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ABSTRACT segmenting WM lesions. Many different techniques have been ex-
plored to tackle this problem. Kambet al. [5] investigated a

White matter lesions are common brain abnormalities. In this pa- probability model in a standard Talairach space for the detection of
per, an automatic method for segmentation of white matter lesionsMS lesions. Udupat al. [6] used the concepts of fuzzy connect-
in T1l-weighted brain magnetic resonance (MR) images is pre- edness and fuzzy objects for segmenting MS lesions. Wasield
sented. A patient’s T1-weighted MR image is first segmented into al. [7] proposed an adaptive, template moderate, spatially vary-
the three major tissue types, white matter (WM), gray matter (GM) ing statistical classification method, which combines the strength
and cerebral spinal fluid (CSF) solely based on each voxel's inten-of both statistical classification methods and nonlinear registration
sity. Since WM lesions are typically classified as GM based on techniques, for the segmentation of abnormal anatomy in brain MR
their intensity characteristics, the GM class is then separated intoimages.
normal GM and WM lesions. This is accomplished using a statis-
tical model of tissue distribution of healthy brains in a stereotaxic
space. The proposed method is tested on 10 MR images with WM
lesions and the results of the method are visually compared with
WM lesions manually labeled by an experienced radiologist.

Motivated by the observation that a well trained observer can
easily recognize these lesions as they have similar intensity as GM
and appear in the region of normal WM, where no GM is expected,
the proposed method follows a similar approach. By using a train-
ing set of normal brains in a stereostaic space to identify normal
WM regions, the WM lesions in a patient’s scan are segmented via
1. INTRODUCTION region-wise principal component analysis (PCA) method.

WM lesions are common abnormalities of the brain, which may

be the result of different brain diseases, such as multiple sclero-

sis (MS) [1], Alzheimer’s disease [2], stroke and head injury [3]. 2. METHOD

They also appear in normal elderly subjects [4]. MR imaging is

sensitive to these WM changes and thus widely used as a non-

invasive method for diagnosing such diseases clinically. This gen-To segment out WM lesions in a patient's T1-weighted MR im-

erates a large number of MR images to be analyzed. Manual lesiorfge, we first automatically segment the image into the three major

segmentation by trained experts, a commonly used method, is exiissue types, WM, GM and CSF. This segmentation only uses the

tremely time consuming, labor intensive, and suffers from high intensity information of each voxel, thus called intensity segmen-

intra-observer and inter-observer variability. This raises the de- tation. Because of the intensity overlap between GM and WM

mand for automatic lesion segmentation methods which can re-lesions, the segmented GM contains both true GM and WM le-

duce both the observers’ burden and the intra-observer and intersions. In order to separate them, a technique is developed to es-

observer variability. timate what a particular subject’'s segmentation should look like,
WM lesions are imaged in T1-weighted MR images as hypo- If the subject did not have any WM lesions. We call this the re-

intensities with respect to surrounding healthy WM tissues. How- constructed segmentation. The core of this technique is a statisti-

ever, their intensity range also overlaps with normal GM tissues, Cal tissue distribution model for healthy subjects in the stereotaxic

as there is often no unambiguous lesion intensity range. This in-SPace. The patients intensity segmentation is then registered to the

tensity overlap causes the failure of segmentation methods base§tereotaxic space via a high dimensional deformable registration

solely on image intensity and is the major difficulty in accurately Method, and the result is called the registered intensity segmenta-
tion. The segmented GM in the registered intensity segmentation

This work was supported in part by the Human Brain Project under is then separated into true GM and WM lesions based on the tissue
grant RO1AG13743. labels in its reconstructed segmentation.




