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A Multisource Image Fusion Method Based on
Hierarchical Markov Random Field Model

1.1 Shi-min, GUO Li, ZHU Jun-zhu
(Depr. of Llectronic Science and Techaologw, University of Seience and Technology of China. Hefei 230026)

Abstract The main objective of the 1echnique of image data fusion is combining or amalgamating information from
nwltiple sensars such thar the new images are more suitahle fur the purpose of the computer-processing tasks such
us segmentations feature extraction, and object recognition. This paper proposes a multisource imuge fusion
algorithimn based on hierarchical markov random field model. The algorithm defines the fuscd image as the hidden
labels. and the multisource image can be defined as observation of the hidden labels. The hidden labels cun be
extended in the yuadtree manner, In order 1o reduce the computational burden, this paper uses  hybrid strucrure
which combines a spatial grid of a reduced size at the coarsest level with sub-tree below it. down to the finest
level. The hidden ialels can be estimated by a noniterative inference on sub-tree with 1CM algorithm defined on the
top of the hybrid structure, In order to circumvent the drawback of classical MAP crirerion on the hierarchical
graph structures . this algorithm combines nonlinear causal Markov model delined on hierarchical graph structures
with bayesian SMAP criterion. This aigorithm can applied to multi-source remote sensed image fusion, and can
contribute to the currcerness of image pixels labeling and the reduction of the multi-scurce image volume. The
contrast experiments on syntheric and satellite images indicated the advantage of this aigorithm relative tu the
classic algorithm.

Keywords {(omputer image processing. Multisource image f{usion, Hierarchical MRF mode]. Sequential maximum

a posteriorl, Image segmentation

0 3l

mt

A BB A R R R AR BT LA E A
e IR RS, b T M E RGBT

LB EME A BMNES M (00043104)
YE MR 2002-01-21: B A X3: 2002-08-12

R IR A - (R 3 R A ) 1 % TR B A B
AR BRANSHTRARRH. S THREEBAR
EFSER P I T F SUREIAEINTE SN i
b SDE B TR FEXOR R B VN X
Bigrkze . UL L2 IR AR — 49 $miR 8



156 TEESELER

8 EANR

U FUHFH B AR R REBIL K. MRF SR fE y—
ANERENEFHBCAE) ZHATES S
W ERHESE TRA Gibbs 4 A LR A4
BRI WA Sk AR R R SR HAY.
TR AR T AR E TR ERERENT
PR AI A MRF o W4 B 8ol 80 L 40 B8 0 |
e iR E A B AR ILEETHE. R AR
BB ik 2 S H R K ICM B Gterated
conditional modes) .MPM $ 8 (modes of posterior
marginals). H 2l PR ER FMENYE  HRED
HER B TEAIER, R3] (4R e —
TEERMRF EANESMAEL . BEY AN
SEEH ELSIATREAM S AMGEE r—
FHRREEE. LRI RFHBEER AT
AHRMMANRG AR RTETHASEHEER,
MR Y SO T E. ARRI RN THEES L,
AR T EMEM R, AT RS RERE R
WrRE AN TRIEANE S, &5t
BhEgEa s@leL[7TIRLT M8 HEZE
W MRF A, BB — ZR KA F A
HEH L & A R IR R R o A 4 R
BT B BT SRS E R/ EE 4 fF RS
WRER S AW R0 5L HMESn i
ACERMITERMER . iR S TR AR,

e 5
j.‘}.f‘b—'——.*—“‘*: - ‘;‘-. W
o o0 &
ol L e
e o @]

H1 “#Ei" £ 2k MRF R

FXAEBH ZRW MRF SR A LR
MIBZEZE W MRF AR SR T 0
FHRESBHEMETE S - LHRETHEBYL
f 28 R

1 #£REX MRF 3

HTELEER MRF 8, 5 AW 4254,
B 1 sk g MRY B R G — 3 S E R
B TREL S=GYNRRETEER
el R R (LS B BT T AL . 5™ R A

BREFAETISNES HBILAB XY 5Y AHRRE
B &AM ERESERME.c 5y AR E
X 5Y H—"TLH. xs RETEER A=11,, M},
M ORGSR RSB W ET S b 4 S M T
MFERF XY =(X)esm. L EE LSS MHEE,
THFESRPHNE— TN x W EARRE v H)F
(et He b HES GRS HH. b |
R — W jGESDIBRE—PANEG. §
~AFRIGESTHAPTFHEG) A BFRY 5
HRFARAAEREIE s W) DG ER )
FEET s WA RISMYERE Y5,

F—E. X DB TRE.

