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ABSTRACT

We present a new automatic method for segmentation of
Multiple Sclerosis (MS) lesions in Magnetic Resonance Im-
ages. The algorithm performs tissue classification combining
a within subject global tissue intensity model and a local
tissue intensity model derived from an aligned set of healthy
reference subjects. MS lesions are detected as outliers to-
wards the proposed coupled global/local intensity model.
Evaluation using BrainWeb synthetic, show our new coupled
local/global intensity GMM model to be sensitive towards
MS lesions, as well to be robust to noise and intensity inho-
mogeneity artifacts found MRI scans.

Index Terms— Magnetic Resonance Imaging, Multiple
Sclerosis, Segmentation, Bayesian

1. INTRODUCTION

In Van Leemput et al. [1], MS lesions were proposed to be
modeled as outliers from a healthy tissue model. The algo-
rithm performed intensity based tissue classification using a
stochastic model for normal brain images and detected MS
lesions as outliers that were not well explained by the model.
Similarly, [2] used a Trimmed Likelihood Estimator (TLE) to
estimate a 10 component Gaussian Mixture Model (GMM)
and segmented MS lesions as GM intensity outliers on an
enhanced Fluid-Attenuated Inversion Recovery (FLAIR) se-
quence. Additional methods further combine a TLE with a
mean shift algorithm [3]. These algorithms detect lesions as
intensity outliers from the GMM of all the normal brain tis-
sues.

Intensity based classification relies on contrast between
tissue types in feature space and adequate signal compared
to image noise. Statistical classification identifies an optimal
boundary, in feature space, between tissue types, and the sep-
arability of two tissue classes is related to the overlap between
classes in feature space. MS lesions MRI intensity feature
space overlap with those of brain healthy tissues making dif-
ficult to identify a decision boundary, resulting in increased
tissue misclassification and multiple MS lesions false posi-
tives. In Tomas-Fernandez et al. [4] an extended feature
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space, consisting in MRI intensities and a voxelwise inten-
sity similarity metric between the MS patient and a reference
healthy population, provided a more accurate and specific MS
lesion segmentation.

In this paper, we present a novel algorithm for brain tis-
sue segmentation and WM lesions detection in MS. We pro-
pose a novel tissue model which combines a patient global
intensity model with a population local intensity model de-
rived from a reference of healthy subjects. We evaluated the
new combined model using the BrainWeb synthetic database,
demonstrating a brain tissue (GM, WM and CSF) segmenta-
tion robust to the presence of brain abnormalities as well as
a superior MS lesion sensitivity compared to current state-of-
the-art algorithms.

2. METHODS

2.1. Local Reference Population Bayesian Intensity Tis-
sue Model

Consider a reference population P formed by R healthy sub-
jects aligned to the subject of interest. Each reference sub-
ject is composed by a multispectral grayscale MRI V (i.e.
T1w, T2w and FLAIR) and the corresponding tissue segmen-
tation L (i.e. GM, WM and CSF), thus P = {V L} =
{V1,..,Vg;Ly,...,Lg}. Where each reference grayscale
MRI V, = {V,q,...,V,n} is formed by a finite set of N
voxels with V,.;eR™. Also each reference tissue segmenta-
tion Ly, = {L,1, ..., L, } is formed by a finite set of N voxels
with L,; = e, = {l,41, ..., ik } is a K-dimensional vector
with each component [,.;;, being 1 or 0 according whether v,.;
did or did not arise from the k*" class.

At each voxel ¢, the reference population P intensity
distribution will be modeled as a Gaussian Mixture Model
parametrized by §; = {7pi; p;, Xp;}. Where 7p;, pp;
and Xp; are respectively the population tissue mixture vec-
tor, the population mean intensity vector and the population
intensity covariance matrix at voxel i. Because {V,L} are
observed variables, &; can be derived using the following
expressions:

R
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where p(L;; = ey) is the probability of voxel i of the ji;
reference subject belong to tissue & given by L.
Once the local tissue model is estimated from P, the com-
plete likelihood of Y can be estimated as:
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2.2. Coupling Global and Local Models

Consider a multispectral grayscale MRI (i.e. T1w, T2w and
FLAIR) formed by a finite set of N voxels, our aim is to as-
sign each voxel ¢ to one of K classes (i.e. GM, WM and
CSF) considering the observed intensities Y = {y1,...,yn}
with y; e R™. Both observed intensities and hidden labels
are considered to be random variables denoted respectively as
Y ={Y1,...Yny}and Z ={Z,,....Zn}.

The observed data Y and hidden labels Z are described
by a parametric conditional probability density function de-
fined by {1, £}, where 1) parametrize a within subject global
GMM and £ parametrize a local GMM derived from an
aligned reference of R healthy subjects P.

