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Multichannel Image Registration by
Feature-Based Information Fusion

Yang Li and Ragini Verma*, Member, IEEE

Abstract—This paper proposes a novel nonrigid inter-subject
multichannel image registration method which combines informa-
tion from different modalities/channels to produce a unified joint
registration. Multichannel images are created using co-registered
multimodality images of the same subject to utilize information
across modalities comprehensively. Contrary to the existing
methods which combine the information at the image/intensity
level, the proposed method uses feature-level information fusion
method to spatio-adaptively combine the complementary infor-
mation from different modalities that characterize different tissue
types, through Gabor wavelets transformation and Independent
Component Analysis (ICA), to produce a robust inter-subject reg-
istration. Experiments on both simulated and real multichannel
images illustrate the applicability and robustness of the proposed
registration method that combines information across modalities.
This inter-subject registration is expected to pave the way for
subsequent unified population-based multichannel studies.

Index Terms—Deformable registration, diffusion tensor imaging
(DTI), independent component analysis (ICA), information fusion,
Gabor filter, multichannel image registration.

I. INTRODUCTION

W ITH advances in technology, more and more imaging
modalities have become available for clinical/research

studies, for instance, X-ray computed tomography (CT),
positron emission tomography (PET) and magnetic resonance
imaging (MRI). In MRI, different protocols (T1, T2, FLAIR,
mPRAGE and diffusion tensor imaging (DTI), etc.) can also
be viewed as different modalities. Each of these modalities
provides some unique and often complementary characteri-
zation of the underlying anatomy and tissue microstructure.
For instance, structural T1 images provide contrast between
the gray matter (GM), white matter (WM), and cerebrospinal
fluid (CSF). On the other hand, DTI captures the directional
micro-structural information within WM as a tensor, which
complements the missing orientation information in structural
images. This calls for a joint analysis of these multimodality
images. We define a multichannel image for each subject as
the co-registered collection of all single modality images that
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represent the same anatomy. Analysis of such images will be
referred to as multichannel image analysis (MIA), which has
become an active area of research with the growth in the number
of imaging techniques, that provide different characterization
for the same anatomy.

As in the analysis of single modality images, inter-subject
spatial normalization/registration is the crucial first step for
any population-based MIA. In contrast to the population-based
image analysis using single modality, the population-based
MIA utilizes the richer information carried by the multichannel
image set. Although it is possible to use the deformation field
from the registration of one modality to spatially normalize all
other modalities in the multichannel image, this method has
acceptable results only when there is a “dominating” modality
that can give almost all anatomical information to drive the
registration. For e.g., T1 structural images cannot do as well
on white matter in registration, as compared to DTI, as DTI
is a WM specific modality. Usually, since different modalities
characterize different tissue types, using the information from
only one channel will result in reduced accuracy in the areas
where the driving modality does not characterize the underlying
tissue type well. And this problem is more challenging when
anatomical information is relatively evenly distributed across
modalities without a “dominating” modality that gives enough
anatomical information to drive the registration. Specifically,
using a true inter-subject multichannel registration algorithm
has several benefits. 1) By combining complementary infor-
mation from different modalities which characterize different
aspects of the anatomy, the multichannel image registration is
expected to be more robust and accurate. 2) The deformation
field obtained is common to all the modalities, therefore the
spatially normalized images of all modalities can be jointly
statistically analyzed, in contrast to using separate registrations
for each of the modalities which usually generates inconsistent
deformation fields. 3) Although different modalities can pro-
vide complementary information, a considerable portion of the
information could be overlapping and hence “redundant” or less
reliable (such as the WM information from T1 in comparison
to that from DTI). Therefore, by controlling the redundancy
(as explained above) appropriately, the multichannel image
registration can be more efficient and reliable. Multichannel
inter-subject registration is rendered challenging because there
could be competing information from different modalities. We
propose a multichannel inter subject registration that combines
information across modalities in such a way as to alleviate these
challenges and provide an effective joint registration.

More formally, we define a multichannel image as a set
of images from different modalities or scanning parameters,
which depict the same subject: , where is
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the total number of modalities in the multichannel image. For
any spatial location . Throughout this
paper, we assume that, all the image channels have
been co-registered to each other through mutual information
(MI)-based intra-subject multimodal registration method, such
as [1]. Although there are several established methods for
single modality deformable registration, to the best of our
knowledge, methods for multichannel image registration re-
main scarce in the literature, mainly owing to the challenge of
combining information effectively. In [2], Park et al. proposed
a deformable multichannel image registration method using
multichannel demons [3], in which, the multichannel image
consists of a T2-weighted image and other scalar images de-
rived from DTI. After these scalar images were co-registered
within each subject, two multichannel images and
were registered as multidimensional vector images using the
metric ,
where is the scalar image metric. In this method, every image
channel is assigned equal importance in the image matching
at every voxel. More recently, in [4], multiple channels con-
sisting of T1, DTI and cerebral blood flow (CBF) image were
registered by defining the multichannel similarity metric as
a weighted summation of each modality’s similarity metric

,
where and are the weights and similarity metric for the
th image modality. Although, in the paper, spatially-consistent

weight were used in the experiments, the authors
also suggested that a spatially-adaptive weighting function

properly-defined on the image domain could generate
better results, due to the fact that different tissue types need
different modalities to characterize. MI ([5], [6]) has been
proven to be a very robust and reliable similarity metric for
multimodal image registration [7]. In [8], multichannel MI
was used to match the multichannel images, in which DTI was
incorporated as a constraint into the registration of T1 images.
Due to the impractical number of histogram bins required by
the multichannel MI of all seven image channels (T1 and six
tensor components), a simplification of only using two tensor
components, and , was adopted based on the fact that
the different diffusion directions are relatively uncorrelated. For
other multichannel images with large number of uncorrelated
channels, multichannel MI remains computationally expensive.
To avoid the extremely high number of histogram bins required
by the multichannel formulation, a Bayesian framework was
proposed in [9] to register the multichannel image. Based on
the assumption that the underlying anatomy consists of finite
number of structures, the varying radiometric intensity values
across different image modalities is estimated as the posterior
mass functions associated with each of the structures. Then,
the Kullback–Leibler divergence in the space of probability
mass functions (acquired through a training process) is used as
a similarity metric to drive the registration.

