set arbitrarily. We consider the
simpliﬁed model, so set all the variables to the same number 8.

High-Level Inception The High-level Inception structure is shown in Fig.5.
The third principles is to factorize into smaller convolutions. Convolutions with
large ﬁlters have a huge computation complexity. For example, in the case of
the same number of convolution kernel, 1*5*5 convolution is 25/9 = 2.78 times
more computationally complex than that of 1*3*3. But simply reducing the size
of the convolution core will cause information loss. However 1*5*5 convolution
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can be replaced by multi-layer small convolution networks. Look at the 1*5*5
network as full convolution, each output is a convolution kernel slipping on the
input, it can be replaced by a two 1*3*3 convolutional layer. The High-Level
Inception architecture we designed can be seen in Fig.5.

Fig. 5. The convolution of High-Level Inception uses the dilated convolution kernels.
The dilated convolution use small ﬁlters but has a larger receptive ﬁelds, without
increasing the parameters. We set the dilation rate 1,2,3 and 3,2,1 corresponding to
each High-Level Inception layers in order.

Residual Connection ResNet was put forward in 2015 by Kaiming He et.al[16],
it won the ﬁrst place in the classiﬁcation competition of ImageNet. With the increasing of network depth, the problem of the disappearance of the gradient is
becoming more and more obvious. The training of the network has become quite
diﬃcult. The basic idea of ResNet is to introduce ”shortcut connection” that can
skip one or more layers. ResBlock can be deﬁned as:
y = F (x, wi ) + x

(5)

Here x and y are the input and output vectors of the layers considered. The function F (x, wi ) represents the residual mapping to be learned. If the dimensions
of x and F don’t equal, we can perform a linear projection Ws by the shortcut
connections to match the dimensions:
y = F (x, wi ) + Ws x

(6)

Ws is used only when matching dimensions.

Pre-Conference Proceedings of the 7th MICCAI BraTS Challenge (2018)

557 of 578

Title Suppressed Due to Excessive Length

9

Prediction and Fusion In the prediction phase, we not only use the ﬁnal
result but also use the intermediate output results, and concatenating them as
the ﬁnal prediction result. In the training phase, each neural network is trained
in axial, sagittal and coronal views. During the test phase, predictions are fused
to get the ﬁnal segmentation. We average the softmax outputs in these cascade
networks. Fusion structure is a simple 3*1*1 convolution. The model decomposes
3*3*3 convolution kernels to 1*3*3 convolution and 3*1*1 convolution.

3

Experiments and Results

Brain tumor segmentation is a challenging task, which has attracted a lot of
attentions in the past few years. We use the BRATS 2018 dataset [17, 18], which
is composed of multiple segmentation subproblems. The whole tumor region is
identiﬁed in a set of multi-modal images, tumor core areas and active tumor
regions, referred as ”whole tumor”,”tumor core” and ”enhancing tumor core” as
per[19].
Medical Image Data Brats 2018 dataset contains real volumes of 210 highgrade and 75 low-grade glioma subjects. For each patient, T1Gd, T1, T2, FLAIR
and Ground Truth MR volumes are available. These 285 subjects are used in
training set, and there are 66 other subjects as the validation dataset. Considering the unbalance distribution of the training data, we expand the LGG dataset
3 times based on the original one. When training the network, we randomly
choose 5 subjects as the input. All of these volume average size is 155 * 240 *
240, we resize the volume and extract the voxel of speciﬁed shape in the middle
volume as the ﬁnal training input.
Training Details Our network is implemented in Tensorﬂow and NiftyNet.
We use Adam optimizer to train, and use PReLu[20] as the activation, set the
batch-size = 5, weight decay = 10−7 , learning rate = 10−3 , max-iteration = 20k.
We train on the GTX 1080Ti GPU. For the data pre-processing, the images are
normalized by the mean and standard deviation. And we use the Dice coeﬃcient
as the model loss function.
Segmemtaion Results The detail results of our model predict are shown as
follows.
Table 1. Dice coeﬃcient results of our model’s prediction.
Data Set Dice-ET Dice-WT Dice-TC
Training 0.72867 0.88453 0.83376
Validation 0.7838 0.87815 0.80731
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Table 2. Sensitivity results of our model’s prediction.
Data Set Sensitivity-ET Sensitivity-WT Sensitivity-TC
Training
0.80547
0.92371
0.8778
Validation
0.8138
0.93498
0.84425