Segmenting the observed image Y is to propose an esti-
mate Z of Z on the basis of Y, to this purpose, the parameters
1) and £ need to be estimated somehow. If the underlying tis-
sue segmentation Z was known, estimation of the model pa-
rameters would be straightforward. However, only the image
Y is directly observed, making natural to tackle this prob-
lem as one involving missing data making the Expectation-
Maximization (EM) algorithm the candidate for model fitting.
The EM algorithm finds the parameter 1) that maximize the
complete log-likelihood of the data by iteratively maximizing
the expected value of the log-likelihood log(f (Y, Z|¥, €)) of
the complete data {Y,Z}, where the expectation is based on
the observed data Y and the estimated parameters 9™ and
£(m)obtained in the previous iteration m.

log Lo (v, &) = log (f(Y,Z]v,§))
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The local intensity model is just dependent on the aligned
reference population P = {V, L} which is observable. Thus,
parameter £ is constant and independent from the global in-
tensity model parametrized by 1. We can rewrite the com-
plete log-likelihood as:

logLc(,€) = log (f(Y,Z[,€)) = log (f(Y,Z|¥)f(Y, Z[€))
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where ey, is a K-dimensional vector with each component be-

ing 1 or 0 according whether Y; did or did not arise from the
k" class. Thus:

N K
log La(,8) =Y ) zij (log (f(Zi = exlty,) + F(YilZi = ek, )
i=1k=1
N K

D0z (log (f(Zi = exl€ir) + f(YilZi = ex, €1))) )

i=1k=1

E-Step: Because £ is constant, the E-step of the coupled
model requires the computation of the conditional expectation

of log (Lo (1, €)) given Y, using ™ for 1.

Q&™) &™) ~ Q(h; ™) = E ym){log Lo (4, €)Y}

The complete log-likelihood is linear in the hidden labels
z;j. The E-step requires the calculation of the current condi-
tional expectation of Z; given the observed data Y:
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Parameter 1/)(7”) and & are independent, thus:
FOYilZi = e, €5, 9\™) ~ F(YilZi = e, ™) [(Yi|Zi = e, &)
F(Zi = ejlg;, 0™ ~ £(Zi = ej|\™) £(Zi = ejl€,)
M-Step: Because £ is constant, the Maximization step

will consist in the maximization of Q(, &; ™ M) with
respect to v, which results in the following update equations:
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2.3. MS Lesion Detection

Intuitively from (5), the local intensity model downweights
the likelihood of those voxels with an abnormal intensity
given the reference population. Because MS lesions show
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an abnormal intensity level compared to a healthy subject in
the same location, we assume that MS lesions correspond
with brain areas with low likelihood, making feasible MS
lesions detection as outliers toward our coupled global/local
intensity model. To extract the voxel outliers and to estimate
the parameters of the different brain tissues in a robust way,
we used the Trimmed Likelihood Estimator (TLE).

The TLE was proposed by [5] as a modification of the
Maximum Likelihood Estimator in order to be robust to
the presence of outliers. Using the TLE, the complete log-
likelihood (5) can be expressed as:

h

i=1

with v = {v(1),...,v(NN)} being the corresponding permuta-
tion of indices sorted by their probability f(Y, ¢y, Z,(;)|%, &;).
and h is the trimming parameter corresponding to the percent-
age of values included in the parameter estimation.

The trimming proportion i will define a set of outlier vox-
els C which among others will encompass the MS lesions.
Because the set of outlier voxels C contained no only MS le-
sions but also lesion false positives, a Graph-Cuts algorithm
[6] was used to segment C into MS lesions or MS lesion false
positives.

3. VALIDATION

3.1. Reference Population

Data from 15 volunteers was acquired on a 3T clinical MR
scanner from GE Medical Systems (Waukesha, WI, USA)
using an 8-channel receiver head coil. MR scans were ac-
quired using three different pulse sequences: a T1-weighted
MPRAGE (Magnetization Prepared Rapid Acquisition Gra-
dient Echo) sequence; a T2-weighted scan from an FSE (Fast
Spin Echo) sequence; and a FLAIR scan, also run with an
FSE sequence. The T1w sequence was axially acquired; T2w
and FLAIR sequences were sagitally acquired. All sequences
were acquired with a matrix size of 256x256 and a field of
view of 28 cm. Slice thickness was 1.3 mm for the T1w-
MPRAGE sequence; 1 mm for the T2w-FSE sequence; and
2 mm for the FLAIR-FSE sequence. The MPRAGE parame-
ters were TR 10/TE 6 ms with a flip angle of 8. For the FSE,
the paramenters were TR 3000/TE 140 ms with an echo train
length of 15.

