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A semi-supervised map segmentation of brain tissues

Abstract

This paper presents a method for semi-supervised MAP (maximum a-posterior probability) segmentation
of brain tissues where labelled data are available for either all types of tissues or only a few types of
tissues possibly at different levels of quality. The proposed MAP segmentation takes supervised and
unsupervised segmentation as its two special cases where, respectively, quality labelled data is available
or there is no labelled data at all. Experiments on real MR images have shown that the proposed method
improved the segmentation accuracy substantially with only a few labelled data in comparison with both
fully supervised method with the same labelled data set and unsupervised method.
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A SEMI-SUPERVISED MAP SEGMENTATION OF BRAIN TISSUES

Wanging Li

SITACS, University of Wollongong
email:wanqing@uow.edu.au

ABSTRACT

This paper presents a method for semi-supervised MAP
(maxinmum a-posterior probablity) segmentation of brain tis-
sues where labelled data are available for either all types of
tissues or only a few types of tissues possibly at different
levels of quality. The proposed MAP segmentation takes
supervised and unsupervised segmentation as its two spe-
cial cases where, respectively, quality labelled data is avail-
able or there is no labelled data at all. Experiments on
real MR images have shown that the proposed method im-
proved the segmentation accuracy substantially with only a
few labelled data in comparison with both futly supervised
method with the same labelled data set and unsupervised
method.

1. INTRODUCTION

Segmentation of Magnetic Resonance (MR) images is a pro-
cess of delineation of regions representing different types of
tissues and/or lesions. After more than a decade research,
techniques for segmenting MR images are gradually con-
verging to MAP (maximum a-posterior probabliity) segmen-
tation based on Gibbs Random Field (GRF) and Markov
Random Field (MRF} {8, 11, 13, 10, 14, 12] and FCM (Fuzzy
C-means) based classification [4, 15, 1]. Numerious al-
gorithms based on either MAP or FCM have been devel-
oped [6, 3. 5] and most of them were employed in a fully
unsupervised manner.

The advantages of unsupervised (or automatic) segmen-
tation over supervised segmentation have been well recog-
nised: less user interaction and high reproductivity. Because
almost all automatic techniques are virtwally an optimisa-
tion process which is governed by an objective function
such as total log likelihood in normal mixture modelling
and sums of the squared errors in FCM, the techniques in-
evitably suffer from the problem of local traps (minima or
maxima). In consequence, they need te be tuned properly in
order to produce satifactory results in a specific application,

On the other hand, supervised techniques usually do not
suffer the problem of local traps and often produce accurate
results, but they require reliable training data available for
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every type of tissues. their results will depend entirely on
the quality of the training data sets. - '

Bensaid et. al [2, 9] introduced semi-supervised FCM
(ssFCM) which incorporates labelled data into the unsu-
pervised FCM algorithm, The ssFCM relaxes the require-
ment on the labelled data in comparison with supervised ap-
proaches and assumes that

¢ high quality labelled data are available for every class,
¢ the labelled data captures the shapes of the clusters.

In this paper, we further relax the requirement and intro-
duce a semi-supervised MAP segmentation (ssSMAP) method
that is able to utilize any available labelled data. The la-
belled data, if any, is assumed to have the following charac-
teristics:

o they are available for every type of tissues or for some
types of tissues if the number of tissues is known,

+ they may capture neither the centers nor the shapes of
the clusters. :

The paper is organized as follows. Section 2 describes
the semi-supervised MAP segmentation of MR images that
consists of prior and data models. Section 3 presents the
ML (maximum likelihood) estimation of the model param-
eters that is subject to any labelled data. Some experiments
on real dual echo MR images are presented in Section 4.
Discussion and conclusions are given in Section 5.

2. SEMI-SUPERVISED MAP SEGMENTATION

Let {y: }}2, be unlabelled pixels in a MR slice to be seg-
mented and they are considered as a realisation of a ran-
dom field defined on a lattice £, where t € £. {¢§ : t =
1,2, nge = 1,2,--- K} denotes all labelled pixels
for K types of tissues. The labelled pixels for the i'th tis-
sue are denoted as {y}}} |, where n; > 0, the number of
labelled pixels for the i'zh tissue, and 3, m; = N,

The true but unknown tissue labels of atl pixels are as-
sumed to be a realisation of the random field X = {X, :
t € £}, denoted by z* = {x, : t € L}, where x, labels the

tissue type at site 2.



