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Abstract

The problem addressed in this paper is the automatic segmentation of stroke lesions on MR multi-sequences. Lesions enhance

differently depending on the MR modality and there is an obvious gain in trying to account for various sources of information in a

single procedure. To this aim, we propose a multimodal Markov random field model which includes all MR modalities

simultaneously. The results of the multimodal method proposed are compared with those obtained with a mono-dimensional

segmentation applied on each MRI sequence separately. We constructed an Atlas of blood supply territories to help clinicians in the

determination of stroke subtypes and potential functional deficit.
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Introduction

Stroke is a major cause of death and disability in both the more developed and the less developed world  . Stroke consumes an[9] [20]
important part of the total healthcare costs (i.e. excluding social care and indirect costs) in Europe and the USA .  is a vernacular[8] Stroke

term that denotes the sudden development of a neurological deficit. The overwhelming majority of strokes can be placed into two

categories: haemorrhage (10  to 15 ) and ischemia (approximately 85 ), we consider here only the former .% % % [5]

Ischemia is a physiological term indicating insufficient blood flow for normal cellular function. Cerebral ischemia occurs when blood

flow to the brain is reduced in either a global or a focal fashion.

Magnetic resonance imaging (MRI) offers unique advantages for the evaluation of cerebral ischemia, which leads to alterations in the

brain water content, even in its earliest stages. Because of MRI s inherent sensitivity to depict alterations in tissue-free water content, it can’
detect ischemic insult to the brain within 1 hour after onset (with a diffusion sequence) .[5]

The standard questions that must be answered when imaging a patient with stroke by any method are: Is there another lesion

mimicking stroke? Is there a haemorrhagic or ischemic stroke? Are there any clues as to the cause of the ischemic stroke? What is the

volume of stroke? How old is the stroke? Is salvageable tissue present? .[13]

In evaluating therapies for ischemic stroke patients, many physicians are interested in finding consistent, reliable estimates of lesion

volume from MR images . The traditional way for assessing stroke lesions is based on a manual segmentation. It consists of a manual[19]
tracing of the stroke regions on all contiguous slices in which the lesion was judged to be present. This manual segmentation is both time

consuming and subject to manual variation. Another disadvantage of these interventions is their reliance upon subjective judgments, which

raises the possibility that different observers will reach different conclusions about the presence or absence of lesions, or even that the

same observer will reach different conclusions on different occasions . A computer automated algorithm to evaluate MRI stroke images[9]
as they are obtained may have therefore great clinical usefulness.

MRI Multimodal image segmentation attempts to take advantage of the different kinds of anatomical information provided by

different imaging modalities. There are two major difficulties in performing multimodal image segmentation. First, multimodal data are

not always available. Second, when the data are available, the various images are typically not in the same alignment, and therefore require

registration.

Related Work
Stroke lesion description
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Ischemic stroke lesions in MR imaging are difficult to segment for various reasons, which include especially shape complexity and

ambiguity. Creating and evaluating automatic methods for segmenting such lesions is difficult because ground-truth is elusive and stroke

lesions are widely varied. In addition, accurate segmentation of stroke lesions requires anatomical knowledge. In particular changes in MR

images due to ischemic stroke follow the vascular territory of the occluded blood vessel, which is characteristic of cerebrovascular disease

and helps in differentiating it from other disease entities.

As a matter of fact, in the literature devoted to the segmentation of brain lesions, there has been few work done in the area of

multimodal stroke segmentation .[22]

Most of the work related concentrated on the detection of tumors  and multiple sclerosis lesions .[17][2] [14]

Method
Patients and MRI data acquisition

Our input is a series of slices taken from different MR modalities of the same individual for 3 time points (3 sessions) ( ). 56fig. 1

patients referred to our institution (Neurology Department of Grenoble Hospital) for suspected acute stroke. All examinations were

performed on the same 1.5-T imaging device (Philips).

The MRI parameters were as follows: (1) axial T2FFE: TR/TE: 4096.87 ms/105.0 ms; Voxel size: 0.9375  0.9375  5; Flip angle: 15× × °
(2) axial DW: TR/TE: 4599ms/101 ms; Voxel size: 0.9375  0.9375  5; Flip angle: 90  (3) axial FLAIR: TR/TE, 10000 ms/140 ms;× × °
0.9375  0.9375  5; Flip angle: 90 .× × °

Registration

A coregistration operation by affine transformation was used to correct the misalignment and mismatch among the different imaging

modalities caused by patient movement or other factors , we consider the T2 sequence of session 1 as a reference image for all other[4]
sequences of all sessions.

Segmentation

Before performing the segmentation, the skull is removed from the images to keep brain tissues only .[18]

We consider a finite set of N voxels V  1, ,N  on a regular three dimensional (3D) grid. When considering  different sequences= { … } m

simultaneously, each voxel , 1  , is described by a -D intensity vector  (  , , ). Our aim is to assign each voxel i toi i  ∈ { , …, N} m y  i = y 1i … y  mi

one of K classes considering the observed grey level intensities at voxel i. Lesion voxels are assumed to be distinctly different fromy  i
normal tissues and we consider K 4 corresponding to 4 classes, namely, White Matter (WM), Grey Matter (GM), Cerebro-Spinal Fluid=
(CSF) and the lesion. Similarly to  for Multiple Sclerosis data, we consider Stroke lesions as an additional class.[14]