Table 3. Speciﬁcity result of our model’s prediction.
Data Set Speciﬁcity-ET Speciﬁcity-WT Speciﬁcity-TC
Training
0.99814
0.99163
0.99582
Validation
0.99817
0.99096
0.99665

Table 4. Hausdorﬀ95 results of our model’s prediction.
Data Set Hausdorﬀ95-ET Hausdorﬀ95-WT Hausdorﬀ95-TC
Training
5.65727
16.99984
7.08216
Validation
4.37991
19.03361
9.40808

Fig. 6. Example of one patient’s segmentation result of our model.
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Conclusion

Due to the limitation of time, we don’t perform enough parameter adjustment
experiments and don’t use other optimization algorithms. In addition, in the
stage of the data processing, we don’t test other volume size of the input data,
only use single volume size. We believe that the results can be better if we
perform enough experiments. In the future, we plan to integrate convolution
CRFs[21] and self-attention of 2D image segmentation into our model.
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Abstract. Segmentation of brain glioma is a challenging task in field of medical
image processing due to its diversity of intensity and complex shapes. This paper
presents a method which combines U-net and DenseNet to efficiently segment
the brain gliomas. This Dense U-net use skip connections densely which increases the number of convolutional layers to improve the performance and avoid
overfitting. We use a two-step strategy: firstly segment whole the tumor from a
low resolution volume and then feed with tumor patch to second step which refine
segmentation. Preliminary results from the current version on validation data had
mean dice coefficients of 0.75, 0.89, and 0.74 for enhancing tumor, whole tumor
and tumor core respectively.
Keywords: BraTS, brain tumor segmentation, U-Net, DenseNet.

1

Introduction

Gliomas originating from glial cells are one type of the most common tumors in human
brain. Accurate segmentation and measurement is needed since early diagnosis of gliomas is helpful prolonging the survival time of patients. However, the Magnetic Resonance Images of gliomas has plenty problems such as the unclear tumor boundaries,
irregular shapes and image discontinuities [1-4].
With the improvements of computer hardware and network structure, deep learning
algorithms, especially convolutional networks, have quickly become the preferred
method for images processing. They are practical tools helping us to solve medical
image analysis problems, especially for accurately detection, segmentation and lesion
classification. In segmentation task, Jonathan Long [5] proposed that by rewriting the
fully connected layers as convolutions, the FCN can produce a likelihood map, rather
than an output for a single pixel. Ronneberger et al. (2015) [6] further developed the
idea of FCN architecture and proposed the U-net. They use up-sampling to increase the
image size, and add skip connections from the encoder features to the corresponding
decoder activations. This model consists of two parts, the one is an encoder part where
the spatial dimension of feature maps is gradually reduced and thus longer range information is more easily captured in the deeper encoder output, and the other is a decoder
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part where object details and spatial dimension are gradually recovered. Cicek et al.
(2016) [7] took a further step by modifying U-net to fit for 3D data.
Deeper model can always have better performance. However, the optimization problem of gradients vanishing prevent the model going deeper. ResNet [10] is proposed to
solve this problem and makes it possible to train up to hundreds or even thousands of
layers and still achieves compelling performance. Similar with ResNet structure,
DenseNet [11] takes advantage of an observation that densely connected layers may
leads a deeply, accurately and eﬀ ectively performance by using a diﬀ erent connectivity pattern.
In this paper, we propose a network which combines the advantage of DenseNet and
U-net to participate in 2018 BraTS Challenge. Every participant is required to complete
a task to challenge multi-modality tumor segmentation for "enhancing tumor"(ET),
the "tumor core"(TC), and the "whole tumor"(WT) of glioblastoma (GBM/HGG) and
lower grade glioma (LGG) from pre-operative brain scans of patients. The experiment
results show that Dense U-net can effectively cope with the optimization problem of
gradients vanishing when training a 3D deep model, accelerate the convergence speed
and simultaneously improve the precision of segmentation.