The main challenge associated with multichannel image reg-
istration is how to best fuse the multimodal information to guide
the registration, so that competing and redundant information
is minimized, and complementary information is emphasized.
The meaning of “fuse” is two-fold here. Firstly, on different
tissue types, it means to adaptively select the features that best

Fig. 1. Characterization ability of modalities. Images from three different
modalities of the same subject are co-registered, in which, (a), (b), and (c) show
the corresponding location on WM. The intensity values of the three points are
related as: � � � � �. However, the PD image gives better characterization
of the underlying WM structure, because it gives better contrast between WM
and the surrounding tissues, although � has neither the lowest, nor the highest
intensity value.

characterize the underlying anatomical structure. In this way,
the complementary information from different modalities are
merged and, thereby, making the registration more accurate.
Secondly, it aims at removing the redundant/less-reliable in-
formation. For a particular tissue type, usually, there is one or
several modalities that give relatively more reliable information.
For the most part, information from other suboptimal modalities
could be low on reliability and somewhat redundant, due to the
noisier signal with lower contrast. From another point of view,
removing redundancy may also be understood as alleviating the
possible “contradictoriness” between different modalities. That
is, the same point could lead to different correspondences by
using information from different modalities. In such a scenario,
the most reliable modality is selected, omitting the less reliable.
For example, any GM voxel will be better characterized by T1
than by fractional anisotropy (FA) measures obtained from DTI.
Adding all the FA information to characterize GM may confuse
the registration with CSF or fiber crossings. So losing the redun-
dant part of FA information for this voxel may actually enhance
the matching ability of this voxel. Likewise, two modalities such
as T1 and gadolinium-enhanced T1 may convey the same infor-
mation in all nonenhanced tissue and hence be overlapping and
redundant. Therefore, to improve the efficiency and reliability
of the multichannel image registration, for each tissue type, it is
beneficial to only keep the most pertinent information from all
the modalities, and discard the part that overlaps or less reliable.
Such information will be referred to as “redundant” in the paper.

In contrast to the existing methods that are trying to solve the
challenging information fusion problem in multichannel image
registration at image/intensity level, in this paper, we propose
to fuse the multimodal information using Gabor Wavelets trans-
formation. The main drawback of dealing with the information
fusion problem at image/intensity level is that, it is difficult to
extract and distinguish between complementary and redundant
information, since for a specific tissue type, a higher intensity
value does not necessarily indicate a stronger tissue character-
ization ability which reflects how a modality can discriminate
one tissue type from another. Here, we use an example to ex-
plain this. Fig. 1 shows the co-registered PD, T2 and T1 images
of a single subject and the intensities have been normalized into
the same range. , and are three corresponding points on
WM from the three different modalities, respectively. For the
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intensity values of three points, we can find that .
However, if it is asked which modality best characterizes the
WM and discriminates it from other tissue types, we may say
that, although is neither the lowest, nor the highest intensity
value, it is the PD image that gives the best characterization of
the underlying WM structure. This is because the proton-den-
sity (PD) image provides the highest contrast between WM and
other tissues. Therefore, as this example shows, it is difficult to
compare the characterization ability of different modalities by
directly comparing the intensity values. Instead, this character-
ization ability is proportional to the contrast level the modality
can provide.

To measure this characterization ability, multiresolution
analysis methods, such as, discrete wavelets transform (DWT)
or Gabor wavelets transform have been shown to be appro-
priate tools [10], as the strength of the output signal from the
high-pass (wavelets) or band-pass (Gabor) filter, which reflects
the contrast level, is a reliable indicator of the characterization
ability at different scales and locations. Based on this idea of
measuring the characterization ability, multiscale decomposi-
tion (MSD)-based information fusion scheme was proposed
and has been successfully used in image fusion [11]. In this
paper, by adopting a similar information fusion scheme based
on Gabor wavelets transform, we propose a novel multichannel
image registration algorithm. The remaining part of this paper
is organized as the follows. The basic idea of MSD-based
information fusion scheme is introduced in Section II-A. After
giving an overview of the proposed information fusion scheme
and the dissimilarity metric for multichannel image registration
in Section II-B, details of the proposed algorithm are described
in Section II-C. Then in Section II-C6, all the components are
incorporated into a registration framework for inter-subject
multichannel image registration. After that, in Section III, we
apply our new registration algorithm to both simulated and real
multichannel image sets to validate the proposed method. The
results show that the proposed multichannel image registration
method can integrate and enhance complementary information,
while eliminating the less reliable/redundant information from
different channels and leads to a more accurate and robust
inter-subject registration at low computational cost.

II. METHODS

As the pivotal problem for information fusion, the method of
measuring the characterization ability using discrete wavelets
or Gabor wavelets transformation is first illustrated through an
example of image fusion. It is worthwhile to mention that, al-
though a similar information fusion scheme is used in our reg-
istration method, we do not explicitly fuse the images from dif-
ferent modalities and then perform the registration on the fused
image. Instead, we fuse the information in the process of finding
the correspondences between two images (see more details in
Section II-C3).

