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Segmentation of Brain MR Images Through Class-adaptive Gauss-Markov
Random Field Model and the EM Algorithm

WANG Wen-hui ,FENG Qian-jin, Liu Lei, CHEN Wu-fan
(Key Laboratory of Medical Image Processing ,Southern Medical University , Guangzhou 510515)

Abstract Gauss-Markov random field model takes advantage of both image intensity and spatial information imposed by
Gibbs smoothness prior to the pixel labels and thus can be used to effectively in segmenting the noisy images. However it is
always difficult to confirm the Gibbs penalty factor 8. As usual,to get good segmentation result for every segmenting-to-be
image , various values of 8 will be tested by hand. So to solve this problem, this article defines a new and simple class-adap-
tive penalty factor B.It is automatically calculated from the posterior probability and is anisotropic for each
class. Furthermore the model iteratively obtains their parameters estimation in the EM-MAP algorithm. Finally, by application
of this algorithm to brain MR Image segmentation, the proposed segmentation scheme is proved effective for noisy image and

at the same time it distinguishes itself by higher correct classification ratio and correct classification ratio for each class.
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Fig. 1 The convergence of the two kinds of algorithm in term of U”
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Tab.1 Parameters 3, , in the second iteration when the proposed algorithm is adopted in the image in Fig. 1(a)

ES7 Bia Bi2 Bis Bis Bis Bia Bis
j=1(WM) 0.287 5 0.259 4 0.287 6 0.2459 0.245 9 0.287 6 0.259 4 0.287 5
j=2(CSF) 0.394 0 0.372 4 0.398 3 0.368 7 0.368 7 0.398 3 0.372 4 0.394 0
j=3(GM) 0.336 5 0.318 0 0.338 7 0.318 4 0.318 4 0.338 7 0.318 0 0.336 5
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Tab.2 CCR and CCRC of the two kinds of algorithm

WM (1 CSF GM 11y
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CCRC(% ) CCRC(% ) CCRC(% )
be B=0 98. 28 70. 66 76.19 77.73
fgﬁ} B=0.1 98. 04 78.15 83.13 83.74
J5 B=0.8 88.36 92. 60 94. 26 92.76
7S B=0.5 92. 88 91.24 94. 49 93.11
A 93.96 91. 41 94.25 93.22
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