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Textured Image Segmentation Using
Multiresolution Markov

Random Fields and a Two-component Texture
Model

Chang-Tsun Li and Roland Wilson

RR321

In this paper we propose a multiresolution Markov Random Field (MMRF) model for
segmenting textured irnages. The Multiresolution Fourier Transform (MFI) is used to provide a
seiof spatlally localised-texture descriptors, which are based on a two-component model of
texture, in which one component is a deformation, representing the structural or deterministic
elements and the other is a itochastic one. Stochastic relaxation labelling is adopted to maximise
the likelihood and assign the class label with highest probability to the block (site) being,visited'
Class information is lropagated from low spatial resolution 1o high spalia] resolution, via
appropriate modifications 

^to 
lhe interaction eneigies defining the field, to minimise class-position

uir"".tuinty. Experiments on the segmentation of natural textures are used to show the potential of
the method.
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Abstract

11 this paper'\\.e plopose a multiresolutiou \,'Iarkov Ranrlom Field (\IXIRF)

lrodcl for segure.nting texturecl irnages. The \Iultilesolution Fouricl Transfrirru

(X{FT)is lsecl to pror.icie a set of spatiallv locaiised texttrt'e tlescriptols, lr'lii<:lt

are basecl ou a trvo-cornponeut rnoclel of texture" irt rvhich olle col]11)orlc'ltt is lr

clefornration, rcprescnting the structural ol clcterministic eicrnents arrd thc othel

is a stocliastic o1e. Stochastic relaxatiol iabellilg is adoptecl to rnaxinrisc thc

likclihoocl alcl assigl the cla,ss label rvith highest probabilitl'to the block (site)

beilg visited. Class informatiol is propagatecl frorn lorv spatial resolution to

irigh spatial resolution. via, appropriate rnodifications to the interactiott enelgies

d&ni1g the fielc1, to minimise class-position uncertaint-v. Experiments on the

segrneltation of natural textures a,re used to shorv the potential of the rnethocl.

Keyword: N,Iar-kor,, r'a,lclom fielcls. textule segmentation. clefolnlable teurPlates

1 Introduction
N,fost attempts to segrnent or.' classify textttres ale ltasc,cl on eithel statistical or stlnc-

tural clescr-iptions [5]. Statistical apploaches such as co-occttl'renc€l matrices aucl anto-

r.egressive moclels replesent textur-e bv statistics extractecl from local image ll]eastll'c-

rnents. Genelaliy, they are good for textures rvith ranclom spatial alrangernents.

Structural approaches consider a, textuled image as composecl of repeating texture



r,lerlcrrts lilic a tilcti l'a11. Aurorrg the statistit'a1 approa<,ltt's. Nlaliiol Rauclolri Fir:1cls

(\'IRF's)[:rlt'gainecl rrnrcir tittt'ntion in rccerrt \-('ars t1] 12] 13] ti] [8] [9] [10]. Bolttrran

alcl Shapilo nsctl sr.<pential, maxirnunr a postclioli (\IAP) r'stirtratiolt iu couittttctiott

u'ith a rnulti-scalc lancloru fier1d (NISRF) l1l . s-hich is a secFtetrt'e of lan<lortr fit'lcls at

cliffe1e1t st'ales. Genratr ct a1. [3] usctl tire liolrnogolov Suritrior-1l()tr-1ra1?rllrcttic trlca-

sure of rliffr.rcnce bctrr-ec:rr the tlistributious of spatial featttles cxtlat'tecl fl'ottt 1.'airs

of lrloclis of pixel glar- levels. u'ith N'IAP cstituatiorr of tlte botrtrclarr'. Parrjrvani ct al.

[9] a<lopterl an NIRF nro<lel to chalactclise tr:xtnlc'ci colottr iurages itt tertlrs of spatial

ilteractiol f ithil aurl Ietr,r,<.e1 c'olo1r plales. Stncrtural ttrr:tho<ls. bl coutrast. har-e

r.c:r:eivecl scant attention in lecent leals. lalgr:11- beca.use of tlteil lt'lativt- irrflexillilitr'.

