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Fuzzy Regional MRF Method for Automatic Identification of Urban
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Abstract; In order to effectively distinguish the natural objects inside the town from outside objects,and completely i-
dentify the urban regions in remote sensing image,a fuzzy geographic object-based MRF method is proposed. Firstly, the
seed points of the town,i. e. ,the top and shadow points of artificial ground objects, are firstly obtained by analyzing spectral
information and spatial gradient. Then the over-segmented regions of the origin image are obtained by Mean Shift algorithm.
Finally,a MREF is established over regions. and the membership matrix in the fuzzy C-means clustering algorithm is replaced
by the conditional probability matrix in the MRF in an iterative manner. Meanwhile the categories of the regions containing
the seed points are kept unchanged. For QuickBird and Ikonos remote sensing images , the proposed model can simultaneous-
ly deal with both the stochastic and fuzzy nature of images,and effectively intergate the space information,and thus benefit
the identification of town.

Key words: urban identification; fuzzy C-means algorithm ;spatial information ; Markov random field model

1 3= EPRRE , WL U B T 2 B T 2 59 265 0 T
- IRCESZIREE GZISNI CE SR G e I
MBS (R U e RERUIRBDCRR, ST e m eyt s b U0 SRR 1% 7 0 Aot L (1

= 0 &k
n,g F

DA B FT AR AR S0y S REA Jey I st 26 i
S P AL 3T AN 325 7 2 T 7 1] ST A PR AE A,
HTHLERE ARG BRI, Ik S MU A Jie e o 4R
BER AR 7 222 FARYE A A0 2R i B8
FPIE 22 7 R AR i, SR B B B AR AL, Z24E Gabor JE

XGRS IRE— T E AT PRk TAE.

Wik H 97:2017-10-30 ;4 [0 1 451 :2018-05-22 s ST L4 4 - 3817

FEGIUH [/ R A ARBHEEE S (No. 41101425, No. 61471170) 5 277 -+ [ B S RHIFE 4 ( No. MCM20170506 ) 5 1 e 45 2075 T % B BHF I H ( No.

16A114,No. 17B145) ; ¥/ 4 B S 0F & 315501 H (No2018GK2058 ) 5 iR & H 2R k23 4x (No. 2016JJ2070, No. 2017]J3132)

S H LB B RE TR ) 0 S B D R U1 M 1) T 78 AR P2 TS L W I N 3 O AE AR A

TEABIEEE R H ) S S X, A R VA 5 R
P IR I M B AR R A S M 3

TRGERIBH C 415 5 K5 15 (fuzzy C-means algo-
rithm , FCM ) 3 >R FH R [ B 286 i o0k 5 2 vt 11 22



490 H, ¥

2 4R 2019 4

S, X R T ) AR AR T 22 B AR 53 B OR BT (H X
MY SCRAE BT 0 o B AR, AR ME R A
BEWEE R, X R T FCM %A 7843 #1258 A B
KFR AR A 0w Mk i 43 38 SRS AR rh W S 5 . g )
FCM A 1R 2058 3 I 5 FQBE B A% eR 055 T Bt
BRI [ BE B (H B T3 5840 R 28 [ FME B,
TRMEDRAG A N0 B A R ik 6] AR BRI 23 4y
TS E S A R FCM {H DU 3R R AL BT, 3t
B e

FE T PR IR BTG P KSR PGEAR W7 7 s KRS
W E T RERBMEBIHE I B 1 SAER
7. k(8 ] F) X 4848 422 8 ( Region Adjacent Graphic,
RAG) X} XS4 T MRF ZEAE, I {Bise X IR AIE iR A Gam-
ma J3A7 , dlat EM ST S4 S IX B SAR 52
185380 SCER 9 ] MRF A7 78 LAE RAG Il i X
SR ARLER BRI ESAB TAY 1 37 A o S B IX SR S AR 31 5 S
BR[ 10 SR FIRITE MRF X284 T 1 WoB oy =i 4315 3C
BRCIL A ] % 42 /Y MRF B 3R 17 18 SRS AR Loy
F AR SUZ YO B 7> BN S5 R A% 07k, &5 1]
LRI X G2 AR ICAE B, B b A ] T A R DG &R
5 AN REAR AT H AL B4y SR B R P ORIV, IS S ik
BRI A — E W NP