(D) BREGHDRARE FHEY RE—
8 RS AT R
P "™ =P ix" M. YrE{Ll, N}

(2) EXEMEERE

P |x" =[] Plx.lx)

*6“”

= || gtxlx3.¥ n € (1, N}

5™

(3) M TIEM Y. 0] Fugn
fwy|x>==1%nyme £ 1Lf<»|;u
BRSBTS sk 4
SPGe{l. NDTHE - MW EABERSRY
EHEXMN REINERR. FRENAEESH
Plx| W LFEMTRER
Plxiyyec || gtxoxas) X ] gt x

’,:S(u) SQS(U)

[IEEAES) (1)
eSS
Hp ¥ e BmERMFESH. S HTURER

2 zRBERYERSHEE

2.1 MHEFET
BEBMEHARNETAMEE Y)Y Fi5 3
Fe A ATRERD (X)X, AR 88 Lo i £ i I, o 1A
AU R Cuar B X WR LT 444
¥ = PMInE(CCX,x0) ¥ = y))
Heb ¥ e RR I RRAA KLY x.
BAGEEEEMAP) RS HEMEIF s, &
TR C E X R

«
Cuar(X,X) = | — 8(k,2) = 1—- ]_[3(.1’("’ — xm)
=)



& | RE, —pEFERAMRFHEZHESECES 157

Ho .8 2 Keonecker BB¥ AT LUE L BL T 3k
ik
¥ = glmaxP(x]y)) = g(maxl(x,y)) (2)
HTEHGEERER MRE A, v B4 HER
TR AT S R R R AR, Hitx B
XM@%%ﬁF%%%(SMAP)Ff%xﬁﬂ{th’mﬁ&

‘7‘2*- T (x,x)

Hi, Cixx)=1- 116u-“> — ko) fEFAH
i~ K

T L R N RN € R N SR
AL, - o 6 T SR A o R R L K
22 BENMEERKNERSHE

HBAE k31,041,061, 5 2 |2 MRF & E &Y
Rl LAEF — T MBI B R
15 H (SMAD) g (U4 8 303 IR T, R AR
HEBENT

mlnE{ \12“’ " (x, Xy | Y —y}

Covar (X ,x ) =

-
=max Z R X
Foa=0

Lo =3 )

N
=max 3, 2Y Pz = TV, K nl¥ =y) ()
T oa=u

L SCRR 6. Al 7
¥ gmax| | [[ Pl e )P (y{x)) | s€89 (1)

2 A p(max (P(y™ | 2Pz 27 1U1)) (5)
Y& {l,,N}
Hrb, o) BT A s 2R 4B
HTRAEHBEEAHNESE R MRF #8088
VIF ¥R

P(y(") ‘-T(H)) = J—[ Py, lx)

-‘E-"h”

{ 11 Feeixn

g™ (67
ll CAERICINED!

it
Vne& {0 N — 1}
Hy
[ H Ef(y,fr,)g(mlxi) s E §W-D
P(yps |2 = (€Dt 7,
1 ]_[ 3508 00 2L (Yo |2}

i PR 8 4 BT L A T

XA GESY),
Fox) = > gl f(y,lx) (0

Hb,ge e BB AFBESF SO ) R
REH

FHEGESY  n=N—1,+
LU 8

Fuxd = Dlglx a0 fie)y) [ Fuxo (82

1Y A (6T

HFFHGES) HTFEST L. ATFERNSE
g EHEREERMBF AR RS RH
ICM (iterated conditional mode Y% 3= #53| 2™, 7
ORITEREL T