2

Methods

2.1

Data Preprocessing

In the applications of medical image processing, data augmentation is very important
to avoid overfitting of the model due to the limited size of medical image dataset. The
main augmentation method we use is elastic deformation. The elastic deformation was
performed by defining a random smooth displacement field u(x, y, z) [12]. Suppose
𝑅𝑜 describes the location (x, y, z) of the pixels in the original volume, and 𝑅𝑤 is the
location (x ′ , y ′ , z′) of the corresponding pixels in the warped volume. The relationship between 𝑅𝑜 and 𝑅𝑤 is defined as
𝑅𝑤 = 𝑅𝑜 + 𝜕𝑢

(1)

where ∂ is the strength of the displacement. To make the warped volume more similar
to the real MR data, the displacement field u should be smoothed by Gaussian filter.
The smoothness of the displacement field is controlled by the standard deviation σ of
the Gaussian. Fig.1 shows the results of data augmentation by elastic deformation. Beside elastic deformation, we also use random crop, flipping along the left-right axis in
the axial plane, zoom and etc. for data augmentation.
In order to reduce the effect of the absolute pixel intensities of the model input, intensity normalization step is applied to each volume by subtracting the mean and dividing by the standard deviation. So each input volume will have a zero mean and unit
variance. Besides, zero-padding in MR data should be removed for the limit of GPU
memory.
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Fig. 1. The results of data augmentation by elastic deformation

2.2

Dense U-net

Current research has shown that if a convolution network contains a shorter connection
between a near-input layer and a near-output layer, the convolution network can be
trained more deeply, accurately and effectively. DenseNet takes advantage of this observation by using a different connectivity pattern. DenseNets have several compelling
advantages: they alleviate the vanishing-gradient problem, strengthen feature propagation, encourage feature reuse, and substantially reduce the number of parameters.
In the task of image segmentation, DenseNet based Fully Convolutional Networks
(FCN) has been proved to be effective in natural image [13]. However, the traditional
FCN only replace the fully connected layers with convolution operation and it’s hard
to achieve a satisfactory result on the details of segmentation. U-net, which use encoder
to gradually enlarge the field of view and decoder recovers the object details, has been
widely used in medical image segmentation. Here we insert dense blocks to U-net structures so that the network can be much deeper and more effective. Here is the details of
Dense U-net:
Similar with traditional U-net, Dense U-net has two paths: a downward path (left)
and an upward path (right). The networks have 4 levels encoder in the downward path,
4 levels decoder in the upward path and a base level. In the encoder path, each encoder
level has a dense blocks (DB). Each layer in the dense block can use the feature-maps
of all preceding layers as inputs, and use its own feature-maps as inputs into all subsequent layers. The dense blocks are made up of repeated Batch Normalization layers,
ReLU, 3×3×3 convolutions and concatenate operations (as shown in Fig.2). Zero padding is used at every layer to equalize input and output dimensions. Dropout at a rate
of 50% was used after the fourth and fifth dense block. The output feature map has
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1×1×1 convolution and pooling operation, then was passed to the next dense block. In
the decoder path, each compact layer is consisted of two convolutional layers following
by an upsampling layer. The upsampling layer uses simple resizing by trilinear interpolation. Like the common U-net, a feature map from the last layer of each pooling step
is concatenated depth-wise with the upsampled layer.