After image acquisition, the T2w and FLAIR images were
aligned to the T1w scan. In addition, all acquired MR images
were re-oriented to an axial orientation, then the intra-cranial
volume, CSF, GM and WM tissues were manually segmented
by a trained expert.

To achieve accurate alignment between healthy volunteers
and a patient with MS we used the algorithm proposed by
Commowick et al. [7]. This nonlinear registration algorithm
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is not intrinsic to our method, and it is possible to use other
non-linear registration approaches.

Because the intensity levels of the subject of interest and
the reference population need to be in a comparable range, we
used a linear transformation to match the median intensity of
each modality of each reference subject to those found in the
scans of the subject of interest.

3.2. Synthetic Data Validation

We used the BrainWeb synthetic MS brain phantom provided
by the McConnell Brain Imaging Center (Montreal, Qc,
Canada) [8]. The MS brain phantoms are based in the orig-
inal BrainWeb healthy phantom, which has been extended
with three different MS lesion volumes: mild (0.4¢m?), mod-
erate (3.5cm?) and severe (10.1cm?). Each MS phantom
was provided with their own ground truth which enables the
validation of our algorithm’s brain tissue segmentation (i.e.
GM, WM and CSF) as well as MS lesion segmentation.

For each MS phantom (mild, moderate and severe), we
generated both Tlw and T2w MR images using the de-
fault acquisition parameters with different levels of noise
(n = 1%, 3%, 5%, 7% and 9%) and intensity inhomogeneity
(rf = 0%,20% and40%). Each image was acquired with
an isotropic resolution of 1mm?3. The brain volume was ex-
tracted for all images using the brain mask provided in the
anatomical ground truth.

3.2.1. MS Lesion Segmentation

Our MS lesion detection algorithm relies in R, which corre-
sponds to the size of the neighborhood used to generate the
local intensity model, and h which is the trimming parameter
in the TLE estimation and also defines the sensitivity of the
algorithm to detect MS lesions.

To estimate the optimal parameters for our segmentation
algorithm, we employed the T1w and T2w MR images with
3%noise and 20% inhomogeneity with the three available le-
sion loads (mild, moderate and severe). MS lesion detection
were performed using different values for R and h.

MS lesion delineation were evaluated computing the Dice
Score (DSC) [9] between our estimated segmentation (Seg)
and the BrainWeb ground truth (Ref). Figure 1 show DSC re-
sults for each synthetic phantom (mild, moderate and severe)
using different values of TLE percentage h and neighborhood
size R. DSC values are higher for lower h values, indepen-
dently of the R value, but starts worsening after h > 6% due
to an increase of false positive lesions.

3.2.2. Noise and Intensity Inhomogeneity

Based in the optimal R = 2 and h = 5% parameters found
in the previous experiment, we evaluated the MS lesion seg-
mentation achived by the algorithm under different conditions
of noise and intensity inhomogeneity using the DSC'.
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Fig. 1. BrainWeb DSC' values for the MS lesion automatic
segmentation varying the local neighborhood size R and TLE
percentage h. From left to right: mild, moderate and severe
lesion loads.

Results in Figure 2, show that our coupled local/global
intensity model MS lesion segmentation is robust to the pres-
ence of noise in the image. The accuracy of our algorithm
was reduced for images with high level of intensity inhomo-
geneity. This intensity artifact will cause MS lesions to have
different intensity profiles, making the graph cuts algorithm to
discard some of the lesions detected as outliers by the TLE.

Mild Lesion Load Moderate Lesion Load

Severe Lesion Load

Fig. 2. BrainWeb MS lesion DSC results for mild, moder-
ate and severe lesion load for all levels of noise and intensity
inhomogeneity.

4. DISCUSSION

In this paper we proposed a novel automatic algorithm for
segmentation of MS patients in MRI. The algorithm proposes
a novel model which combines a within subject global tis-
sue intensity model and a local intensity model derived from
an aligned set of healthy reference subjects. MS lesions are
segmented as outliers towards our new coupled local/global
intensity GMM. Outliers include MS lesions but also voxels
that do not follow the proposed model such as vessels or in-
tensity artifacts. A graph-cuts algorithm is used to classify the
model outliers into MS lesions and false positives.

BrainWeb MS lesion D SC results for mild, moderate and
severe lesion load for different levels of noise and intensity in-
homogeneity prove show that our coupled local/global inten-
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sity model MS lesion segmentation is robust to the presence
of noise in the image. In the case of Mild lesion load, the ac-
curacy of our algorithm was heavily impacted for a high level
of intensity inhomogeneity. For Mild lesion load, intensity
inhomogeneity artifact caused MS lesions to have different
intensity profiles, making the graph cuts algorithm to discard
some of the MS lesions detected as ouliers by the TLE. Such
effect, suggest the need of pre-processing the MS patient MRI
to correct for intensity inhomogeneities.
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