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Fast Segmentation of Knee Structure Based on
Multi-scale MRF in MRI Image
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V" (School of Computer & Information, Hefei University of Technology, Hefei 230009 )
2 ( Department of Orthopaedics, The First Affiliated Hospital of Anhui Medical University, Hefei 230022)

Abstract Bone segmentation in knee MRI can be regarded as the groundwork of segmenting and analyzing soft tissue in
knees. Usually this task is time-consuming and needs human intervention. To solve this problem automatically and rapidly,
a multi-scale MRF is introduced into knee MRI segmentation in this paper. Gaussian mixture model is firstly built as the
statistical model for the intensity image, with an estimation of index number using MDL. In the phase of building multi-
scale MRF model, non-iterated computing based on causality between scales is implemented, where statistical information
is transferred from fine scales to coarse scales and MAP of every pixel is computed from coarse scales to fine scales. As a
result, fast and unsupervised bone segmentation on knee MRI can be achieved. The experiments show that the temporal cost
of segmenting knee bones based on multi-scale MRF is extremely low and the segmentation error can be comparable to
manual segmentation by medical experts. In conclusion, the work presented here accomplishes fast and accurate
segmentation on knee MRI of low SNR through building a multi-scale MRF model. Future work can be extended to further
cartilage and meniscus segmentation.

Keywords knee MRI, image segmentation, multi-scale MRF model, Gaussian mixture model, MDL criteria
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Fig. 1 Quadtree structure
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Fig.2  Hybrid pyramidal structure
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Fig. 3 An illustration of bone segmentation in coronal image
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segmentation error in coronal image

x m R t(s) n RMS
0 6.38  18.48 4.098 8
M_MRF 1 54.76  586.66  1.046 94.94% (1’?2(;]1)
2 160.78 674.57 (mm)
0 8.73  4.93  327.547 6.670 8
SMRF 1 46.60 39.43 ik 98.69% <1‘_’i;‘§ls>
2 1sasa 20633 2 x (mm)

S 56 v 43 )R R T DX R T S Y O Al
BOEIR R, UL BIE R . 0 AR T3 2 %)
HEES R SR XA ESREE, TH AN
n=(S8,18,)/8,, Hr, S, T F 35 F i & # 1
B, S, Fom 22 N sl B RO 70 30 45 2 00 B i i A
RMS Q3 T3l 73 8 5% 0 J10 45 2R b O 8 %
15X O 2 18] B R 25, SE G TP R SO A B Y
I B AR B B R o 1 S AT SR A 23 R
gh7r# 5 S_MRF, M_MRF Jp 1 45 5 v -5 4 121 2 [7]
(4 2 75 AR AEL , AT P 803 ¢ R VR 22

M 1R X E 5 R g ol DUA ), M_MRF )
oy FIRZER L T S_MRF, H s[5 fhy [ 3 73 FI 45 2R A]

() FEEIEBRIA (o) S_IMRFEEIA]

(H M_MRF&B&IE

KRS INTIR g i T S

Fig. 4 An illustration of bone segmentation in sagittal image
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Tab.2 Parameters, temporal cost and

segmentation error in sagittal image
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