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EM Algorithm for Image Segmentation whereZ is a normalizing constant] (X |3) is an energy function, and
Initialized by a Tree Structure Scheme gis _the hyperpa(am_eter of the MRF. A realizationXfis denoted
by X, and a realization of the random vectey by ..

Jong-Kae Fwu and Petar M. Djari’ LetY = {L‘ s € S8} be a vector random field that represents
the observed image, wheng is obtained when the noise, is
superimposed to the signalzx,). That is

Abstract—In this correspondence, the objective is to segment vector
images, which are modeled as multivariate finite mixtures. The underlying y. = g9(zs) + w, 2
images are characterized by Markov random fields (MRF’s), and the ) ) . )
applied segmentation procedure is based on the expectation-maximization With g(z.) being a vector function that maps the underlying label
(EM) technique. We propose an initialization procedure that does not z. to its associated attribute vectpr . Note that this model is,
require any prior information and yet provides excellent initial estimates general, valid for images with homsogeneous attributes within the

for the EM method. The performance of the overall segmentation is same reqion. such as X-rav and MR images. but mav be invalid for
demonstrated by segmentation of simulated one-dimensional (1-D) and gion, -ray ges, y

multidimensional magnetic resonance (MR) brain images. other images, such as positron emission tomography (PET) and single
photon emission computed tomography (SPECT). We assume that the
I INTRODUCTION noise samplg@s of E_are |_nd§per1dent_ and distributed according
o ] _to a multivariate Gaussian distribution with zero mean and unknown
Image segmentation is a process that groups the image pixgf§ariance matrix.
with homogeneous attributes together and assigns them adequate,qh pixel ofX belongs to one ofi: different classes, where is

labels. Many image segmentation methods are iterative and reqyiwn. Given the above assumptions, the probability density function
good initial conditions for reliable performance. In general, if thgs the observed vector at the sitecan be expressed as
initial conditions are inappropriate, the performance of the methods )

degrades significantly. In most of the literature related to iterative fy |, 0y) = m
Zs — TP s
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Fig. 1. Left: noiseless and noisy MR images. Middle: segmented image initialized by TS-EM and its error map. Right: segmented image initialized by
the K-means algorithm and its error map.

the covariance matrices associated with each class of pixels @fee remaining equations yield tHe + 1)st iteration, and they are

different. given [3], [7] by

Given these assumptions ald the main objective is to segment
Y into m classes and estimate the unknown parameiars Z‘bls(ﬂ)ﬂ,

(n seS &
0 +1):W 1=1,2,---,m )
lll. ALGORITHM Seg" 3
The segmentation of and the estimation o®y are entangled Zq,)x(n)(y —u)y — )T
s Zs {7/ s Ly

tasks and are usually carried out simultaneously. To resolve the stated
problem, we want to apply the EM algorithm. First we write

2571-&-1) — sES

> ol

sES
~ [ less00) [ faslNe,8) (B) _ _ _ o
s s As mentioned before, the EM algorithm requires accurate initializa-

tion if it is to perform reliably.

where® includes both the class parametérg and the hyperparam- Ou_r_ objectiye i_s to develop a prqcedure for _providi_ng initial
eter3 of the MRF. Note that in writing (5) from (4), we adopted thecondltlons, which is completely data driven. To achieve this goal, we
soseudolikelihood” (PL) principle [1]. Next, defin® : {6 :5€8) propose a TS algorithm whose scheme is identical to the TS vector
) ' = " quantization (TSVQ) method [6]. The scheme represents a sequence
. . of binary searches that usually leads to suboptimal solutions. It is
components are ideally all zero except for tle one, wherd is . . i
implemented in stages, where at each stage a fixed number of classes

the label of thesth pixel. In practice, as well as in this work, the .
) -, e are considered, and at tli¢h stage there arg classes assumed. In
elements ofy represent the conditional probability that the vector

s A stage onek = 1, that is, we assume the data belong to one class
y belongs to thdth class. From the EM algorithm, after theh g A 9 .
‘taration. thelth element of6 s 7] only, and we easily find the class parameters. Note that for this stage

we do not need initial values for the parameters. For the next stage,
k = 2, the data are assumed to come from two classes. To apply the

wheres! = [¢,6% - -+ ¢1"] is an indicator vector of length whose

1) f(g8|:cs =1, (H)("))f(xs =N, B) EM algorithm, we need the initial values of the class parameters. To
o =4 obtain them, we perturb the estimated mean of the data from stage one
Zf(y Nws =1,00) f(zs = 1IN, B) in opposite directions along the eigenvector associated with the largest
= eigenvalue of the estimated covariance matrix. The initial values are
1=1,2,---,m. (6) determined by applying a simple iterative scheme that converges in

Authorized licensed use limited to: SUNY AT STONY BROOK. Downloaded on April 30,2010 at 16:59:19 UTC from IEEE Xplore. Restrictions apply.



IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 6, NO. 2, FEBRUARY 1997 351

Fig. 2. From left to right: T1 image, T2 image, Pd image, and segmented image using TS-EM.

a few steps. Next, the EM algorithm is implemented, which further TABLE |
improves the estimates of the class parameters. TRUE AND ESTIMATED PARAMETERS BY THE EM ALGORITHM
Once the estimation in the second stage is completed, we go on INTIALIZED BY THE TS-EM AND K-MEANS ALGORITHMS
with setting initial values for the third stagé = 3). Here we have I Parameters J

two possibilities: to perturb the estimated mean vector of the first
the second class from the second stage. We perturb them one at a tjmene parameters values | 20.00 | 80.00 l 100.00 | 120.00 I 160.00 ”
and repeat the procedure as in stage two. Since the two possibilitfes
lead to two different solutions, we choose the better one according ta

TS-EM 20.04 I 78.29 I 100.08 | 121.22 I 162.17 ”

K-means 20.05 [ 81.22] 105.68 [ 127.73 l 163.01 “

possibility andX, maximi;esf(Xq Y'). With the completion of the
third stage, we are ready to move on to the fourth one. The steps are

similar to those already described. We continue in this manner untilhe algorithm is implemented according to the following scheme.
the number of classes equazls Note that in the Iast stage, we havey the ﬁrst stage, we start with one class, = 1,Vs € S. We

on m classes. well as the covariance matrix
The selection of the class that is being perturbed inktiestage . 1 .
is obtained as follows. From Bayes' theorem X = M1 X M2 (y,—p )y, —p) -
s€ES
- JYX ) F(XY) In thekth stage, wheré = 2, 3,-- -, m—1, we perform the following
fXGY) = == ©) :
fY) steps:
Step 1: Set the initial mean vectors of tliieclasses a(su +e fi,
Clearly, the maximization of (X,|Y’) does not depend of(Y’), and €, fi,.- -, fi, _ ), Wheree is a perturbation vector that Sp|ItS the first

thereforef(Y") can be ignored. To avoid difficulties in dealing W|thclass Its dlrectlon is identical to the direction of the eigenvector
all the possible configurations 6f as well as the intractable partition associated with the largest eigenvalue3sf.

function Z, which appears irf (X,), we adopt the pseudolikelihood. Step 2: Classify all the pixels into one of the classes by

The maximuma posteriori (MAP) criterion then becomes ve=1 i dly.p) < Ay i)

4= arg max FYIX)F(X,) (10) 1#17 and LI'€{1.2,---,k} (14)

q€{1,2, k—1}

. . whered(-) is thep-dimensional Euclidean norm, adnd!’ are the
= argqe{lf?ﬂm B {Fd(y ©)+ Fe(2,,0)} (11)  gifferent possible labels of the pixels at siteThen updatgt . and
¥ forl = 1,2,--- k.
where Step 3: Repeat Step 2 until convergence is achieved, i.e., until
the number of changing underlying pixels is zero or below certain
Fy() = Z{%hl 12, + 15 (Q.q _ HIS)TE;:(QQ _ Ems)} (12) predefined number.

ses Step 4:Useji,, and 3, forl=1,2,---,k as initial estimates for
the EM algorlthm to segment the |mage The hyperparameter
represents the fitting error (data term) and estimated from the pseudolikelihood and updated after each iteration.
Repeat the EM procedures until the estimates converge.
()= Z{—ln f(xs NG} (13) Step 5:As in Steps 1 to 4, split each clag®,3,---,k — 1) one
sES at a time to form additional classes. Choose the result from all the
k — 1 candidates using the MAP criterion (11) as the result for the
provides the smoothness (continuity) constraint. kth stage.

The sequence of binary searches greatly reduces the computational
load and provides very good results. The procedure can further be
accelerated if the computations of each stage are implemented in IV. SIMULATION RESULTS
parallel. This will allow linear increase in computation time with the In this section, we present the simulation results of two ex-
increase of the number of classes. The performance of the ovepmtiments. In the first, we applied the TS-EM procedure to one-
TS-EM scheme is excellent because, for the pixel classification, Wenensionalp = 1) synthesized MR brain image, and in the second,
not only use the statistical properties of the pixels but also explad a three-dimensiondlp = 3) real MR brain image. The sizes of
their spatial interrelationships that are quantified by the MRF. all these images are 258 256.
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TABLE I The results of the second experiment are displayed in Fig. 2. The
THE RoOBUSTNESSAGAINST Noise wiTH VARIOus CNR’s first three images are real images, and the remaining one is the
segmented image.
|| CNR ] 20/10 T20/15 [ 20/20 DO/%JJ g g
TS-EM 99.4% | 975 % | 93.6 % | 77.2% V. CONCLUSIONS

A TS scheme for initialization of an EM algorithm for image
segmentation and parameter estimation has been proposed. The
scheme comprises a sequence of binary searches. It starts with the
assumption that the pixels come from one class and, subsequently,

In Fig. 1, the left two images are the noiseless and noisy MRincreases the number of classes one at a time. In each stage, the
images. The middle two images are the segmented image initializgdyits obtained from the previous stage are used to construct initial
by TS-EM and its error map. The right images are the segmentggtimates for the current stage. The algorithm stops when the image is
image initialized by the K-means algorithm and its error map. Thg&gmented into a predefined number of classes. The performance of
contrast-to-noise ratio (CNR) defined by the algorithm was examined by computer simulations. They showed
excellent results.

EM initialized by K-means | 89.7% | 86.3% | 75.9% | 72.1%

CNR= 11]1%11 {M} l#k and
o
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