Fig. 2. (a) Structure of Dense U-net, dense blocks are used in each level of encoder part.
(b) Structure of dense block

2.3

Two-Step Segmentation

The segmentation was divided into 2 steps: coarse segmentation and fine segmentation.
Both steps are based on a 3-D Dense U-net structure. The whole procession is described
in Fig.3. First of all, we prepare the input volumes containing four modalities: native
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(T1), post-contrast T1-weighted (T1Gd), T2-weighted (T2), and T2 Fluid Attenuated
Inversion Recovery (FLAIR). For the limit of GPU memory, we crop and downsize the
volume. In the first step, the output of coarse segmentation network is the mask of lesion area.
From the first step, we get the position of gliomas and then exact the slices which
possibly containing lesion area. As input of step 2, the lesion slices is feed to the Fine
Segmentation Network which generates the masks of enhancing tumor (ET), tumor core
(TC) and whole tumor (WT). Some particularities of each network are explained in the
following sub-sections.

Fig. 3. Block diagram of two-step segmentation.

Coarse Segmentation Network This network input 112×128×64a volume with 4
channels. This volume is generated by down sampling the original MR data. Due to the
limitation of GPU memory (one GPU has memory of 12 GB), this down sampling is
very necessary. The model is finished by using sigmoid function to distinguish background and lesion area. The output of the network is a one-channel 112×128×64 volume.
Fine Segmentation Network This network have an input of 4-channel 144×144×48
volume. It was noted that symmetry in axial view is an important cue for brain tumor
segmentation as tumors usually break symmetric appearance in a healthy brain [15]. So
we only remove the slices without tumor regions along z-axis. The final segmentation
is operated by a convolutional layer followed by a softmax activation among the 4 classes.
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Fig. 4. A figure caption is always placed below the illustration. Short captions are centered, while
long ones are justified. The macro button chooses the correct format automatically.

3

Experiments and Results

Training Details: The models were trained using Keras framework with TensorFlow
backend and four NVIDIA TitanX GPUs. The models in Coarse Segmentation Network
and Fine Segmentation Network have the same structure and the training takes 4 days
on 4000 3D volumes with 4 channels. All models used a NADAM optimizer with a
learning rate between 0.002 and 0.00002. For we have 4 GPUs, the batch size was set
as 4. We used categorical cross-entropy as the loss function and weight decay (L2
weighting factor = 0.00001) for regularization. The network was trained for 30 epochs.
265 of the training datasets are used for model training and the rest 20 datasets are used
for validation. With multiple submissions to the CBICA’s Image Processing Portal, we
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are able to compare the performances with other teams and improve our models. The
results are tested on all 66 validation dataset. The evaluation metrics includes Dice Coefficient, Hausdorff Distance and Sensitivity and Specificity. The results are shown in
Table 1 and Table 2. Our method performs well among the participations and there’s a
lot of indications showing that some improvements and further research is needed before it fulfills its potential.
Table 1. Dice and Sensitivity for BraTS 2018 validation dataset.

Mean

ET
0.7486

Dice
WT
0.8895

StdDev

0.2649

0.1212

0.2920

0.2727

0.1358

0.3023

Median

0.8517

0.9100

0.8671

0.8113

0.9181

0.8585

25quantile

0.7822

0.8849

0.6778

0.7102

0.8586

0.6206

75quantile

0.8742

0.9380

0.9212

0.8921

0.9473

0.9242

TC
0.7395

ET
0.7325

Sensitivity
WT
0.8803

TC
0.7209

Table 2. Specificity and Hausdorff95 for BraTS 2018 validation dataset.