11 this l)aper. l'e dcsc'ribc. an atternpt to nrart'1- tirc genet'alitv arrcl pol-er of mul-

tilesolltiou N,IRF methocls u'ith a <lescliption rrhich <'ombiut's a stlttctttral eletnetrt

bast,cl ori cletornrable tcmplates [i1] ancl a statistical elemcnt. The or-erall fi'amc'

u,orli is one of \lAP classificatiorr on a rnultiglicl, using sinntlatecl atttrealirtg. The

dr:scliptols rist,cl for t'lassificatior] aLe basecl ort a trl,o-component moclci of tc'xtltrc: a

'cletelrninistic'conrponeut basccl on tlte affrne clefot'uratiorr of a patcii of tr-'rttrrc ancl

a 'stzrtistical' component ltasr:cl on the local Forrrier- enclgv spectnirn. Bl courlriniug

thersc apploacires. rvith the rnr-rltirr:solrttion Foulier'llartslolrn (I'IFT) as tltc atrah'sis

too1, lt'olttairr a corrrintationallv efficient \-et gcrret'al apploach to the scgmentatiorr

of ar-l;it1ar-r- textrrrecl fic1cls. Aftel tr ltlicf outline of tire titeolr-, \\-c 1)I'esclrt results

showinq tire effer:tii.el]('ss of the rnethorl iu scguretrting tratrilal textnles'

2 Multiresolution Markov Random Fields

Thr: feattu'e of a \,Iar:kov Ranclom Fielcl l'hich malies it attlactivt' in applications is

t[at thc state of a gir.en site clepencls explicitll- only on intclactions rvith its neigh-

|o1r's [4]. We moclcl an irnage as a secprcnce of \4R.F's, coufor-rning to a cpacltlee

strtrctuLe, u,ith a nominal top level i having 2t x 2t sile-s and a nrrmllel of leveis

k, / < A < AI, each of r,fuich has foul times rnole sites titan its immeciiate ancestor'.

The neighbourhoocl stluctule n'e irnpose consists of fir'e pixels: the 4-neighbours on

tlre sanre level ancl tlte fat'her on the level abor-c:

A[o,j,o: {(t - r. j,fr),(i * 1,J,k),(i, j -1,1).(i,i + 1, 1;).(lilZ),ljl2),t'- 1)} (1)

rvhele [.] clerrotes the floor of a rea,l numirer. Each site on level I repl'eseuts a scluare

r-egion of nominal sia:2N -k x 2N-k pixels, fr-om rvhich tcxtttre l]tea.sul'enents are talien.

(In fact. rvinclorvs tvith a 50% overlap a,r'e ttsr:cl to ensur-e that the lneasttl'emetlts I'aL)'

srloot[I1' a,cr-oss the image) . The intela,ction energies defining tlie \{RF at level lr in

the tlee are basecl on Da,ilrvise interactious:

A.I
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Ui,.r,r.( A): ) (\'n1

nr=t (p,q
t

,r )e ,A/

[i,, (), \o,rr., x,,r,r., xo,n,, )

i,i ,k

2
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\\.he1e );,,.r.,1 < ) < I is the (class) ialrel at (i..7. A:) and the stuu o\-('r rlr allol's lbL l/
textnrc clescriptot's to bc ust'd. Tht'pailu'i-.e itttcl:tctions [- are fttttt'tious of srritalrh'

clcrfinecl rli,fferr:rtr:r:s betn'eetr the rneasutt'trtettts -\;.r.1 at tlx'tl-o sites attcl tlit'lalrr'1s at

the tl,o. Sarul;ling is thcn basecl ort the collesl)otl(ling Gibbs clistrilnrtion

r,.\)
P()) r 1- r t.l/

1'[c.Le t|c' position irrcliccs har-e been sttlrplessecl ancl 7' is tht' scale palar]1et('1'. or

tentprn.atulc. $'hi<'h is r-ar'it.rl r-rsing the annealing schcdrrlc [{]

(+)

\rhere Cr. is a col]startt artcl r is the itclatiou rlulnl)el'.

Alt[o1g[ this appeal'-s as a simplr,, aclaptation of tht'cottr,crrtioual saurpliug l,r'o,','

rlrrle for \IRF's. o1c'significarrt cliffelence is the r:u,tLsoJ il'ocessittg i1(Ioss scalc irnplicrl

lx, thr: inclrrsion of the fathcr in the neighltour'hoocl. In effcct. the corrfigrtlatiou itt

lr,:r,ei k acts to corrclition thc sampler at level I + 1. gir-irrg tire rnultilcsohttiotr algo-

ritiun:

1. Ilitialisc at top ler.cl (1) u,ith ti lanclom labr:lliug of siters (i,"r.1).

2. Fol lcr-el I ) 1. A: ( ,\I

(a) Copf intitial lairels flom fathels ou ler-el A: - 1'

(1t) Sanple at e\rer'\r site orr level A'r-rsirr.g nrctlsLll'etrrents -{;.r.1. iu altut-aliug schccl-

1le giyel in (a) until thele is no cirange o\:er 11. iter-atiorls oler the l'holtr

image at that scale.

