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Image Segmentation/Method Based on MRF with Edge Constrained Local Region
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[ Abstract] The/conventional Markov Random Field(MRF) model i§,sensitive to noise and produces fuzzy edges when
segmenting complex natural images. To address the problem, this paper proposes an Edge Constrained Local Region
MRF (ECLRMRF) segmentation model. Euclidean distance_is used 10 measure the similarity of adjacent pixels in the
local region, and the local space is constructed according/to the similarity to constrain the Gaussian Mixture Model
(GMM) , which can effectively describe the rich statistical features of the local region and establish the local region
consistency constraints of the MRF model. Canny edge detection operator is used to extract the edge features of the
image, and the edge constraints of the image segmentation region are established in the process of segmentation. By
fusing the local region statistical features“and image edge features in the framework of MRF model, the problem of
blurring the edge of image segmentation in.the local region MRF model is solved, and then Gibbs sampling algorithm is
used to achieve accurate segmentationnef\.complex natural images. Experimental results show that the model can better
retain the edge information of the image and has better segmentation effect.
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Table 1 Comparison of segmentation results of

x 100% 22)

five models for synthetic images

el AR B 1% i 1A] /s CCR/%
CGMRF fi %! 157 14.051 92.36
LRGMREF #iJ5 98 31.971 95.92
HMRF-EM #5151 4 11.897 68.48
RLSI-HMRF 1 %! 116 13.158 96.75
A SRR 87 26.642 97.19
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Fig.1 Comparison of five models for syntheticimage segmentation
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Fig.2 Segmentation effect of five models on natural images
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Table 2 PRI values of five models for_natural

images segmentation

PRI
R .

D CGMRF LRGMRE HMRF-EM)RLSI-HMRF A&

f Al e fi LA Al
80099  0.802 4 09121 0.824 8 0.9359 0.970 2
135069  0.9659 0.9672 0.966 7 0.967 6 0.977 9
253036  0.944 1 09511 0.7118 0.960 0 0.964 6
28083  0.792 4 0.797°6 0.788 8 0.799 8 0.8123
55067  0.962 8 0.964 6 0.711 0 0.964 5 0.970 2
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Table 3 Comparison results of'iteration times and running time of five models
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] ID 5 80099 1D} 135069 ID4K253036 ID 28083 ID 455067 ID 80099 ID N 135069 ID H253036 ID Jy28083 ID Jy 55067
(k=2) (=2) (k=3) (k=4) (k=6) (k=2) (k=2) (k=3) (k=4) (k=6)
CGMRE #5 132 123 79 195 143 15.057 13.530 11.247 34.494 49.199
LRGMRF #5i i 242 222 120 167 106 63.812 57.252 43.793 75.003 39.165
HMRF-EM #5iJ 15 4 9 10 14 171.495 66.841 198.072 289.821 130.857
RLSI-HMREF # 169 27 83 178 148 177.957 19.536 65.292 168.396  222.508
AR SO 64 116 45 69 65 40.845 49.801 40.869 84.212 48.117
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