A. Measuring the Characterization Ability, an Example of
Image Fusion

Suppose we have two co-registered images of the same sub-
ject from different modalities, such as the T1 and FA image
(computed from DTI data, depicting the underlying anisotropy

Fig. 2. An example of image fusion by the choose-max scheme. (a) T1 image.
(b) FA image. (c) Fused image. As can be seen, the fused image displays the
WM detail from the FA image and the GM detail from the T1 image.

of the tissue [12]) shown in Fig. 2. Both the images provide a lot
of complementary information. The purpose of image fusion is
to combine the information from the two modalities into a single
image such that the resulting image is more informative than any
of the single input images. To achieve this, in MSD (multiscale
decomposition)-based information fusion, after being normal-
ized into the same intensity range, an image is decomposed
into a series of wavelets coefficients , where , and

indicate the decomposition level, the frequency band and
the position in a frequency band, respectively. As
reflects the local energy of the output of the high-pass filter
banks and is a good indicator of the characterization ability of
each modality at that specific scale, frequency band and po-
sition, the simplest but efficient information fusion rule is the
“Choose-Max” scheme [11]. That is, to fuse two images and

, we can get the wavelets-based MSD representation of the
fused image by only keeping the coefficient with the largest
absolute value (magnitude). After that, an inverse DWT can be
performed to finally get the fused image . As an example, by
using this method, the T1 and FA image are fused as shown in
Fig. 2(c). As we can see, the fused image gives a good char-
acterization of both the WM and cortical GM which cannot be
observed simultaneously in the input T1 and FA image individ-
ually.

Through this example, we show the effectiveness of the char-
acterization ability measuring method using multi-scale decom-
positions, such as DWT and Gabor wavelets transform. Please
note that, to make these coefficients from different image chan-
nels comparable, it is very important to make sure that the filter
banks of wavelets are applied on images with same intensity
range. More specifically, all image channels are not only inten-
sity normalized to each other, but to corresponding channels in
the other multiparametric image. That is, for instance, the struc-
tural T1 component of image A is intensity normalized to the
structural T1 component of image B, where A and B are de-
scribed by several image channels. By intensity normalization,
we mean that they have the same range of intensities obtained
by histogram equalization. In the next section, we propose our
multichannel registration method.

B. Overview of the Proposed Multichannel Image Registration
Method

Every feature-based registration method requires feature ex-
traction and a definition of a metric that will help match points
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Fig. 3. Flowchart of the proposed multichannel information fusion scheme and the registration framework.

and regions between the two images, based on these features.
This is then incorporated into an optimization framework with
appropriate smoothing terms. Before going into the details, a
schematic diagram of the entire framework is provided in Fig. 3
and summarized as the following:

1) Feature Extraction and the Measure of Tissue Charac-
terization Ability: For the multiscale decomposition method,
we use Gabor wavelets [13], as Gabor wavelet transformation
has been shown to be optimal in the sense of minimizing the
joint uncertainty in space and frequency, and has been widely
used for feature extraction [14], and hence, more appropriate
for the purpose of matching/registration. At the same time, just
like coefficients of DWT, the magnitude of the coefficients of
Gabor wavelets is also a reliable measure of the characterization
ability of each modality. Thus Gabor wavelets are a better choice
for both feature extraction/matching and tissue characterization
ability measurement, for our proposed information fusion-based
multichannel image registration.

2) Tissue-Pertinent Information Extraction Through Inde-
pendent Component Analysis: As mentioned previously, for a
particular tissue type, usually, there is one or a combination of
several modalities that give relatively more reliable information.
For other modalities, most part of the information could be less
reliable and hence redundant, although they may still contain
some useful information about the underlying tissue. There-
fore, if the “Choose-Max” criteria is directly applied between
different modalities, the residual useful information (usually a
small amount) from the other “non-max” modality will be dis-
carded. In some cases, if information about certain tissue type
is quite evenly distributed among different modalities, the cost
of this simple “Choose-Max” scheme would be high. To solve
this problem and facilitate the subsequent information fusion,
for each tissue type, it would be very beneficial to merge all the
pertinent information of this tissue type from all modalities.
In our proposed framework, independent component analysis
(ICA) is adopted to achieve this goal. By applying ICA to the
Gabor features extracted from different modalities, each of
the resultant independent components (ICs) combines all the
information regarding a particular tissue type in the feature
space. In other words, after ICA, the information pertaining to
different tissue types is “concentrated” into different ICs, and
the input information is no longer separated by their sources
(modalities), but by their targets (different tissue types). This
information “repartitioning” is important to the subsequent
“Choose-Max” step.

3) Information Fusion: As the underlying tissue type could
be different for different voxels, different independent compo-
nents (IC) are needed to acquire the best characterization. There-
fore, “Choose-Max” scheme is adopted to select the optimal IC
according to the underlying tissue type. In this spatially-adap-
tive manner, the complementary information is kept and en-
hanced while less reliable/redundancy is reduced, via informa-
tion fusion.

4) Dis-Similarity Metric: For each voxel, based on the op-
timal IC obtained through ICA and “Choose-Max” scheme, a
dissimilarity metric is defined to find the correspondence be-
tween two multichannel images.

5) Cost Function and Optimization: Finally, based on the
dissimilarity metric, the image matching problem is formulated
as a cost function. By optimizing it, the deformation field of the
registration is obtained.