3 Texture Measures Based on a Two-component
Model

\Vhile the aborre algorithrn ploviclcs a general framen'ork for segmeutation. its erffec-

tiveless clepencls clitically on the textule descliptols used. \\ie have fottr local tnr:a-

slrements, r,hich a1e basecl on the 'cleterrninistic*stochastic' clecornposition. n'hicli

is a gelelalisation of the Wold clecornposition of signals. Tire foru' corlU)ollents are:

1. Diffelences betu'een the aver-age glal'ler-el in the Jrlocks. In effcct. this ttsr:s

the local'cl.c.' cornponent in the N'IFT. l'hich is computecl using a gral levei

uvlamicl.



2. T1-e ulelslll'es associatt'c1 l'itir tirc <lctct'ruirristic cottrltottt'trt. bast'cl oll illl affitrc

tlt'folnrat ion ttroclel

/;({-) : .f ",(A-' (a- i))+ r"14i (J)

1'hqlesitr:.r':(/.rp.A) isa4-rreighlroulofsite.s:(i-.r. l,:)-Aisthat2x2ttott-
siugulal liueal co-olrlinatr. tratrsfolm artrl y- that tlauslatiou u'hich togetlrt'r' gir-t'

t[t. ltest fit i1 telrrr.' of total clt'lolniatiol] elt('lg\.betu't'r'tr tht'tu-o patcht's. Tltcs<:

are iclerrtifiecl usirrg the nrcthocl rlcsclilrctt irr l6l.l'hicir tttakes rtse of local For-rrit'r'

spectla calcriiatcrl at the appropliate sc'alt' nsiug tlie \IFT. The tletolnratiolr

elr('r'g\- cotrsists o1':

(a) Thc clelounatiorr tcrur llA 1ll2 r'cplcsents tire aruonttt of 'rvarping' r'cc1.tilc'c1

to rnatch the gilr:n ltatch rrsing its rreighbour'.

(|) Thr: erlol tenu l]r,,tdlll'?is the a\-clage rc'siclttal cn'or irr the apploritnatiort.

3. A rrreasrrrc for tlic stochasti< comlrorrr:nt. ltasecl orr cliffclettccs in the sllt:ctt'ai

enelg\- clr'nsitics r.stinr:rteci at eaclt site r-ia tlte \'fFT. lfle-.*:. a)1. This is siurilal

to lrlarll rexrlu'e classificzrtion nrcthocis basecl on local sPectra. Gallor'fi1tels or

nlltocU\-?tialI( r' esl ittrat,'s.

Eac[ of theser 1]reasrlles is scalcrl Jx- thc'colr'('spor](1iug (l-ithin-cittss ot'lletl-t't:n-c1ass)

salrp]e larialce trncl t[c'torrl arc. aclcled tlith al-ipropt'iateh'choscrr l-cights {t,', tc)

gilr: tlie final irrtelaction enc,rrgl-. Onh- the gt'ar- level cliffet'crrce is risecl fol tire {ather

intelaction. honer-r'r'. In orcler to olttain a \IAP estituate. it is trccesstrl'r'to n'eight thc

plol;alrilities in (3) lt,t- priorsbasecl on the likelihood of a pair of ncighbours lrelongiug

to t[c sane class. Tliesc plobaltilitics arc r:stitnatt'cl clilcctli- fi'orn the ciata rluling

thr. samplillg pt'ocess, as are tlie l-itirin-class aucl ltetu'r:en-class valiances. At lcr-r:ls

Ar > 1, thc pliors takc into accourrt the classification on the plevious lcvel, A: - 1: thc

probabilitl-that a chilcl has the sarne class as its fathel is gir-en bv

P()":l.rt"l) -l-p""

r,lrele 0 < I is a corrstant ancl r/, is the sholtest clistanct: betu'eren site -s :rncl a site

har-ing a rlifferc.nt class. ie. it leplesents clistarrce to the boutrclalt'. This antounts to

assnrling that sites far from the bounclar'\r are lilielv to belong to the sarne region as

theil fathels. Bv \iar.)ring p. it is possible to a,ccommoclate the appealancc of lt:gions

too small to register at the lalgest scales. In the expelimerrtslepoltecl beiou'. P:0.5.