Both observed intensities and unknown classes are considered to be random field denoted respectively by  and .Y= Y ,{ 1 …,YN} Z= Z ,{ 1 …

. Each random variable Z  takes its values in e , .e  where e  is a K-dimensional binary vector corresponding to class k. Only the k,ZN} i { 1 … K} k
th

component of this vector is non zero and is set to 1. In a traditional Markov model based segmentation framework, it is assumed that the

conditional field  given  is a Markov random field, ie.Z Y=y

where |    is an energy function depending on some parameters  (  ,  ) and given by:H(z y, Φ ) Φ = Φ y Φ z

This energy is a combination of two terms: the first term in ( ) is a regularization term that accounts for spatial dependencies between2

voxels. Denoting by (i) the neighbours of voxels i, we will consider a Potts model with external fieldN

The second summation above tends to favour neighbours that are in the same class when parameter  is positive. This  accounts forβ β
the strength of spatial interaction. Other parameters are the s that are K-dimensional vectors defining the so-called external field. In thisv  i ’

case   , ,  , . The s can be related to a priori weights accounting for the relative importance of the K classes at site i. TheΦ z={v 1 … v N β} v  i ’
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introduction of these extra parameters in the standard Potts model enables us to integrate  knowledge on classes. The second term ina priori

( ) is a data driven term based on intensities. For MRI we generally consider a Gaussian probability density function for the observed2

intensities when the tissue class is . It follows that |    g( | , ) withy  i z  i p(y  i Z  i =e ,k  Φ )y = y  i μk Σk

Where  and  are the mean vector and covariance matrix of the j-th Gaussian. It follows that | , , k 1 K . Segmentation isμj Σj  Φ  y ={ μk Σk = … }

then performed according to the Maximum A Posteriori principle (MAP) by maximizing over z the probability |  . This requiresp(z Y=y,  Φ )

the evaluation of an intractable normalizing constant W  and the estimation of unknown parameters . A standard approach is to use they,Φ Φ

ICM algorithm that alternates between parameter estimation and segmentation but results in biased estimates. EM-based algorithms and

variants proposed by  can be rather considered. They are based on Mean-field like approximations which make the MRF models case[11]
tractable. In all these approaches, MRF estimation is performed globally throw the entire volume.

Digital Atlas of Brain Blood supply territories

We constructed a digital Atlas of the Blood supply territories of the brain (BST), derived from the 12 printed serial sections in the

axial plan developed by Tatu et al. . The atlas fits the Talairach space, this 3D atlas is used to determine the stroke subtype.[21]

Results

To assess the gain in considering multimodal data we compare the segmentations obtained with single sequences to that obtained with

multiple sequences ( ). Single modality segmentations show as expected that some of the modalities are not or less informative inFig. 2

term of lesion detection and cannot therefore be considered alone. In addition, the modalities information varies with the session. The

multimodal approach has the advantage to intrinsically take that into account and to provide satisfactory results in all cases. Further

analysis is required. In particular we propose to use Blood Supply territories Atlas ( ) to further assess the performance of theFig. 3

approach.

We have normalized the segmented images obtained into Talairach space in order to superimpose them on the Atlas of flood supply

territories, we can see clearly that the stroke lesion is located in the Middle cerebral artery (MCA), such information is very relevant in the

functional deficit determination and medical prognostic ( ).Fig. 4

In , the lesion present in the three sessions h1, h2 and h3 is mainly located in the MCA territory. For acute stage and sub-earlyFigure 4

acute stage, h1 and h2 respectively, the lesion seems extended to the deep territory (MCA perforating branches). However, for h3, the

lesion is restricted to the leptomeningeal branches of the MCA. This indicates that the infarct extension to the deep territory is due to a

cytotoxic edema developed during acute stage. This is confirmed by the clinician after an attentive examination on the images ai, bi, ci in 

. By combining all the available information, the multi-modal segmentation appears as a powerful tool to correctly delineate theFigure 2

lesion, assign it the relevant vascular territory and provide synthetic information to the clinician.

Summary and Conclusion

An automatic MRI segmentation of stroke lesions was proposed, the algorithm is based on the simultaneous use of different MRI

sequences to get more efficiency on lesion assessment. Preliminary experiments show promising results. Further algorithm refinements are

required to obtain high level of sensitivity and make our system clinically viable. The potential impact on health care is great and

continued efforts are warranted. Future work will focus on the use of Blood Supply Territories Atlas as a priori information in the

segmentation process, in fact, a stroke lesion is restricted to a specific blood territory, this anatomical information can therefore be used to

constraint the segmentation process to be restricted to a specific territory. The time dimension should be introduced in the algorithm by

using the whole session series simultaneously.
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Fig 1
Time points acquisition corresponding to 3 MRI sessions

Fig. 2
 MRI sequences with a stroke lesion in the middle cerebral artery territory (MCA) (ai) T2 sequence, (bi) Flair sequence, (ci) Diffusion

 sequence for the session i, (di),(ei) (fi) Segmentation of each sequence separately, (gi) Multimodal segmentation for session i i 1, 2, 3=
correspond to sessions e , e , e  respectively1 2 3
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Fig. 3
Normalized Blood Supply Territories Atlas derived from [21]

Fig. 4
Use of the Blood Supply Territories Atlas for the determination of stroke subtype on the segmented images, (top) multimodal segmentation of

the 3 MRI sessions, (middle) corresponding Atlas slice, (bottom) delineation of the lesion superimposed on the Atlas.