We now describe each of these steps in details. We will also
illustrate each step with an example of registering T DTI
multichannel images.

C. Multichannel Image Registration by Information Fusion

1) Feature Extraction (Gabor Features): Although the regis-
tration is for 3D images, to alleviate the computational cost, we
use 3 perpendicular (axial, coronal, and sagittal) 2D Gabor filter
banks to extract the features. A 2D Gabor filter can be viewed as
a sinusoidal plane of particular frequency and orientation, mod-
ulated by a Gaussian envelope: , where

is a complex sinusoid:
and is a 2D Gaussian envelope

(1)

and characterize the spatial extent and bandwidth of
along the respective axes, and are the shifting frequency
parameters in the frequency domain. Using as the
mother wavelet, the Gabor wavelets, a class of self-similar
functions can be obtained by appropriate dilations and rota-
tions of through: , where

,
, . indicates

the number of orientations, the number of scales in the
multiresolution decomposition and is the scaling factor be-
tween different scales. These parameters can be set according
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Fig. 4. The extracted Gabor features (imaginary part) on T1 (a) and FA (c) channels. (b) and (d) are the extracted Gabor features in four scales and six orientations,
respectively. From left to right: orientation 0–5. From top to bottom: scale 0–3. It is shown that, on different location, scale and orientation, Gabor features from
different modalities are needed to best delineate the underlying structure. For instance, on the corpus callosum, since it is mainly white matter, Gabor features from
FA image give stronger response. (a) T1. (b) Gabor features of T1. (c) FA.(d) Gabor features of FA.

to [14] to reduce the redundant information (caused by the
nonorthogonality of the Gabor wavelets) in the filtered images.
Given an image , the Gabor transform with orientation

and scale can be computed as

(2)

where indicates the complex conjugate. In our work, we set the
Gabor filter to have scale levels and orientations.

Fig. 4 gives the examples of the extracted Gabor features using
the designed filter bank on T1 and FA images, respectively. As
we can see, on different locations, scales and orientations, we
need Gabor features from different modalities to best delineate
the underlying structure. For instance, in the corpus callosum,
since it is mainly white matter, Gabor features from FA image
(computed from DTI) is expected to give stronger response.

2) Independent Components of the Extracted Gabor Fea-
tures: To incorporate all the relevant information regarding each
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Fig. 5. The six channels from T1 and DTI-derived scalars that are used to create
a multichannel image for the purposes of illustration. (a) T1. (b) FA. (c) � . (d)
� . (e) � . (f) ADC.

particular tissue type from different modalities, and thus facili-
tate the subsequent “Choose-Max” information fusion scheme,
we apply the independent component analysis (ICA) [15] on the
Gabor features extracted. ICA has been successfully applied in
MRI enhancement [16], [17], functional MRI (fMRI) [18] anal-
ysis and blind source separation [19]. The basic theory of ap-
plying ICA in multichannel image analysis can be briefly de-
scribed as follows.

Let denote the multichannel image set
generated by using different imaging modalities or scanning
parameters. is the number of modalities/channels. is the
signal we observed and it can be considered as the linear mixture

of many independent sources ,
for instance water, blood, fat, GM, WM, CSF, and muscle, etc.
The statistical independence of S is due to the fact that the un-
derlying voxels are heterogeneous and consists of physically in-
dependent tissue components, e.g., water, blood, fat, GM, WM,
CSF, and muscle, etc. Therefore, they are assumed to have inde-
pendent spatial distribution. [16], [17]. is the mixing
matrix which is decided by the imaging properties of different
modalities. The objective of ICA is to find the matrix
which can restore the independent source signals from the ob-
served signals by . As and are both unknown,

Fig. 6. The ICA-enhanced Gabor features. (a) and (b) Two examples of the
Gabor feature images before-and-after ICA enhancement. All the feature images
have been normalized to the same intensity range [0 255] and are visualized with
the same colormap. More texture in the image is revealed after ICA. Red arrows
indicate such an example, where new texture can be observed after ICA, where,
at the same place, no texture is observable (same intensity as the background)
prior to ICA. (a) Example A. (b) Example B.

it is impossible to estimate them simultaneously. However, it is
known that the source signals in are statistically independent.
Therefore, in practice, an approximation of can be estimated
by iteratively modifying in such that each ele-
ment of becomes as independent as possible. If the iteration
converges, the matrix is found to be an approximation
of and is considered to be equivalent to , apart from
the scale and the permutation. For details of ICA algorithm, we
refer the readers to [20] and [21].

Specifically, to apply ICA to the analysis of multichannel
images, there are two steps: training and decomposition. In
the training step, a number of voxels are randomly selected
from a few sample multichannel images and input to the ICA
algorithm. After the above iterative optimization, when the al-
gorithm converges and the error is below a specified threshold,
the obtained decomposition matrix can be applied to decom-
pose the new multichannel image into independent component
images, each of which highlights one of the tissue types. This
decomposition process can be viewed as an information repar-
titioning process. Before decomposition, each image channel
contains information about a combination of many tissue types.
However, after decomposition, each independent component
image is “specialized” for capturing one tissue type and con-
tains all the relevant information (taken from all the modalities)
pertaining to that tissue type. Because of this “purity,” the
decomposed independent component image provides higher
contrast and better characterization than the original image
(examples can be found in [16] and [17]). It is worthwhile to
clarify that although each tissue type will be highlited in one IC,
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Fig. 7. Similarity map generated by different metrics. (a) shows the reference point (denoted by a red cross) on T1. (b) is the similarity map generated by� . (c)
is the similarity map generated by metric � (normalized to [0 1]). (d) is the similarity map generated by metric�. Red indicates high similarity. Metric� gives
more specific similarity map than the coarse metric �. By combining the two metrics in a coarse-to-fine manner, metric� gives the most specific similarity map
which indicates the highest discriminative ability.

