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Abstract: As the brain vessel of human has complex topological structure and smaller space proportion,it is
hard to be segmented and reconstructed in three dimensions. Therefore, this paper proposes an automatic sta-
tistical intensity based approach for extracting the 3D cerebrovascular system from time-of-flight (TOF) Mag-
netic Resonance Angiography (MRA) data. First, the Finite Mixture Model (FMM) is analyzed, and it is
used to fit the intensity histogram of the brain image sequence preprocessed by the Maximum Intensity Projec-
tion(MIP). Then, the Gaussian distribution is used to fit the vessel, and the Gaussian distribution and Ray-

leigh distribution are used to fit other low intensity tissues. Since the model is easy to realize and has a short
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parameter vector, it decreases the parameter drift problem and can fit the intensity histogram well, especially

in the cross region between the cerebrovascular and other tissues. Moreover, the stochastic disturbance is

added in the traditional Expectation Maximization (EM) to construct Stochastic Estimation Maximization

(SEM) algorithm to estimate the parameter vector, by which the method shows low initial value dependence

and a high robust. As compared with the experiments, this model can segment more 27% cerebrovascular

voxels than two Gaussian models do and it can segment in three level for the small cerebrovascular branches

with a better connectivity. The model can fit a gray distribition curve of the data accurately , segment the

main branch of brain vessel and slight vessel branch and can be used in other similar systems.

Key words: Time-of-flight Magnetic Resonance Angiography (TOF MRA) ; cerebrovascular segmenta-

tion, finite mixture model, stochastic estimation maximization (SEM) algorithm, intensi-

ty histogram, Rayleigh distribution.
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Tab.1 Parameters of Rayleigh Gauss mixture

model and double Gauss mixture model

B A TR A R AU A AR

Wi 0.095 776 9

Ak 1. ok 25.176 1

=& War 0. 882 856 0. 980 892
e 199. 868 185. 287
oar 47.891 5 65.992 1
wen 0.021 367 4 0.019 108 4

MmE%  ue 606. 807 627. 822
oar 148. 213 142. 662
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(a) Intensity histogram of TOF MRA brain sequence

fitted by using Rayleigh Gauss mixture model
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(b) Intensity histogram of TOF MRA brain sequence

fitted by using double Gauss mixture model
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Fig. 8 Fitting curves of intensity histogram
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Tab. 2 Comparison of fitting curves and initial intensity

histogram for two different models in different gray levels

IR BUACBECE  XURIHTRERL  J A A A
250 12 464 11 394 13 220
260 8 222 9 711 10 403
270 5231 8 088 7 839
280 3566 6 585 5 658
290 2 467 5241 3913
300 1684 4078 2 595
310 1252 3102 1652
320 1033 2 309 1014
330 861 1682 603
340 666 1201 352
350 607 842 208
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Tab. 3 Number of valid points in the segmentation

result with different models
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Fig. 9 Number of segmented blood voxel in each lay-

er with different models
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Tab.4 Number of cerebrovascular segmented

by three methods in different layers

o /%JJ ﬁ%ﬂfﬁjﬁﬁ — XS(:.%EE X i

srE IRARER T 7 R
14 532 396 74.43% 258  48.49%
30 627 560 89.31% 332 52.95%
44 759 697 91.83% 396  52.17%
67 1672 1473 88.09% 1291 77.21%
86 1082 983 90. 85% 832  76.89%
118 1794 1588 88.51% 1433 79.87%
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