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Abstract: This paper presented and discussed all the typical approaches based on MRF. First it provided a general framework
of MRF in image segmentation and new progress for MRF modeling in recent years, and then emphatically presented the major
image segmentation algorithms based on MRF, including graph cut algorithm, normalized cut algorithm, belief propagation al-
gorithm, etc. Finally,it pointed out the future work for these segmentation algorithms.
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Kikuchi Bl a3 FHAth— 26 3 Bl BE 5 1 V4 5L A% 328 330 1k 1 T
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IR ) FRITILEAY 43 )2 BP 5385, AT LA R0 /> BP 14 21
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TURTHE A EURAb 2 (B A3 3 T 8507 i AL BEE5 SR . Chan
SN T —FR S
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MRF FE3 A —A> 35 i iR S B, S g 4 SR R WL X b A 3 iz
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TP TR FoE #5538 I R (] 475 4 15 4 L, O H 5 1l
JUR 7 s — R FTE RS BRI R, R4 N il
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Se o i TH B SN T B T R BOE R =S B 2 42
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Wb T BP BIEAETH SRS Y TOR T, X T Kb 525 [ i
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MR B PR W R s, I 38 TR 25 [R] 09 43 A7, Xof (2 A%
SRR RSB AR R R S50 AT T
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Flr HOPS (higher order proxy neighborhoods ) #5% , 3@ i 3X F)1 f&j 1
O X SRR R (6 MRF BERA 5 5, 3652 1] graph shifi****
X Ry AR X AT IR, R AT AR B R A B 2
Felzenswalb 25 A" $ 1 7 —FiA 200 3 T B 40 80 7 . 31X
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