Fig. 8. Comparison of the similarity maps of a reference point on WM. (a) and (b) show the reference point (denoted by a red cross) on T1 and DTI slices,
respectively; (c) and (d) are the similarity map only using T1 and DTI, respectively; (e) is the similarity map using both T1 and DTI without fusing; (f) is the
similarity map given by the new metric defined in (5). The color bar on the right shows that red is of highest similarity and blue is the lowest. The fused metric
using both T1 and DTI information gives the most specific similarity map which indicates the highest discriminatory ability.

Fig. 9. Comparison of the similarity maps of a reference point on GM. (a) and (b) show the reference point (denoted by a red cross) on T1 and DTI slices,
respectively; (c) and (d) are similarity map only using T1 and DTI, respectively; (e) is the similarity map using both T1 and DTI without fusing; (f) is the similarity
map given by the new metric defined in (5). The color bar on the right shows that red is of highest similarity and blue is the lowest. The fused metric using both T1
and DTI information gives the most specific similarity map which indicates the highest discriminatory ability.

Fig. 10. The discriminatory ability of the ICA-enhanced Gabor features. (a) shows the reference point. (b) is the similarity map generated by the unfused Gabor
features. (c) is the similarity map generated by the fused Gabor features without ICA-enhancement. (d) is the similarity map generated by the ICA-enhanced Gabor
features after fusion. The ICA-enhanced Gabor features give the most specific similarity map which indicating the highest discriminatory ability among three types
of features.

using ICA here is not expected to produce tissue segmentation,
but to merge all the pertinent information regarding one tissue
type into an IC. Therefore, the correspondence between each
IC and the segmentation label, such as WM, GM, or CSF is not

needed in our work, as the subsqence “choose-max” algorithm
dose not needs this information.

In our work, instead of applying ICA to the multichannel
image, we apply ICA to the multivariate Gabor features, since
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Fig. 11. The template [(a)] and the representative slices from 10 simulated subjects [(b)–(k)] used in the experiment of Section III-C.

our goal is to separate the information in Gabor feature space
according to different tissue types. For each scale and orienta-
tion, we perform an ICA (using FastICA algorithm [21]) on all
the Gabor features obtained from different modalities. We have
proposed a general framework for multichannel image registra-
tion. Here we demonstrate its applicability on the combination
of a T1 and DTI image as an example, as these images are rou-
tinely acquired in a clinical study. Specifically, we use a multi-
channel image created by combining T1 and five DTI-derived
scalar images to illustrate and test the proposed algorithm. Be-
sides T1, the five scalar images computed from DTI are FA,
apparent diffusion coefficient (ADC) [12], (sphericity),
(oblateness), and (prolateness) [22], respectively. Examples
of the six image channels of a subject are shown in Fig. 5.
As each of them gives a somewhat different characterization of
the underlying tissue, they can be viewed as different imaging
modalities. Therefore, together they provide a good example of
a multichannel image with complementary information between
different channels. Contrast enhancement similar to [16] was
also observed in our experiments. Such examples are shown in
Fig. 6. By comparing Gabor features before and after ICA, it
is shown that more texture of the image is revealed (indicated
by red arrow in Fig. 6) that is not observable or salient prior
to ICA. Note that in Fig. 6, both image intensities (before and
after) have been normalized to the same range. The newly re-
vealed/enhanced texture is attributed to ICA.

3) The “Choose-Max” Matching Metric: After the ICA step,
each IC of Gabor features is “specialized” in depicting one par-

ticular tissue type. Therefore, by using the Choose-Max scheme
on each voxel, we can choose the optimal Gabor features from
the corresponding IC to characterize the underlying structure.
Suppose we have two multichannel images
and , in which and
are two collections of co-registered images generated by dif-
ferent modalities. For each of the image channels, the raw Gabor
features are extracted on scales and orientations. For orien-
tation and scale , after ICA, the th IC of the Gabor features
of and are denoted as and , respectively. Using
the choose-max scheme, the dissimilarity between two voxels

and can be measured as

(3)

where

(4)

Equations (3) and (4) can be understood as follows. For each
voxel on the first image , the appropriate IC (contains all the rel-
evant information) corresponding to the underlying tissue type
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is chosen [by (4)] to find the correspondence point on image
[by (3)]. Therefore (3) and (4) together define the dissimi-

larity metric which is used for finding the corresponding points
on two images. Here, and are not necessarily same spa-
tial location, since before comparison, the correspondence is yet
unknown. In practice, for a fixed is usually chosen from
a neighborhood centered at the corresponding location in the
second image. We note that although metric is not sym-
metric, due to the “Choose-Max” scheme, this asymmetry can
be rectified by defining a symmetric cost function which will
be discussed in Section II-C6. Using on the six-channel
T DTI multichannel image (as shown in Fig. 5), the similarity
between a reference point on the template and other points on a
subject can be computed and shown in Fig. 7(b) as a similarity
map. As we can see, it gives substantial characterization ability
of the underlying tissue.