2.1. Statistical Tissue Distribution M odel If we assume that the elementsfmfj,k, Bﬁ,j,k, are indepen-
dent and Gaussian, then the logarithm of the probability of the

A set of M labeled MR images of healthy subjects is used as train- occurrence of a particulaﬁ;,j,k is given by:

ing set to build the statistical tissue distibution model. In order to
generate statistics from MR images of different subjects, the train- M—1 B,
ing images must first be aligned to a stereotaxic space so that inter- log p(bijr) = —0.5 Z lf”“ + const )
individual morphological variability is accounted for. Thus one of =1 A

the M labeled healthy MR images is chosen randomly as the tem-

plate for the stereotaxic space, in which each voxel is isotropic. of a patient's scan contain abnormal tissue or not. If;ct(fg,]-,k)

The otherM —1 labeled MR images are registered to the template ¢ , hatient's sub-volume is smaller than a predefined threshold
using a deformable registration method called HAMMER [8]. All ¢ P P

the MR i d for building the statistical i distribution 2k then it is considered to contain abnormal tissue (lesions).
€ Images used for buiiding the statistical Ussue distrbulion e threshold levels are estimated from the probability distribution
model are the registered versions of the labeled images.

L , o ) of healthy subjects. This is normally achieved by using another set
The statistical tissue distribution model tries to capture the lo- healthy MR images as a test set. But since we only heve
cal _resid_ual sp_atial _va_lriations of t_he three ma_jo_r_ tissue types aﬂerhealthy MR images altogether, we used the leave-one-out method
registration. Since it is compqtatlonally _p_rohlbltl\_/e to ge_nerate a o approximate the threshold levels. — 1 healthy MR images are
modlel on avoxt;e_l by \t/)oxell basis, whe pamq tgellrgages_ N0 NON- se as training images to build the statistical distribution model,
overlapping cubiC Sub-volumes. T us, abele mMR IMage  the b; ;. for each sub-volume in the one left healthy MR image
of size RowxColxSlice is divided into sub-volumes;; ;, of size is computed using Equation (6) and its probabiliti; ; 1) is cal-
%Wh_erell SI i Sgﬁ}f/w‘ ! ﬁ J< COl/w‘ 1 <k ISbeweo/%- K culated using Equation (7). The process is repeafetimes until

roeuﬁl;(elya(\:use':s '2 lél\k/l a:r; :N?\Ar);s,,? ecitslvtigrs]srl:; a e%ié a rc?v(\:/ ~ each of the healthy MR images has been used to estimate the prob-

3ector),(mj Using the lexicoara ﬁ’iﬁkorderin Tr?ep mapped sub. 2Pility distribution forb; ; . Thus for each sub-volume,, ),

L 9 grap 9. P there will be M probability values. These probability values are

3J
m < < i idt. 7
volumes X[ . (1 < m < M) with the same subscri, j, k) then used as threshold levels.

from all the M healthy MR images form a sample of healthy tis-
sue distribution for sub-volumg, 7, k). We want to model this ) ) )
distribution using a parameterised model. Such a model can be2-2- White Matter L esions Detection

used to examine whether a sub-volume of a new image for ther, segment WM lesions out of a patient’s scan, the intensity seg-
same location is healthy or not. ) _ . mentation of its T1-weighted MR image is first obtained using an
_To build the mode!, 'the mean and covariance of tissue distri- adaptive fuzzy segmentation method [9]. The intensity segmenta-
bution for sub-volumei(j k) are first computed as : tion is then registered to the stereotaxic space using HAMMER.
o The patient’s registered intensity segmentation is then divided
Xin= % Z X7 1) into nc_m-overlapping cubic sub-vqlumésyj,& of the same size
1 w as in the model and mapped into vecr; ; .. The b; ; «
andp(f;i,j,k) for each)?i,j,k are obtained using Equation (6) and