Assume X is a local Markov Random Field (MRF) de-
fined in a neighbouhood system and the labelled pixels do
not supply any spatial knowledge of their labelled tissues.
Using Bayes rule. A maximum a posteriori (MAP) estima-
tion of the pixel labells. R.is

% = argmiax [T f(geleopoiea) [[ F652) )
: sl

SEC

where f(y:}z:) is the conditional density of random vari-
ables {¥; : 1 <& < M} dependent on x. usually known as
data model. p{zwlwa,) = % is the prior probability
ot prior model of =, given its neighbours, x4, is defined in
a neighbourhood svstem 7, where Z, is a partition function

and ¢{-) is usually referred as a encrgy function.

3. MODEL ESTIMATION .

MAP segmentation requires both prior and data models. The
comImon way is to parameterise both models and then esti-
mate the parameters from the observations.

3.1. Prior model

The prior model, or specifically the energy function «(-),
must be defined over cliques in a neighbourhood system.
Taking the simple second-order neighbouthood structure con-
taining eight nearest neighbours to the corresponding pixel
position ¢, we define the energy function aver the posterior
probabilities {soft labelling) rather than over discrete (hard)
labelling

ooy = ki) = —olk) - BGa(k) @)
Goclk) = D =k 3)
redt

where «{%) represents global information about the proba-
bilitv of tissue 4. /4 is a parameter to be set and 2,4, is the
posterior probability of pixel » belonging to tissue .

The value of /7 controls the degree of spatial clustering
observable in the underlying state process. Normally, prior
model is very tolerant of small variations of its parameters.
Empirical study on simulated MR images having various
degrees of noise, partial volume effects and non-uniformity
suggests that & = 2.5 is a good choice [6].

3.2. Data model

According to the statistical properties of MR images [11],
Flyiker) can be reasonably approximated as a multivariate
Gaussian, i.e. .

Tyilee = k) ~ N (psie, 5o ), 4
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where y; and ¥, are the mean vector and covanance ma-
trix respectively of the Gaussian describing the probability
density of tissue k-

It is appropriate to estimate the tissue parameters { g, Lig. A

by fitting the parameters to the image data with ML or least
squares. However, the estimation must be subject to the
labelled data. Assume the independence of the potential la-
belling over pikels and use a finite normal mixture as the
likelihood of realising the multispectral MR images given
the underlying tissue types '

M K K me
g(¥V1®) = T wef twelon)} [T [ FlwEiee). 5
t=1 k=1 c=1t=1

where w; is the ratio of the mumber of pixels within class
k to the total number of pixels M. and 3, w, = 1. ¢ =
(1, da, -+ ,ér) and ¢ = (wr, ux, Ly) is the parameter
vector for the £'th normal component f(-).

The ML estimation of Equation 5 using the EM algo-
rithm will lead to the (r + 1)tk iteration of the parameter
estimation
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In the case where the labelled pixels provide no infor-
mation on the mixing proportions.

1 Af .
10}, '—EZ% , (103
i=F

« It is quite natural in practice that the number of labelled
data, N, is quite small compared to the number of unla-
belled pixels, M, ie. N <« M. In addition. the qualitv of
training data may vary from case to case. To control the con-
tribution of training data to the final estimation, we modify
the iteration equations for the mean and covariance (Equa-
tions 7 and 8) by weighting the few labelled pixels more
heavily than their unlabelled counterparts. This is done by
infroducing weights «f, i = 1,2,.:- jngc = L2, | K



| Tissues SKIN | FAT | SKULL | GM | WM

CSF

| Labelled Pixels | 16 16 16 36 | 24

20

Table 1. Number of labelled pixels used for the semi-
supervised segmentation of slice 9 of patient 3.

in Equations 7 and 8 as follows:

: ook Al
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where v is the weight of the i'th labelled pixel for the
<t tissue. In the most general formulation, «f is simply
a positive rcal number. If « is an integer, S copies of the
corresponding labelied pixel yf are effectively used. The
larger the «7. the more the yf contributes to the final pa-
ramcler estimation, The weight allows us to tailor the es-
timation to agree with any expert knowledge that might be
available about the quality or importance of each v{ as a
training pixel, In the absence of such knowledge, the most
rational approach is to take u{ = « for all < and ¢, where «
15 il constant.