0 max[ Ilg\(x,,xdm) bt [If()’.r fa} %

]—[]_[F(x)] s € 8° (9

FFse8ne {1, NI LA L (515 H]
I max[plya X0 P 15) ]os € 8™ (10)

Vne& {l,___’_f\.'}

3 XBEHH

31 AHESR

M RERSERESEILRER.
EZEHMRF S84, 0 N=2. i L dEnE
¥ 5 SH-SMAP (semi-iterative inference). & ¢ {ff
RIA /Ny 256256 B & AL £ 0K M3 SMAP i i
FEEEZEWREY FHMHISR F5Em 31040
481 NH-1ICM . H-MAP £ SH-MPM 835317 %
. ERKENETHAEZKE KBRS H
ERAEAE. FREBNEESER. 6RERTE
BHORKEAANFRNGEE, FHB R WA 20 FF
7. % TR P A TR S0 [T R B, 0 A TR B B R
BRmE 2y () Ff R HSESF EHE R,

BT R W R B 5 AT Rl BR e
BoarLLE SCH

)?
G lx) =Py, |x)= "
’ fzn

_exp

\ W sES

XT?E%WLH@%%*&E%%HT S K FH SCEk T4
H 1 Potts 231

glx |x) = _
Uf L on#x



158 FHESEEER

83 (A D

t2) EER

(o) AR
(PSNR=12dR)

() PR TG B
(PSNR— Rl

He2 fils

- RH) IR0 g AR O 8 0.9,

A RIS % MRF o, i F AT E 1R
M BLASTE SLE R A A g (o) (T
B AEAS U R TR v LIRS
TR

g(xﬂx’{t)) - I’(x.|xam) - [I’-? * 2an

fEdix)

Hoft e AMEEAZEMHHERR ICM B HE
B (BBl 0. B T REE RS F 51
KA LLE R LB ITRES T E. B 1 2 AR
(DHE A sEST B oA MARNGIR
Flx), s SV H Sy lery=1;8 3%, 8
ROE A B AR OO N F i E
XS € ST BN T U S K

B 3 AE 4T EE 2B 2@ BE

NH-ICM.H-MAP.SH-MPM 5 SH-SMA?P 8 ¥ %
BIMESE. R B HEENEEMNERENRER
Rt R 1T EUE L NH-ICM B 78 0 4 9% BF
HWERT ML UBERNEERER X, BHEH
ABERM ZR LS TR MH-MAP,
SH-MPM #i SH-SMAP Bi:mtE £ R L. X%
NERK MRF BT ERERRNBEL LR
FIEFRE T .SH-SMAP 5 SH-MPM &1 R B %
# E b HMAP B ¥ &. SHSMAD &
SH-MPM B 76 BRI 5 08 FE °F I bk B OB AR TR
£ AMEENIANE

- EWT LR B ()
B 2(hy B 2(c) A 2k ] 20c)
© NH-ICM 87.9 74 15.7 I
H-MAP 95.2 90 18 19
SH-MPM 96. 3 91.5 11. 4 15. §
SH-SMAD 96, 7 90. 8 14.6 12

B3 P e A R R

=1 2H MPw el SHLSEAL

(o) NH-ICM

(k) H-MAP

(e} S11 MAP () SH-SMAP

B4 BHoOaREHRER



E

A BT EF L H-MAP B3 (RN R A (P I
LAGH) S E 4 PR R & 2 i 5 7% FIA
EREHBSAHN NTICM EERHE] KT
H MAPE ¥:;SH-MPM Fl SH-SMAP & % £ 0 &8
AT B R BB A £ B AR B
fosiz—- MAH SHSMAP BiL iR R ER
BT
3.2 HEER

TR R PR R — XA T G R
(e 5). B SOB RBP4 K0 BRI IR
WO CRESK S ER, . AERS XA
512x512, WA 255.