PR, AR SCHE X 42 MRF 4578 55 5080 SR S B30 vk AR 435
BB G, 3 U RN A (] 8 I O LD IR
P FH X B 80 0 D 4 52 AR A7 2k 43 381, ORI D
MRF #3833 5 %) KB 4 Fh 6 R FESRE AL B
FH MRF {14 25 PR30 AR O] C S(E RS sl
e B R 5 B s A XS AN S DT S
IR, 207 DR T K-L A5 B FCM Sy SR A AE
R A HA R AR MRF AR, 347 FCM
Ab BRI K AR F MRF 53 a4 FM iR B o, 8]
X 38 A5 S8 JE AR B A5 53 B O i v | A AR
AT SLg 5 R AR WY %07 L RE A RO U L i R
B 0 IR X3

2 MRF &%

ST (A RS F 3k AT Ik 2 (R AT 3 20381
Prigid B E SR Y, 0 F = 11 R Y 3k
SRR AR i i, 0 DX T B0 L X OB 38 7 22 T Bt
RS B Y AKX SRS FmH | KR
fibn A Y P 25 KR B AR IS A, AR IC Y X =
P b R o oy e A RS @ AN IR 2R 5 R, A
I JEPRIC IR B XA ARICHR A | AL B
ATRE BN X A LAY FbRic gl A, (- ) 136
RS ) WITERADEC IAL B RS — R bR i «
AR X A — R 255 M40 © A RR AR B F, BT MRF

RRAL ] S A A — M 2 AR, B P (L F). il
Bayesian £ :
_P(Flx) - P(x)

P(xIF)_T (1)

(D) PEEMARICHERE P(x) 385 8 PR e, P(F
L) PEARIC » 250 T ARAE FA9HESS 385 FR 0 RLAR bR
B T A XEEE F ] AR AR, 2
i, RIAETH SR (L) AT 4w PF).

1E MRF AR i 5 nDR SR IR P (o) R e
2 R M — AN X, o, 2 5 HAs A A AR Y
XS, /I

P(x,lx,,teS/{il) =P(x,lx,,ted,) (2)

T EA SRR, R4 Hammersley-Clif-

ford theorem'™' | BEA MR 434 & Gibbs 4345 , Bl

P(x) =Jexp( - U(x)) (3)

HipZ= 3 exp( = U(x)) HIEMALEEL, Ux) Jfig it

L.

R TAETFAGIIARIC Sy « B BURHE F RER 385
FEALIR PREL P (F 1o0) IR 35E A i DA o AE 3235 138 o B 1F
2T EANRBAUSR PR EL P (F 1 x) IR N IEZS 53 A, X B P
(Flx) J&—D4EHCN 1S TR IE S 2 A, HORS B K i 1 11
B AR K L, R 288134 (mean field ) ik
fRI LAY

P(Flx) = l_[gP(fl.Ixi) (4)
BB B 25 B ARiE Ja , A5 DX ) SRR AR A5 L 8 37, BE RS
FU VR A DA — 2 TE A A BT
P(Flx,0) = H P(f;:lxiaox,) = 1—! P(,f‘ill‘l’x,’zx‘)
(5)
Horb,w, B3, FRIRARICH «x, B TR R 22,

TEG R T, 2420 (3) o P () BRI TR 4 0E

AR IX I bR e i), 85 DX bR i A Bk Sy, B
P(x) = HP(xilx[,teﬁi) (6)

exp( - z Vi(xi,x,))

;AeXp( - z Vi(xi’x1))

