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Markov Random Field Based Fast Segmentation

LIU Wei-giang CHEN Hong XIA De-shen
603 Laboratory Computer Department Nanjing University of Science and Technology 210094

Abstract In this paper the segmentation based on Markov Random Field MRF is discussed to fulfill the fast segmentation of
complex remote sensing image. Using this method the cotton estimation model and the extraction of cotton areas from satellite im-
age are realized and remote sensing cotton estimation system is constructed. According to the characteristics of the remote sensing
image the image segmentation model based on MRF is established. The problem of image segmentation can be converted to the
problem of symbolizing and finally converted to the solution of Maximum A Posterior MAP  if the method of MRF is used. For
obtaining the solution of MAP the algorithm of simulated annealing SA can find the global optimum but it requires a large
amount of computation. So sub-optimal algorithms are often used. In the article the decisive algorithm based on game theory and
the algorithm based on competition theory are both introduced. Moreover the competition algorithm CA is improved largely.
These two algroithms reduce the complexity from different way. The experiments indicated that they could be used in the segmenta-
tion of complex remote sensing image effectively. In the system constructed by the method the cotton areas are extracted with high
precision from satellite image.

Keywords Markov random field Image segmentation Simulated annealing Maximum a posterior Game theory ~Competition
algorithm

™

™

1999-07-29 2000-06-26



229
Maximum A Posterior MAP
2
MAP @
w = arwgen}laxme olf 1
Ppix flo Py ©
Pxip @ | f = Py f 2
GSA CA X F
Py o ®
Ppix f1
(0] f probability density
function likelihood function
1 X F Pr f
f f
Pr f
PX|FCO|fOCPF|Xf|COPXw 3
S m
nx P F P Flo .
" A 2 Ox
f; - Mo 2
UlmF=21n«/27ww + 5 4
SES ' 26%
L /i f
= fl f2 fm
8
8
C# s r
VC . 0
- [8 Wy = W,
Vo, w, =V, w, w, = 5
+B wAw,
B 0.51
homogeneity
Hammersley-Clifford U: o = 2 V2 w.

ceC



230 6 A
n Nash
n
5
wh o= o F 4k 2k
k H w w
i a€ 01
Uow F =U o F +U, o 6
2 GSA 1 G T, T, H,
H, T, =2 H;
i
G Nash
P olf Nash
Combinatorial optimization
> Simulated Annealing Nash
SA
GSA
1 W ol W
SA w; s k=0
2 wh = wfl wf;
Game Theory s s€S W, # wh
GSA U w. = min U, A
30 PYy_—
n Non- A U A =In V2rs, +
cooperative n-person game theory n o= ta 2 Sy A
I=12 263 Fe'r ’
T;
C, s
t, € T, 3 U o =U o Wl = @k
W=t t L o w!
payoff H w w . o U o <U o eI
Wit = o
Nash Nash
x X % x & 01
wo=hob bn whtl = w’ilﬂ w;;:l
Nash 4 AU =
U wh - U wi*! [ <0.001U w*
Vi H w' = minH, w" ||t 7 U ow wt 6
L€, E=Fk+1 2 .
H Wx w'> WX || t; GSA
L w’" t] SA GSA



231
X a 1 EN % «a 2 EN
SA x| a
SA
GSA 1
GSA P,
SA > P,
x[,o p=12 P,
3 ¢ x p
pS
. GsA 0 =D c ) /ZTD ¢ x, 8
e
GSA U x?, 6
4 k=0
2
1 xf p=12
N x,,k apk
c x >c x, xpk”
E+1 _ k
CA 2t Xp
k+l
2 6,0
Competition Algorithm CA a.
3
x[,k p=12 P,
GA 1
n
1 2
SA
2 1
N x x x
a @ N



232 6 A

2 1 4
™2 3 4
256 x 256pixel 256.
SA CA GSA 3
3 3
B=0.6 GSA «a=0.7.
.GSA 1 1
3 3
GSA 2

Cad Mk 1 EHEE

(d) #ugle 2 OIS

Cg) Mhbh 3 i f




233

3
21 BESPEN
¥E i
#IEH 127. 22 13. 95
HEEW 61.33 4.88
sh e 339 22,186

22 ERSWHEREHER

HIEfE (s) -4
SA Nk 101 1717 301. 47
GSA Xk 32 1711 463.87
CA Nik 36 1 680 B28. 68

PREARAFERAREA DPELRKHAE
WA ERAMEN ESBH BRAE/NED
.M FE 2T EH.GSA.CA Bk 5 SA Bk
S8e WA A H R, Wb AT 6] £ b SA BT R
£ BHUKNE . XBNSARS . HFFLRAHMN
MERTTEQERA—E+ 5w, ER R X
MBERFESERERE —EEE. 7 SA KR
SRV RHRBB A EBERERE.

5 & it

A XS ML A T EF L] K Mlig 0B ERE
SHEESF. DEEIEBEARNES BT
HENETORENENES > 3&EE, HEE
S8 EE LR EBARTCRE, - RAER
RERGB KX ERBMEMNITHEE. F0E5#T
—FETEHEREH R EEEBEKKEGSAFH—
FETESFHIMN CA WE:, W CAMGSARE
#HT T, LB TR BRER N F. @
AEMHRBRMESHRETR.SHEIHETH GSA
MCAERIEREAFRIHAMMNET . ERT
% 2 3t Sy oY BB R BB R A A SCR N
Yok dnl DI M ARG E B R RE S

Geman S Geman D. Stochastic relaxation Gibbs distributions and the
Bayesian restoration of images. IEEE Trans. Pattern Anal. Machine Intell
1984 PAMI-6 9 721741.

Lakshmanan S Derin H. Simultaneous parameter estimation and segmenta-
tion of Gibbs random fields using simulated annealing. IEEE Trans Pattern

Anal. Machine Intell 1989 PAMI-11 8 799813.

3 Derin H Elliott H. Modeling and segmentation of noisy and

textured images using Gibbs Random Fields IEEE Trans Pattern Anal. Ma-
chine Intell 1987 PAMI-9 1 3955.

Panjwani Healley. Markov ~ random  field  models  for
unsupervised segmentation of textured colors images TEEE Trans. Pattern

Anal. Machine Intell 1995 PAMI 17 10 939954.

1996 33 1 410.

1978 1999
1975 1999
1941

45 4