4) Max-Index Metric for Matching: To fully utilize the infor-
mation in the Choose-Max scheme, we design another metric
using the max indices that we already have. Let de-
note the label of the IC which generates the strongest Gabor fea-
ture at scale and orientation on . These labels are then
arranged into a vector form .
Then is a very informative fingerprint of voxel . Let

be the number of equal labels between
and . Thus, is a similarity metric with increasing res-
olution as and increase. Here, the three perpendicular 2D
Gabor filter banks each have four scales and six orientations.
Therefore, has the ability to differentiate the brain tissue into

classes. Fig. 7(c) shows the similarity map
generated by metric . As we can see, at this resolution level,
only can give considerable discriminatory power. More im-
portantly, this also shows the effectiveness of the choose-max
fusion rule. Without it, we would not have been able to get such
a specific similarity map by using only . By combining with
(3), our metric for multichannel image matching is finally de-
fined as

(5)

In (5), is designed as a coarse-to-fine metric, in which
(first part) gives a coarse/discrete similarity measure and
refines the measure. The similarity map generated by the pro-
posed metric is shown in Fig. 7(d). As we can see, in this
coarse-to-fine manner, the metric has the ability to give a very
specific correspondence measurement indicating high discrimi-
native power.

5) Discriminatory Ability of the Metric: Before using the
proposed similarity metric for multichannel image registration,
we need to test the discriminatory ability of the proposed metric
by comparing the similarity maps generated by different met-
rics. Three other metrics compared are: metric using the Gabor
features from T1 or DTI only and the metric using features from
both T1 and DTI but without fusing (as in (3) with

). As expected, for a reference point on WM, the
metric using only DTI features [Fig. 8(d)] is more discriminative

Fig. 12. Comparison of the registration accuracy on simulated images. T� �
DTI indicates the proposed multivariate registration method. T1 and DTI in-
dicate the methods which use the same deformation model and features, but
only use Gabor features from T1 or DTI, respectively. DROID and Demons are
other two methods which have different deformation model and features. Mul-
tichannel Demons (Demons-MC) is another multichannel registration method,
which is based on matching the image intensity. (a) Errors on GM. (b) Errors
on WM.

than the metric using only T1 features [Fig. 8(c)]. And similarly,
the metric only using T1 features [Fig. 9(c)] is more discrimina-
tive on GM than the metric only using DTI features [Fig. 9(d)].
Although for a reference point on GM, the metric using both
T1 and DTI without fusing improves the discriminatory power
[Fig. 9(e)], by comparing Fig. 8(e) with Fig. 8(c) and (d), we find
that, without information fusion, Fig. 8(e) shows a less specific
similarity map around the reference point. This indicates that
the discriminatory ability of this unfused metric actually deteri-
orates on WM. This is a good example demonstrating that incor-
porating information from other suboptimal modalities directly
without spatio-adaptive selection may even weaken the discrim-
inative power. The explanation of this phenomenon is that the
information given by some modalities is often noisy and less re-
liable, therefore incorporating it could “contaminate” the opti-
mality of the information from the optimal modality or IC. This
result indicates that in order to benefit from the complementary
information from all the modalities without the above contami-
nation, information fusion is a necessary step. For comparison,
the proposed new metric [defined in (5)] correctly utilizes the
information from both modalities and gives the most discrim-
inative (shown by the most specific similarity map) result on
both WM [Fig. 8(f)] and GM [Fig. 9(f)]. The gain of discrim-
inatory ability through the ICA-enhancement is also shown in
Fig. 10. By comparing Fig. 10(d) with (e) and (b), we can see
that by using ICA on the Gabor features to keep more relevant
information, we are able to get a more specific matching result
and a smoother similarity map (which benefits the optimization
step by producing less local minimum/maximum in the objec-
tive function).

6) Deformable Registration of Multichannel Image: With the
dissimilarity metric defined in (5), the problem of registering
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TABLE I
SUMMARIZATION OF THE EXPERIMENT RESULTS ON SIMULATED IMAGES

Fig. 13. The template (a) and representative slices from 10 randomly selected subjects (b)–(k) used the experiment on real image (Section III-D). In each subfigure,
the left is T1 and the right is FA computed from DTI. (In the experiment, all the five scalar images from DTI are uses to extract the Gabor features, although here
only FA is shown in this figure as a representative map computed from DTI.).

multichannel image to , can be defined as finding an
optimal transformation which minimizes the cost function

(6)

Here, the first term defines the cost of warping image
to image and the second term defines the cost of warping
image to image . Adding both of these terms makes the cost
function and, thus, the deformation symmetric. In addition, this
symmetry also corrects the asymmetry in metric [defined
in (3)], since swapping the moving and fixed images does
not alternate the cost function. The third is the regularization
term which makes the deformation field smooth. The above
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Fig. 14. Comparison of the registration accuracy on real T1 images. T��DTI indicates the proposed multichannel registration method. T1 and DTI
indicate the methods which use the same deformation model and features, but only use information from T1 or DTI, respectively. DROID (for
DTI) and Demons (for T1) are other two methods which have different deformation model and features. (a) Errors on GM. (b) Errors on WM.

TABLE II
SUMMARIZATION OF THE EXPERIMENT RESULTS ON REAL T1 IMAGES

Fig. 15. Comparison of the registration accuracy on real DTI images. T��DTI refers the proposed multivariate registration method. T1 and DTI
indicate the methods which use the same deformation model and features, but only use information from T1 or DTI, respectively. DROID (for
DTI) and Demons (for T1) are other two methods used in the comparison but have different deformation model and features. Multichannel Demons
(Demons-MC) is another multichannel registration method used for comparison, which is based on matching the image intensity. (a) Errors on
GM. (b) Errors on WM.