FOHP LV () R 1 CIRAOATAE v, RO HIAE I er
T, 2 AR B A SOR B 12 T 1 £ J2 12 4
*ﬁﬂ%%%ﬁﬁi Vi(xi ax,) H

H P(x | x,ted,) = (7)

-8B, x =x,
he) ={B’ X, X, (3)
PR, P (x| F) A4 (9) 1,

P(x|F)x<P(Flx) « P(x) c< H P(filx;,) « P(x;lx,,6€0,)

(9)



o2 M WRaRt SO XA Z MRF 77 kB A1 sk v )i 491

3 FCM &%

FCM J&— it ik 2 A3 37 SR B2 AR 26 vl e
/I s R K O 2 25 08l 5 28 P S ) S BHS
Bl A=1a,,a,,a,l 'J/\jy C RIS T k.

J—Z;Z( )" (10)
H R ={rt NSRRI, SRR r, 3&%?@ i R
J& T AR AR ,Hﬁ\%&ﬂ%‘xﬁ?%ﬁ%’é H

DRFBEZ SN 1LY r =1, >0 m=1 EAE
B AR a, T RS2 S

Miyamoto A1 Mukaidono ) F 1E NIAL 3 A | ¥4 {E 5|
A (10) EP e

]—Z{Z() in/ log(rij)

| (11)
ﬁ*%A-iEﬁ + log(r, ) FHK 200 3 I3 FE R R
HORORI R FE, A S5 R (OO 2 40 B S, Tchi-
hashi!"’ /Ij‘KL/fn MAB]Z (1) A, ﬁ/iﬁi (12):
ZZ (r cd;+ A - ;zr °log(;—”£)

(12)
o BORE § AR X RIS

4 EMXE MRF &%
Y5 B T i) MRF &84 55 0 XU HESE P, 1))
W ZP(x =jlf) =1 M P(x, =jlf}) >0,Vje A 4

FCM %;Fﬂiﬂ SEL C 5 MRF #5580 2 il bR i Fp 25 4
A VKRG Z e FOM B3k v (1 55 J 3 0 e o Joi—
FE RICAT DA IR P (w, 1f,) A0 FCM i s e
FER R, B 20 (9) TR P (x| F) AR Ry S I8
BERY .
ry=P(x, =jlf,) (13)
4 MRF BRI PRI sR %L P (f; 1, , 6,) BY B0 H50E SO
FCM 3 ik iy 22 50k 4,1
d; = —log(P(filxi=j,9j)) (14)
TRIEER @ KEURFIE XTS5 7 DRI L eIt 7 @
SNy MRF A SR IR
(=3 Vilx = /%1 B))

;\eXp(— 2 V.(x;,x,1 B))

(15)

7Tij :P(xi =j|x[,t (S ai ’B) =

B HMAP AT
SB|L AR A E h  R A7 3 )

H AT o X I

HE2 FIRISCHR 17 ] 4 ) SR 73 A 25 [8] 38
TR AR R A5

HE]3 FHISCHRL L7 5 i X0 K 5 i 3R

# KR ia bR,

FRRA PRI KOS 3 (H AT 25 2SR
k]

F|S SHOE (R ERBL FFCM H bx
PR/ NSO B Th) L3045 KD I e hRic o o, AR AR

1

1, =) ) B
M%Xi%ﬁﬁ%R=UDﬁ={ o
0, =x#j
PRBE By =1,
HES. 1 RUM A R (14) SR 0, B
/-Lj ﬂ] Eji

Zr; fxl
=
Z’i/‘
ies
er/ * (fw',i _/-L,‘) ° (f:\",i _lu’j)T
S, = [ , Isj<IAL,
TR Ein .