W5,k
The model can be used to determine whether the sub-volumes

1 M - Equation (7) respectively. The reconstrucﬂe’é,j,k represents an
Sijk =377 Z (X750 —Xigk) (X750 — Xigw) estimate of what an individual's image should look like in the re-
I spective sub-volume, if the individual’s image were normal, ac-
2 cording to the training set. It is calculated as the following:
Then the eigenvector; ; , (I = 1,2,---,M — 1) and cor- 1) if p(bijx) > Pl then)?:,j,k - Xi,j,k;
responding eigenvalues ; (I = 1,2,---, M — 1) of S, ; x are 2) if p(bi ) < p!; x, then scale each elementiaf; ;. using

determined. The statistical tissue distribution model consists of the
meanX; ; ., and eigenvector matri®; ; , and eigenvalue matrix

Xijk for every (i, 7, k), where®; ; , andX; ; ; are defined in s
Equation (3) and Equation (4) respectively: QUL

Equation (8) to geb; jx for1 <1< M —1,

—1 A
(const — lngf,j,k”’\é,j,k|Slg"(bé,j,k') (8)

b ” Y. . i
B r=[0 2 ]| oM @)  andseXi;; = X+ Pijkbijk.
! Bk LRIk ok After the patient's reconstructed segmentation in the stereo-
taxic space is obtained, it is compared to the registered intensity

1

’\lof’“ )\20_ g segmentation result to separate the segmented GM into true GM

P ik 4) and WM lesions and generate the initial lesion segmentation re-

ok : : : sult. For each voxel that is segmented as GM in the registered

0 0 LMoL intensity segmentation, if it is labeled as WM in the reconstructed

N ik segmentation, then it is a WM lesion voxel.

Thus any mapped sub-volun?é; ; .. can be expressed as: In order to remove the false positive detections in the initial
segmentation results, a binary mask that indicates where false pos-

X‘i,j,k ~ Xk + Bijbijin (5) itive detections might occur by using the model is generated. The

leave-one-out method is again used to generate the mask from the
M healthy MR images.M — 1 healthy MR images are used as

. ” . training images to build the statistical tissue distribution model.
bijk =ik (Xi,j,k - Xi,j,k) (6) The model is then used to segment WM lesions in the one left

Wheref)i,j,k isaM — 1 dimensional vector given by



healthy MR image. The procedure is repeatédimes until each look like if the lesions were removed. With the help of the recon-
one of theM healthy MR images has been used for segmenting structed segmentation, the segmented GM are separated into true
WM lesions. Since all thél/ images are from healthy subjects, GM and WM lesions. The proposed method has been tested on
any WM lesions segmented out from them are false positive detec-10 T1-weighted MR images with WM lesions. The WM lesions
tions and contribute to the mask. segmented by our method show a great extent of agreement with
the WM lesions manually labeled by an experience radiologist by

visually comparison.
3. EXPERIMENTSAND RESULTS
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(b)

Fig. 4. (a) The result after applying the mask to the initial lesion

segmentation result in Fig. 3(b). (b) Final white matter lesions
(shown in white) segmentation result by the proposed method
overlaid on Fig. 2(a).

Fig. 1. (a) The middle slice of axial section of the segmented im-
age used as template in this study. (b) The corresponding mask
used to remove the false positive segmentations.

(b)

Fig. 5. (a) The patient's MR image with the manually labeled
WM lesions (shown in white) overlaid on it. (b) Final white mat-
ter lesions (shown in white) segmentation result by the proposed
@ () method overlaid on the image.

Fig. 2. (a) The trans-axial view of a patient's MR image with
white matter lesions. (b) The manually labeled white matter le-
sions (shown in white) overlaid on Fig. 2(a).

@ (b)

(b) Fig. 6. (a) The patient's MR image with the manually labeled

. . . . . ) WM lesions (shown in white) overlaid on it. (b) Final white mat-
Fig. 3. (a) Registered intensity segmentation result for Fig. 2(a). g |esjons (shown in white) segmentation result by the proposed
(b) Initial white matter lesions (shown in white) segmentation re- method overlaid on the image. A false positive can be seen on the
sult overlaid on Fig. 2(a). post central sulcus