Mean

ET
0.9832

Specificity
WT
0.9806

TC
0.9833

ET
21.9397

Hausdorff95
WT
7.2743

TC
27.3519

StdDev

0.1229

0.1226

0.1229

78.6565

17.0189

78.3757

Median

0.9991

0.9967

0.9990

2.0000

3.2395

4.9268

25quantile

0.9981

0.9942

0.9973

1.4142

2.2361

2.2894

75quantile

0.9996

0.9981

0.9996

3.6723

5.0000

11.1298

4

Conclusion

Dense U-nets allow layers accessing to feature-maps from all of its preceding layers.
This indicates that features extracted by shallow layers can be reused by every deeper
layer. What’s more, thanks to the U-net structure, the feature maps extracted by every
dense block can also reused in the deeper layers. The efficiency of feature reuse is even
higher and the number of feature maps can be even smaller. All in all, Dense U-nets
can effectively cope with the optimization problems of gradients vanishing and improves the precision of segmentation. The experiments are done on BraTS Challenging
2018 validation data. Currently the result is far from perfect, but this networks have
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huge potential. We believe that by parameters tuning the model can have a better performance and achieve an outstanding ranking score.
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Abstract. Thanks to the powerful representation learning ability, convolutional neural network has been an effective tool for the brain tumor
segmentation task. In this work, we design multiple deep architectures of
varied structures to learning contexual and attentive information, then
ensemble the predictions of these models to obtain more robust segmentation resluts. In this way, the risk of overfitting in segmentation
is reduced. Preliminary results on validation dataset of BRATS 2018
challenge demonstrate that the proposed method can achieve good performance with average DICE scores of 0.90, 0.83 and 0.79 for complete
tumor, core tumor and enhancing tumor, respectively.

1

Introdution

Brain tumor is one of the most fatal cancers, which consists of uncontrolled,
unnatural growth and division of the cells in the brain tissue [1]. The most
frequent types of brain tumors in adults are gliomas that arise from glial cells
and infiltrating the surrounding tissues [2]. According to the malignant degree
of gliomas and their origin, these neoplasms can be categorized into Low Grade
Gliomas (LGG) and High Grade Gliomas (HGG) [2, 3]. The former is slowergrowing and comes with a life expectancy of several years, while the latter is
more aggressive and infiltrative, having a shorter survival period and requiring
immediate treatment [2]. Therefore, timely diagnosis of brain tumor is of critical
importance for assisting the doctors to perform surgery and make treatment
planning.
In recent years, convolutional neural networks (CNNs) have been widely applied to automatic brain tumor segmentation tasks. Pereira et al. [14] and Havaei
et al. [12] respectively trained a CNN to predict the label of the central voxel
only within a patch, which causes that they suffer from high computational
cost and time consumption during inference. To reduce the computational burden, Kamnitsas et al. [5] propose an efficient model named DeepMedic that can
predict the labels of voxels within a patch simultaneously, in order to achieve
?
??

stands for equal contribution.
corresponding author.
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dense predictions. Recently, fully convolutional networks (FCNs) have achieved
promising results. Shen et al. [6] and Zhao et al. [10] allow end-to-end dense
training and testing for brain tumor segmentation at the slice level to improve
computational efficiency. With a large variety of CNN architectures proposed,
the performance of automatic brain tumor segmentation from Magnetic Resonance imaging (MRI) images has been improved greatly.
In this work, we construct multiple different CNN architectures and approaches to ensemble their prediction results, in order to create stable and robust
segmentation performance. In this preliminary work, we evaluate our approaches
on the validation set of 2018 Brain Tumor Segmentation (BRATS) challenge,
where we obtain the good performance with average DICE scores of 0.90, 0.83
and 0.79 for complete tumor, core tumor and enhancing tumor, respectively.

2

Data

We use the training set of 2018 Brain Tumor Segmentation challenge [2, 4, 7, 8],
which contains 210 high-grade glioma (HGG) and 75 low-grade glioma (LGG)
cases, whose corresponding manual segmentations are provided. As shown in
Fig. 1, the provided manual segmentations include four labels: 1 for necrotic
(NCR) and the non-enhancing (NET) tumor, 2 for edema (ED), 4 for enhancing
tumor (ET), and 0 for everything else, i.e. normal tissue and background (black
padding). The validation set consists of 66 cases with unknow grade and hidden
segmentations. The valuation for validation set is conducted via an online system.
The official evaluation is calculated by merging the predicted labels into three
regions: whole tumor (1,2,4), tumor core (1,4) and enhancing tumor (4). Besides,
each patient has four MRI sequences that are named T1, T1 contrast enhanced
(T1ce), T2 and FLAIR. These datasets are provided after their pre-processing,
i.e. co-registered to the same anatomical template, interpolated to the same
resolution (1 mm3 ) and skull-stripped. Dimensions of each MRI sequence are
240 × 240 × 155.