FES. 2 6, = (w,,2) il ry A (14) 115 4.
FE]S.3 MRS WHIERMAR 7,
FR|S. 4 HOPTHR A

T exp( - 7’)
1+1 ’ A
iy I Al
S 7 e - %)
h=1

HBS.S i BB TSR = max
P L A B T (LR 0 R LA 1 X
T IRHOK )

SWS.6 KU d, o, R R (12) 30 7
ST = > Th 3 LS AR UOHUN T R 2 1Rk
WL =0+ 1 JFRE S, 1 w0, 05E ¢ =2 4
Hith 2 15 R IS

5 TSN

g VAR T AT RE B HOE, AR SO Ok [17 ] By i
JHH QuickBird 521% F1 Tkonos 5245, X} ] 4H 3% [ 5215 47
532 2T Mahalanobis {5 25 () W B U5 5 vk L e KA
SRR J7 12 SCHR [ 17 ] 07 12 A SCO7 125 1647 AR
PO, MR AR E S PPN PR AR BE AR 43 SR FE ( Overall Accura-
cy,OA) 1 Kappa RELLLEE T 4 Fh 5 40250551

QuickBird 52185045, K 1 (a) BT, /N R 256 x
256, Zs AR ) EE AR B A T ZE A Sl 32



492 H, ¥

2 4R 2019 4

AT AN TS AR E 55 T BRI AR K AR T R
MR BEER S 5 B M TR SRR (AL 3 HL 4 55 R
ARHFFHL) HA —E M HERE. %) T QuickBird &, 3

T T
ey - -

(@) QuickBird JFIH 1%

(b) FTARICZR

B AT A Y BUETEE 7350 9 [ 0. 45,3.9 ] FI[0.35,2.8] ,4

P R BRI E 1 TR,

(¢) Mahalanobis [ 25 f 2% 5

(d) FRAIRESR

(e) Tk [17] ikt

(f) ARCELSR

#l1  QuickBird §414

ME T RTEUE sl T3 R R 5 3 AR AR
FRIE AR I A AR, 15 2 2% 1) Mahalanobis i 25 1 iz
KAER 2 AU T 325, AN BB AT 450 Hb IX. 43 6k B PN 358 0 AR
BB AL AR A, TR 25 AR B4 LA ™ . SCRik (17 ]
FA SO ¥, ANMB A H iR i N Ty, i i Bh 1
X IR P R A1 A 2 ) &R 3 A ., A Ak b TR 3 s T Ao
T P 0 A R AR, JEAR ST BT IR X3 AR
TOUN. AFAWELEL 1 (e) FIE 1 (f) 22 &R, W] L& 3 SC
PR L 17 TR0 A B P00 A 38, AR SC 7 1 U5 A TE A
PO B AC s X0 T SCHER [ 17 ] A RE I 000 M A2 B3R
PR A0 , 2 SCOT ¥ R b P 4 SR T S ke,

Ikonos FZ AR %%, W& 1 (a) B, K/NHK 342 x
342 ZR AR T 4 R AR H L RER GE R, B ) X
F Tkonos FEAR, A SC T i B AT A I Y [ 430 A
[0.6,3.9] #1[0.3,2.5],4 FhJr 2 P HOCR an & 2

B

MIE2(e) F1(d) /] LA i IR R R B 45 R 1
B, VRV 22 IO SR 3 ) R P A SR
o3, ABEA ORI BN B B AR ), T DX IR R
T 1  RERE AT 2803 IX 0 T S AL 1A ¥50 R i B Ah 3R 1)
SRIY) , EAS LB 5 B MU B X Ik

TR U ERRCR 2 1 B T 4 RhITEERS
T2 AR Kappa 2 BCHLEAORTEE OA. XF T Quick-
Bird F05 , A SCT7 A0 LU SCRR (17 17735, #2517 Kappa
RRANZH I AEARE L OA 3 DNZ T mi X T
Tkonos 518, Kappa RECHLEAKTRE OA WA BT 5. M
Kappa Z BUALEANG I OA W] LIE ), AT AL Z
I Mahalanobis i & \ f5 K AR FISCHR [ 17 ] 75 1%, #8A
BRI