4. EXPERIMENTAL RESULTS

Slices from the 12 real MRI data sets were used to test the
capacity and stability of separating normal brain tissues. All
12 data sets were scanned with a spin echo pulse sequence
at repetition times from 1800 msec to 3000 msec. Each data
set consisted of about 20 slices covering almost the whole
brain and each slice had dual spin echoes: PWD and T2W
images. PDW and T2W images were scanned at Tp = 16
msec and T'x = 9% msec respectively.

Figure 1(a) shows the dual spin echo MR images of slice
Y. patient 3. with PDW echo on left-and T2W on right. 128
pixels were fabelled mamally as training data for the six
normal tissues: SKIN. FAT. SKULL. GM, WM and CSF.
The number of labelled pixgls for each tissue is listed in
Table 1.

As Lhe Tabelled pixels occupied only about ¢.5%to 1.0%
of the true size of the corresponding tissues. it was not pas-
sible for those labelled pixels to catch either the cluster cen-
ters or the cluster shapes. Therefore, the selection of the
confidence weights would influence the segmentation accu-
racy. For simplicity or in cases without prior knowledge
about the expected sizes of tissues, all weights were set
equal. A comparison study [6] demonstrated . = 30.0
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Fig. 1. Semi-supervised segmentation of slice Y, patient 3,
(a), at v = 50.0 given labelled data for various tissues. (a)
Labelled data only for WM. (b) Labelled data for WM and
GM. (c) Labelled data for WM, GM and CSF. (d) Labelled
data for WM, GM, CSF and SKIN. (e) labelled data for all
tissues except FAT. (f) Labelled data for all tissues.

gave the most accurate segimentation in comparion to man-
ual segmentation.

Noticeably there were few differences in the intracra-
nial region separation from the slice among the supervised.
semi-automatic and automatic approaches. However, there
was significant improvement in the separation of CSF, WM.
and GM. The segmentation errors were reduced from 13%.
31%. and 22% in supervised segmentation to 3%. 2.6% and
4% in semi-supervised segmentation for these three brain
tissues respectively. In comparison with the unsupervised
approach, the segmentation errors are also reduced by about
3% on average for CSF. WM and GM.

Figure 1(b) through (g) show the segmentations when
labelled pixels were available for various tissues. The seg-
mentations were obtained by setting » = 50.0. From (b) to
(£). the number of tissues having labelled pixels was grad-
vally increased. where (b) is the case when only WM had
training pixels while {(g) corresponds 1o the case when all
tissues had labelled pixels. As expected. the segmentation
improved gradually as more and more tissues had labelled
pixels.

DISCUSSION

D,

As an unification of fullv unsupervised (automatic) and su-
pervised approaches. the proposed semi-supervised MAP
segmentation shares their advantages, being less dependent



on the quality of the training data than supervised seginenta-
tion and more reliable and accurate than antomatic segmen-
tation. It does not require that-training data be available for
every lissue type. In other words, it makes use of any quan-
tity of training data available to improve the segmentation.
Our examples have indicated that the semi-supervised seg-
mcntation is superior to both unsupervised (automatic) and
supervised ones when a small quantity of reliable training
data is available lor some important tissues, such as GM,
WM. and CSF. When there are no training pixels. the algo-
rithm is the same as the automatic one. If there are many
reliably labelled pixels for every tissue, the algorithm can
perform like a supervised approach by setting a very large
value for the weight ..

in the semi-automatic approach. the selection of the con- -
fidence weights seews crucial to the final results. In princi-

ple. the weights are ¢xpected to be set individually accord-
ing to the ratio of the number of labelled pixels to the to-
tal pixel number of 1he tissues. Choosing same value for
all weights is the simplest. but in such a case, it is recom-
mended that number of labelled pixels be roughly propor-
tional to the total pixel munber of cach tissue. Morzover,
caution should be exercised when manually labelling pixels.
Since we normally labelled pixels in a » x » window simul-
taneously, it is easy to include some noisy pixels. When the
weights are set large. the effect of the noise will be automat-
ically magnified. So we would suggest the use of small r,
sav 2 or 3, and discarding the pixels in the window which
have the largest intensity or smallest intensity.. In this way,
the qualitv of the labelled pixels might be improved. (It
should be pointed our that we neither proportionally select
the training data nor consider the noise effect on the data in
gur previously presented examples).
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