Fig. 1. Example of images from the BRATS 2018 dataset. From left to right: Flair, T1,
T1ce, T2 and manual annotation overlaid on the Flair image: edema (green), necrosis
and non-enhancing (yellow), and enhancing(red).
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3

Methods

As is well known, brain tumor segmentation from MRI images is a very tough
and challenging task due to the severe class imbalance problem. Following [13],
we decompose the multi-class brain tumor segmentation into three different but
related sub-tasks to handle the class imbalance problem. 1) Coarse segmentation to detect complete tumor. In this sub-task, the region of complete tumor is
located. To reduce overfitting, we define the first task being the five-class segmentation problem. 2) Refined segmentation for complete tumor and its intratumoral classes. The above coarse tumor mask is dilated by 5 voxels as the ROI
for the second task. In this sub-task, the intra-tumoral classes of the dilated
region are predicted. 3) Precise segmentation for enhancing tumor. We specially
design the third sub-task to segment the enhancing tumor, due to its difficulty
of segmentation.
3.1

Model Cascade

In view of the above three sub-tasks, it is probably easy to train a CNN individually for each sub-task, which is the currently popular Model Cascade (MC)
strategy. We use a 3D variant of the FusionNet [9], as illustrated in Fig. 2. The
network architecture consists of an encoding path (upper half of the network) to
extract complex semantic features and a symmetric decoding path (lower half
of the network) to produce the same resolution as the input for voxel-to-voxel
predictions. The network is constructed by four types of basic building blocks,
as shown in Fig. 2. In addition, the network has not only the short shortcuts in
residual blocks, but also three long skip connections to merge the feature maps
from the same level in the encoding path during decoding by using a voxel-wise
addition. We employ the identical network architecture for each sub-task, except for the final convolutional classification layer. The number of channels of
last classification layer is equal to 5, 5 and 2 for the first, second and third subtasks, respectively. Size of input patches for the network is 32 × 32 × 16 × 4,
where the number 4 indicates the four MRI modalities.
3.2

Multi-scale Contextual Information

To deal with the 3D medical scans, we employ the above 3D CNNs that process
small 3D patches. However, small patches cause the network to lean the limited
local information. It seems necessary to introduce large contextual information,
in order to provide larger receptive fields and more contextual information to
the network. Therefore, based on the above 3D CNNs, we design a two parallel
pathway architecture that processes the input images at multiple scales simultaneously. As shown in Fig. 3, we incorporate both local and larger contextual
information to the above 3D CNNs, which not only extracts semantic features at
a higher resolution, but also considers larger contextual information from lower
resolution levels. It can provide rich information to discriminate voxels that
appear very similar when considering only local appearance, avoiding making
wrong predictions.
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Fig. 2. Network architecture used in each sub-task. The building blocks are represented
by colored cubes with numbers nearby being the number of feature maps. C equals to
5, 5, and 2 for the first, second, and third task, respectively. (Best viewed in color)
This figure is reproduced from [13].
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Fig. 3. The porposed network architecture to introduce multi-scale contextual information.