®1 FIEMER

Mahalanobis i & i FN VS SCHRL 17107k ATk
Kappa OA Kappa OA Kappa OA Kappa OA
QuickBird 69.95% 80.07% 72.00% 81.72% 83.05% 89.99% 87.77% 93.11%
Ikonos 65.22% 86.94% 65.85% 87.09% 86.93% 96.44% 89.05% 96.96%




o2 M WRaRt SO XA Z MRF 77 kB A1 sk v )i 493

=

(a) Tkonos JHAEFA%

(b) F-ThriCas

(c) Mahalanobis i 2 145 5

(d) FRRAUIRZ,

(e) SCHK [17] ikt

() ASCEEAS R

%12 Tkonos 1%

6 HitE5RE

ARSCHR T —Fh X BB MRF J5 3%, 7R A0t
T MRF [y 5% (40 A S8 50 PR QR AR C I E R
DR BEAR B , A SRS T MRF (1923 [0] ¢ R A g
JIF0 FCM Ab FRASHAPE B A0 5. 1) ] 1 (8 I 88 B8 1 % 52
AT 3 43380 i B B B[] J5 DX, P00 4 0 DX Sl gk A 7
MRF ZE452, 255 A0 48 X AR 105 8., BA BT A9 X S8,
BN RSN B S8 Hu W (9 B8 T, A A D T U A5 AR
P EAER PG, BEAE L 55 5 2 b R 1) S I DX . S
FWIZ T 1k e B4y b A - QuickBird i Tkonos 12 Jik
RGP B3R DX IR, AN ACRE RN H Bk P i N TR
Yy, 38 BRG]t 3R o ) AR B AR (LGS T 4R
A TEOIN AN % AR, i 4 rmg s SO0 ROCR R 2
— AT

S ik

[1] Xueliang Zhang, Pengfeng Xiao, Xuezhi Feng, Min Yuan.
Separate segmentation of multi-temporal high-resolution re-
mote sensing images for object-based change detection in
urban area [ J ]. Remote Sensing of Environment, 2017,
201:243 -255.

[2] Michael Meinild Nielsen. Extraction of different urban area
categories from satellite images using Window Independent
Context Segmentation [ A |. Conference 2011 Joint Urban
Remote Sensing Event[ C]. Munich Germany , IEEE, April

2011.11-13

[3] Essa Basaeed, Harish Bhaskar, Mohammed Al-Mualla. Su-
pervised remote sensing image segmentation using boosted
convolutional neural networks[ J]. Knowledge-Based Sys-
tems,2016,99.19 - 27.

[4] Yi Ding, Xian Fu. Kernel-based fuzzy c-means clustering
algorithm based on genetic algorithm [ J ]. Neurocomput-
ing,2016,188:233 -238.

[S] B sRAE A mEm , B35 M, 45 K. 455 5 IR B A9 X d A

B SR S P Ry I LT ] v Tl 2~ 41, 2017,
46(1).222 -228.
Zhao Quanhua, Li Xiaoli, Zhao Xuemei, Li Yu. Remote
sensing image segmentation algorithm with regional fuzzy
cluster and Mahalanobis distance[ J ]. Journal of China Uni-
versity of Mining & Technology,2017,46 (1) ;222 —228.
(in Chinese)

[6] Kun Li, Ai Min Li. Modified FCM image segmentation
based on Gaussian kernel and spatial information [ A ].

Conference 2017 IEEE 2nd Information Technology, Net-
working, Electronic and Automation Control Conference
[C]. Chongqging China,IEEE,2017.1105 - 1109.

(7] BRoRIe, AR, 25 B0, AL XU . O o 5 A
KL Gibbs FEHLIZR A &Ik ]. B F2#41, 2016 ,44
(10) :2351 -2356.