TABLE III
SUMMARIZATION OF THE EXPERIMENT RESULTS ON REAL DTI IMAGES

objective function is then minimized in a hierarchical manner
[23] which can be briefly described as the following. In order
to have a smoother energy function with fewer local minima,
the images of different channels are firstly down-sampled to
represent the anatomy in coarser levels. Then, starting from the
coarsest level, in each iteration, landmark points such as edges
or corners (similar geometric features are also used in [24] and
[25]), are selected to find the correspondences on the other
image and drive the deformation by using the metric defined
in (5). The selected landmark points are first constrained to the
most salient features at the beginning of the algorithm. While
the ambiguity is reduced in the subsequent iterations, more
and more points are added to guide the deformation. When
such an iterative optimization process ends at the finest level,
the final spatial transformation is generated by concatenating
the hierarchical sequence of piecewise smooth transformations
obtained at each stage.

III. EXPERIMENTS AND RESULTS

A. Experiment Design

This section reports the results of experiments performed
on both simulated and real multichannel images to validate
our proposed method. We use a six-channel T DTI image
(as shown in Fig. 5) in both the experiments. In each task, our
proposed method is compared with other two single modality
registration methods: Demons [3] for T1 and DROID [26] for
DTI. In DROID, features consisting of the geometric moments
invariants (GMI) from the 5 DTI-derived scalar images and the
tensor orientation information are used as features to guide the
transformation using the HAMMER [23] deformation model.
Demons registration is a widely used fluid-like registration
method based on image intensity. The basic Demons algorithm
can be briefly described as the following. On each voxel, a
velocity is defined using the intensity differences and gradient
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Fig. 16. The variance map of the registered T1. (a), (b) and (c) show the variance map of registered T1 using method T� � DTI, DROID and DTI, respectively.
The smaller variance value shows higher registration accuracy. (a) Method T� � DTI. (b) Method DROID. (c) Method DTI.

information. Then this velocity field is smoothed and iteratively
used to transform the moving image to register to the static
image. Due to the fact that deformable registration is a very
complex process, many factors can affect the final results, such
as the deformation model and features. Therefore, to exclude
these factors from the comparison, registration using single
modality (either T1 or DTI) and with the same deformation
model and features (Gabor features) are also performed. Finally,
in order to compare with the multichannel image registration
method that works on intensity information without fusion, the
results from multichannel Demons [3] (Demons-MC) are also
reported and compared. Since DTI is one of the modalities in
our experiments, when warping the DTI images the deformation
field obtained from each method is also used to determine the
tensor reorientation by using a spatially adaptive procedure that
estimates the underlying fiber orientation [27]. For simplicity,
in the remaining part of the paper, we refer to our registration
method as T DTI. The other five methods we compared with
are referred as: DROID, Demons, Demons-MC (multichannel
Demons), T1 (only using Gabor features from T1), and DTI
(only using Gabor features from DTI), respectively.

B. Image Acquisition and Preprocessing

In our experiments, 21 T DTI datasets are used. The
images were acquired using Philips 1.5 T REC Scanner. The
datasets were acquired at 30 gradient directions with the
diffusion weighting of s/mm . The
imaging dimension was 256 256 with a rectangular field
of view (FOV) as 240 240 mm and image resolution of
0.9375 0.9375 2.5 mm. After the data was acquired from
the scanner, we first use FSL’s Diffusion Toolbox, FDT [28],
for eddy current correction. Then, after the nonbrain tissue
(skull, dura, and scalp) was removed (by masking), the diffu-
sion tensors are reconstructed. Next, we align the image
first rigidly and then nonrigidly to T1, using FSL’s linear image
registration tool (FLIRT [29]) andnonlinear image registration
tool (FNIRT [30]), respectively. The cost-function chosen is
the normalized mutual information [5] in both two steps. The
resultant deformation field is then applied to the reconstructed
DT images to align the two modalities. As the last step, the five
DTI-derived scalar images, FA, apparent diffusion coefficient
(ADC) [12], (sphericity), (oblateness), and (prolate-
ness) [22], are calculated.

C. Registration of Simulated Images

For the simulated experiments, we choose one subject from
the above dataset as the template [as shown in Fig. 11(a)]. After
that, ten simulated DTI T image sets are generated by ap-
plying ten simulated deformation fields to the template. The
ten simulated images are shown in Fig. 11(b)–(k), respectively.
For details of how to generate deformations that reflect realistic
inter-subject variation, we refer the readers to [31]. Here we
only give a brief description. In the first step, the inter-individual
variability is captured by learning from the high dimensional
deformation fields using a number of training samples. In this
step, due to the spatial localization property of wavelet trans-
forms, they are used to decompose the deformation fields to cap-
ture both the coarse and the fine characteristics. Then, principal
component analysis (PCA) is performed on the corresponding
wavelet coefficients at different scales and locations. The resul-
tant eigenvectors thus represent the principal modes of varia-
tions. With these eigenvectors, any anatomical variation can be
expressed as the mean variation (by averaging the deformation
fields) plus a weighted linear combination of the principal vari-
ation modes (represented by the eigenvectors). Finally, in the
second step, the simulated deformations can then be constructed
by randomly sampling the weights in the above representation
of variation.