3.3

One-pass Multi-task Network

The above proposed model cascade approaches have obtained promising segmentation performance, which is attributed to relieve the class imbalance problem.
Evidently, model cascade approaches need to train a series of deep model individually for the three different sub-tasks. However, they would lead to large
memory cost and system complexity in practice during training and testing. In
addition, we observe that the networks used for three tasks are almost the same
except for the training data. It is obvious that the three sub-tasks are relative
to each other.
Therefore, we employ the one-pass multi-task network (OM-Net) proposed
in [13] , which is a multi-task learning framework that incorporates the three subtasks into a end-to-end holistic network, to save a lot of parameters and exploit
the underlying relevance among the three sub-tasks. The OM-Net proposed in
[13] is described in Fig. 4, which is composed of the sharable parameters and taskspecific parameters. Specially, the shared backbone model refers to the network
layers outlined by the yellow dashed line in Fig. 2, while three respective branches
for different sub-tasks are designed after the shared parts.
In addition, inspired by the curriculum learning theory proposed by Bengio
et al. [11] that humans can learn a set of concepts much better when the concepts
to be learned are presented by gradually increasing the difficulty level, we adpot
the curriculum learning-based training strategy in [13] to train OM-Net more
effectively, so that data sharing and parameters sharing are achieved in a single
deep model. The training strategy of our framework is to start training the
network on the first easiest sub-task, then gradually add the more difficult subtasks and their corresponding training data to the model. This is a process from
easy to difficult, highly consistent with the thought of manual segmentation of
the tumor. Besides, the training data conforming to the sampling strategy of the
other sub-tasks can be transferred to achieve data sharing. Eventually, the OMNet is a single deep model to slove three sub-tasks simultaneously in one-pass.
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Fig. 4. Architecture of OM-Net. Data-i, Feature-i, and Output-i denote training data,
feature, and classification layer for the i-th task, respectively. The shared backbone
model refers to the network layers outlined by the yellow dashed line in Fig. 2. This
figure is reproduced from [13].

3.4

One-pass Multi-task Network with Attention Mechanisms

Convolutional neural networks have powerful ability to extract informative features by fusing rich information together within local receptive fields through the
convolution operation. To boost the representational power of a CNN, Squeezeand-Excitation (SE) block is proposed to adaptively perform channel-wise feature recalibration by explicitly modelling interdependencies between channels
in [15]. Inspired by it, we employ the SE blocks to the OM-Net, in order to
re-calibrate the feature maps and further improve the learning and representational properties of OM-Net. The SE block is described in Fig. 5. Similar to [15],
the SE block focuses on channels to adaptively recalibrates channel-wise feature
responses in two steps, squeeze and excitation. It helps the network to increase
the sensitivity to informative features and suppress less useful ones.

澳濁濁濁濁濁濁澳

濖瀂瀁瀉濁澳

澳濁濁濁濁濁濁澳

濶濻濴瀁瀁濸濿激瀊濼瀆濸澳瀆濶濴濿濼瀁濺澳

Fig. 5. The adopted Squeeze-and-Excitation (SE) block.
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3.5

7

Ensembles of the Above Multiple Models

By bagging together all the above models, we obtain more robust performance
to fuse the segmentation results from the above multiple CNNs.

4

Experiments

4.1

Pre-processing

We adopt the minimal pre-processing operation to the BRATS 2018 data. That
is, each sequence is individually normalized by subtracting its mean value and
dividing by its standard deviation of the intensities within the brain area in that
sequence.
4.2

Results

Preliminary results on the validation set of 2018 BRATS challenge were presented in Table 1.
Table 1. A summary of the individual net results and the results of ensembles (%)
DSC

Sensitivity

Specificity

Hausdorff95

Method
Enh. Whole Core Enh. Whole Core Enh. Whole Core Enh. Whole Core
MC-Net (multi-scale)

77.65 90.74 82.26 83.19 90.80 82.08 99.75 99.52 99.76 3.72

4.48

6.37

OM-Net

78.82 90.34 82.73 79.53 90.84 78.83 99.84 99.48 99.85 3.10

6.52

7.20

OM-Net with attention 79.10 90.12 83.34 80.87 90.62 80.60 99.82 99.48 99.82 3.86
Ensembles

5

79.22 90.74 83.58 81.35 90.80 81.01 99.82 99.52 99.82 2.80

15.85 17.78
4.48

7.07

Conclusion

In this work, we propose to ensemble multiple CNNs to produce robust performance for brain tumor segmentation. In the future, we would investigate the
more powerful network architectures and post-processing to further promote the
segmentation performance.
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