CHEN Rong-yuan, XU Xue-song, et al. Image segmenta-
tion by combining adaptively weighted features with gibbs
random field[ J]. Acta Electronica Sinica,2016,44 (10) .



494

b 2019 4

(8]

(9]

2351 —2356. (in Chinese)

G-S Xia,C He,H Sun. Integration of synthetic aperture ra-
dar image segmentation method using Markov random field
on region adjacency graph[J]. IET Radar Sonar & Naviga-
tion,2007,1(5) ;348 —353.

Xiao Feng Wang, Xiao-Ping Zhang. A new localized super-
pixel Markov random field for image segmentation[ A ].
Conference 2009 IEEE international conference on Multi-
media and Expo[ C]. New York America, IEEE,2009. 642
—-645.

[10 ] Guoying Liu, Qianging Qin, Tiancan Mei, Lieguang

(1]

(12]

[13]

[14]

[15]

Wang. Supervised image segmentation based on tree-
structured MRF model in wavelet domain[ J]. IEEE Ge-
oscience and Remote Sensing Letters. 2009 ,6(4) :850 —
854.
Chen Zheng, Leiguang Wang. Semantic Segmentation of
Remote Sensing Imagery Using Object-Based Markov
Random Field Model With Regional Penalties[ J]. IEEE
Journal of Selected Topics in Applied Earth Observations
and Remote Sensing,2015,8(5) :1924 —1935.
John M. Hammersley, Peter Clifford. Markov fields on finite
graphs and lattices[ M ]. Unpublished manuscript,1971.
Yong Xia, Dagan Feng, Rongchun Zhao. Adaptive Seg-
mentation of Textured Images by Using the Coupled
Markov Random Field Model [ J ]. IEEE Transactions on
Image Processing,2006,15(11) ;3559 —3566.
Sadaaki Miyamoto, Masao Mukaidono. Fuzzy c-means as
a regularization and maximum entropy approach [ A ].
Conference 7th International Fuzzy Systems Association
World Congress [ C ]. Prague, Czech Republic, FIZ
Karlsruhe GmbH. 1997.2.86 -92.
Hidetomo Ichihashi, Kiyotaka Miyagishi, Katsubiro Hon-
da. Fuzzy c-means clustering with regularization by K-L
information|[ A ]. Conference The 10th IEEE International
Conference on Fuzzy Systems [ C]. Melbourne, IEEE,
2001.2.924 -927.

[17]

[16 ] Sotirios P. Chatzis, Theodora A. Varvarigou. A Fuzzy

Clustering Approach Toward Hidden Markov Random
Field Models for Enhanced Spatially Constrained Image
Segmentation[ J ]. IEEE Transactions on Fuzzy Systems,
2008,16(5) ;1351 - 1361.

WRaRoT, MR, L, Z8 TS MRF AESL R B DX 1<
BERILE SRR P AR [T ] P22 27417, 2011,40(2)
163 - 168.

Chen Rongyuan, Zheng Chen, Wan Leiguang, Qin Qian-
qing. A region growing model under the framework of
MREF for urban detection[ J]. Acta Geoda etica et Ca rto-
graphica Sinica,2011,40(2) ;163 - 168. (in Chinese)

EE® T

BRI 95,1976 4E 6 A4 TLJAEN,
2010 AE T RRBU A BRI 22, T L 2
ra e bt U IR BTS2 B 0, EEA R TT )
MR BRI T R

E-mail ; chenrongyuan@ 126. com

#ER(EEESE) B, 45T 20012004
H12009 4ETEWIFG R 2= 3R A3 10 L Al L2
AL, By R 1R 2 B R B, S ERITSE U ) S A
YU AR Z Y8
E-mail ; daniel613@ 126. com

BRI E  Y,1983 4F 6 HA, MRHIAR A,
2011 AR FA YD B TR 2 ARG B0 4 2 o7, 20T
FE07 Tl Ry G AL RN B 2 3
E-mail ; slzzx1983@ 163. com