) IRE®
B THES
B EALEFH RS BT EmAREL. A

(h) CCD B &

XL R [T Uh AR

- )

& [ FR%, —FETFEERNMRF REFREEMCEE 154

S b 180 2 S 0 R BA 0 0 43 . % P R AT R
HLRFE, 3 F P A — 30 53 038 48 3 R T3 2
A 35 0 3 QAN 2 R (0 BOER RSk Ik A

FiLok €3
REHEERETAMERN. W TEAPNE
— AT SR RN T
Fy ey =Py Ix)
:Cxp(r_ 2( (yvi 2‘;2;‘9) +lOg(gx>] [,VsES

mTFAUTATH LE8Ey BEAREN. MR
REHENWEE. FEEL . (rlx)=1,
SESY A€ 40,1,2), RBMERNM ¢ (x 2,00 L
Bk,

B 6 MR A NH-ICM.H MAP.SH-MPM #
SH-SMAP B B 5050 45 5. il i3 %) K48 B dn o9 7
¥, ¥ fH SH-SMAP B #: & NH-ICM.H MAP
DB SH-MPM Rl RHBEARBEN

’E.
X2 4N EOEETEHNMITHNRD
¥e i By Fh W
T ONILICM 91 87, 5 00. 5 91
H-MAP 92 90. 5 a1 %3
SH-MPM 93,5 91 93 94
SH-SMAP 93 9.5 g5.5 94.5

o BH-MPM d bV SELEM AL

I [ st

B6 FRBEENESOFEHR

4 % it

A LR T—METEER MRF UG £R
i & Bk SRR BIERME F T R
WM ARER SR ERERNETRR T RE
BB BREAAZHERNEHER &R

TERESEMERY. CEREBERER SE AR
PG E SRS RMERTRAB AR
15 H s Pl b 8 07 i, % (5 R AR R B R A 5
EA Rl LA H AT AR ST R AL AR
HERARE S REE BEPERSR IO N
ERE(E, M KON BB (0 AL VISR
RN, AXFFSRN ERSEMEN SHER



160 FEESBEERR B8 HARBD

RARN. B RITCE R — M ZmE Bk
SRR AR E AL 0 R H R

2 E LW

FtR 1976 F4 . PRPFEHAK
ZWEMRE WRAMNBERS FS
L E Rt

1 Charles A. Bouman and michael shapirc, A multiscale random
field model for bayesinn image segmentation[J]. IEEE. Trans.
Imiage Processing 1984.3(23:162~177.

2 Solberg A, Taxt T, Jain A. A markov random fields model for

® I 1M FE.PEMFRARK

ERTHESHAZET.HE B LES

mEEHIEAMAECEN BRLR

clagsification of multisource satellite imagery _) |. [EEE Trans.
Geoscience amd Remote Sensing 1996,34 (11100~ 112,

3 Pérez P, Chardin A, Laferie ) M. Noeniterative nampulation of

diserele encrgy-based models for imape analysis ”§ | Pattern 'W B RERTI0RE.
Recognition, 2000, 33(4);573~586. x
4 laferte ] M. Pérez P. Heitz F. Discrete markov modeling and

inference wn the guad-iree []], IFEE Transaclions on Tmage

Processing, 2000, 5(33.390--404,

S 1960 FAOPEREHERK
FUm L EEHRTEAERL U
EREX FRE.

5 Laferte ] M, Heitz F, Perez P et al. Hierarchical statistical
models for the fusion of multiresolution image datal AL In:
Proc. Int. Conf. Computer Vision|[C ], Carubridge, MA, USA,
June 1865;908~~913,

6 Chardinn A, Perez P. Semi-iterative inferetice wirh hiecarchical

made! LA In, Int. Conf. on image processing [C 1, Chicago.
Hlinois . USA. October 1998630~ 634.

7 Chardin A, Perez P. Semi-itcrative inference with hierarchical
FEnergy based Models for Image Analysis [A . In: Int.
Workshop on Frergy Minimzatton Methods in Computer Vision
and Pattern Recognition [C], Univercity of York. England:

Springer Verlag. July 1989,1654,83 ~ 95,