After generating the simulated images, these ten simulated
DTI T image sets are then registered to the template using
the proposed method and the five methods mentioned in Sec-
tion III-A. To compare the performance of all the six methods,
for each simulated subject, the deformation fields generated by
the six methods are then compared with the simulated defor-
mation fields (ground truth). The results are shown as aver-
aged errors (in voxel) and summarized in Fig. 12. To have a
clearer comparison, the errors on GM and WM are shown sepa-
rately. As shown in Fig. 12(a), the proposed method (labeled as
T DTI) gives the smallest registration error on GM amongst
all the 6 methods. This result shows that fusing information from
DTI with T1 improves the registration even in the GM. This is
consistent with the results reported in [8]. The result on WM
is shown in Fig. 12(b). When compared with the method using
Gabor features only from T1 or DTI, it is found that, by using
the complementary information from the T1-weighted image,
the registration accuracy is improved on WM as well. However,
in contrast to the results on GM, DROID gives the best accuracy
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on WM, as the features that DROID uses are WM specific and
it utilizes the orientation information. To have an overall com-
parison of the 6 methods, the registration results on the whole
brain are summarized in Table I. As we can see, the proposed
method with the fused information gives better accuracy than
most of the methods (except DROID which is slightly better)
using single channel. Please note that the experiment with sim-
ulated datasets has the merit that ground truth is known, it is a far
simpler registration task than the real inter-subject registration,
because the simulated images are still very similar. Therefore, to
evaluate the performance in practice, the results on real image
are a more robust standard, in which our method consistently
gives the best results.

D. Registration of Real Images

Next, we apply the proposed method to the 21 real T DTI
images. Amongst them, one subject is set as the template. The
template and the randomly selected 10 subjects are shown in
Fig. 13. As we can see, the anatomical variations are substan-
tially large in this population and the subjects are quite different
from each other. As in the experiment on real images the ground
truth is not known, we use a different method to evaluate the
registration performance. The deformation fields are computed
from all the six methods and are applied to both the T1 and DTI
images, to generate the registered T1 and DTI images, respec-
tively. Then the registration accuracies are compared on both
the registered T1 and the registered DTI based on the average
sum absolute difference (SAD) and Log-Euclidean (Log-EUC)
[32] metric, respectively.

Fig. 14 shows the comparison result on the registered T1 im-
ages. It can be seen that on both GM [Fig. 14(a)] and WM
[Fig. 14(b)], the proposed method gives the best accuracy in
most of the cases. There are a few cases, in which the pro-
posed method is not best, for example, Subject 3 on WM and
Subject 4 on GM. However, in these cases, the performance of
the proposed method is very close to the method demonstrating
the best accuracy. Table II summarizes the registration error of
the registered T1 on the whole brain. As we can see, the pro-
posed method statistically outperforms all the other method and
has the smallest mean error. This suggests that fusing the infor-
mation from different modalities can help in achieving robust
and accurate registration. The comparison of the registered DTI
gives the similar results as shown in Fig. 15 and Table III. In
order to have more information of the spatial distribution of the
registration error over the whole brain, we create the variance
map of the registered T1 image as shown in Fig. 16. It is clearly
shown that, by utilizing the information from the T1-weighted
image, the proposed method has a more accurate registration on
GM than by only using the information from DTI. Fig. 17 shows
the mean registered T1 and DTI (depicted using a FA map) im-
ages. The sharpness and the preserved details of the mean image
provide a visual validation of the accuracy of registration.

Based on the results on both the simulated and real images, it
is shown that in general, our proposed method has a more stable
performance on both tissue types (GW and WM). In contrast
other methods using information from one modality only are

Fig. 17. The mean image of the registered T1 and DTI (shown as FA image).
The sharpness and the preserved details of the mean image indicate the high
accuracy of registration. (a) The mean T1. (b) The FA map of the mean DTI. (c)
Template.

found to perform very differently on different tissue types, al-
though in some cases they can do slightly better than our method
(depending on how much information can be extracted from a
tissue type for that specific subject). Better performance of our
method over the other multichannel image registration method,
Demons-MC, also suggests the effectiveness of the proposed
spatially adaptive information fusion method for multichannel
inter-subject image registration.

E. Computational Efficiency

For a pair of multichannel images with 256 256 128 res-
olution, our proposed method takes about 100 min to get the
results on a Linux server base on 2.8 GHz Opteron with 32 GB
RAM. This time includes the cost on both Gabor feature ex-
traction ( min) and the hierarchical registration process.
Please note that the training of the ICA decomposition (intro-
duced in Section II-C2) only needs to be performed once. For
other images with the same parameters in imaging, the resultant
separation matrix can be applied directly. In fact, recently,
with the aid of parallel computation on the GP-GPU (General
Purpose GPU), many complex computations in computer vision
can be accelerated up to 64 times, including Gabor Filtering
[33]. Therefore, together with an improved multithread imple-
mentation (current is single thread) of the registration part, the
whole computation time is expected to be reduced further. In
term of the computation complexity, the proposed method has
another benefit that with the increase of the number of channels,
the number of norm computations (which constitutes most
computation in registration) will not increase in (4), since after
“choose-max,” there is always only one channel/IC left.
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IV. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a multichannel inter-subject
image registration framework that combines information from
different modalities based on feature-level information fusion.
The registration produces spatially normalized images of all the
modalities acquired in the study. Thus the statistical analysis
done on these jointly spatially normalized images is more com-
parable, as a unified registration scheme has been used to reg-
ister them. We expect the proposed registration method to be
very useful in large population clinical studies that acquire sev-
eral modalities and a unified spatial normalization is needed for
subsequent statistical analysis. Although the method is general
and is applicable to any number of modalities on which features
can be computed, we have applied it to the joint registration of
T1 and DTI images, which are routinely acquired in all clinical
studies. Experiments on both simulated and real multichannel
images DTI T illustrate that the proposed method can ef-
fectively fuse the information from different modalities and re-
sult in a more accurate and robust registration. In the future, we
plan to explore more advanced fusion schemes of the Gabor fea-
tures. As an application, we also plan to apply this method on
clinical studies for joint comparative statistics on T1 and DTI.
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