4 Experiments
Tu'o images, [nt,u,ge lancl lrn,age II,of. size 256 x 256, each consisting of tn'o textttres.

s,eLe rrsecl to test the methocl (Figure 1 (a) ancl Figule 2 (u)) The algorithrn stalted

4

(6)



Tabk'1: Constants Cr. arrcl 11. usecl irr cxpr:r'inrent ancl itelatiotrs to st'gttt etrt itnagr:s

of Figulel(a) aurl 2(a)

image
level (L)

Irn.a,qc, I ltn.aqe II
C* I*. iteration Cs 11. it eration

8 J 424 3 .J 306

+ 6 I 30 6 I 38

J + L +T + I 51

6 + I 64 + I 62

at lcr-r-'i 3 (8 x S blocks) arrcl stoppecl at levei 6 (6+ x 61 bloclis). The segnrentati()ll

rcsuits at cliffelent -.calcs ale shorvl as Figule 1 (b) to (e) and Figrrrc 2 (b) to (e). \\i'
usr:cl cliffelent gle\- r-alues to 1'ci)r'cselrt riiffelent classes. For <'xarnplr:. in Figulc 1(b).
thlee glel- r'altes alc usecl to rr-1>r'csent three classified rcgiorrs. The t'hitc rx't:Llals ott

the oliginal iniagt.s (FigLrre 1 (a) ancl Figru'r.2 (o)) ale'thc'bounclalit's cstitnatecl at

ler-el 6. Tablr.' 1 summaliscs thc' t\\-o tcsts. showing the ulitnbcl of itt'r'atiotrs pcl lt'r-el

ancl thc italartretels 21..4 contr-oiling the anuealing. Note that oue itelatiott is a st'arr

acloss the s'hole image at tlic gilen ler-el. so that a child level inr'oh-es lottl titttt's as

r]]an\- upclates as its father'. Hon'er-er'. nlau\: ferrel itelations alc neeclecl at the suraLlr't'

scales. s'hose labelling is constlainecl bl that at the highc'r lelels. Ccilresporrtlirtgh-.

thr: s:rrnplirlg ploccss lulrs at lorrel tetnpelatulcs at these scales.

Tlre tr:xtulc.s in Int,o,qr:1ale somcuhat tnole stlttcturecl than tirose n Irrto'ge II.
Conserluentlr'. in tlic first irnage tire enelgt' of the clctornrtrtion bcts'een ltlocks be-

longing to the samc textnle is srnall lelative to thai betl'een tr:xtules. facilitating
scgmentation using tite ciefor-rlation component. Althougli the cleglee of laucloutness

of the tu'o textules in the seconcl irnage is higher than that in the fir'st, the algolithm
still co1>es u'ell. Horvever. the total iteration count to conrrelgence is highcr at ialgel
scales, as can be seen fi'om Table 1. Note tirat in this table. although it appeals that
the bulk of the cornputation is pelfonue'(l at the highel lesohttions (k larger), most of

the pixels u1 fllcse resolutions assnllle stable states cluickll': it is onllr in tire ltounclar'-r-

region that changes occrlr over- se\reral itelatiorrs. Figule 1 shos's cleally the ltent'fit
rnultir-esolution approach. Due to the lou' position r-esolution. thlee regious er]terge

along tlie bounclall at the top level (see Figule 1(b)), although the classificatiorr of

the l;locks au.av fr-om tire bounclall: is satisfactolv. In effect, the boturclar'\' blocks ale

treatecl as a sepat'ate class - not an unleasou.able or unfamiliar irloblcm, but rrorre

the less unclesirable. The clegree of misclassification is reclncecl a,t level 4 and the tire
'l;onnclary is furthel lefinecl at lorvel levels.



5 Conclustons

11 t[is pap('r. rvr'ltar-e ltlr'-sentecl a rrorr'1 altproach to tt'xtrttc segtrtt'ntatit,tt tourlliuittg

tg'o itrrpoltarrt icleas: nnrltilt'solution \IRF's to couttol tht'segrncutatiou Pl'oce'ss ancl

a t\\'o-cotnl)orrerlt t('\trlr'e rtroclel. irr u'hic'h a ck:ft.,r'ttra1t1t' telrrplatt' is rrsecl to rttotlt'l

thc st11ct1r'a1 t'lelretit of tht' tcxtrire aticl tlrc eltclgl si)(t('t1'r11II is nsecl to captttrt'

the stgchastic elr-.rnclt. In r'ffect. this sepalatiott of ther <'lassificatiotr trtotlel fi'onr the

;sxtlr'e uroclel clt:att.s a highh'flexilrle attcl geueriil segtnetttatiorr too1. \Iol'eor-r'l'. tht'

effr.c.tiveness of the nrcthocl has lteen shol'tr u'ith lcsrrlts fi'orrr exatttPlt's r-tsirtg uatnlal

t e\t ules.
Nevt'r'thelcss. rrnrch lemtrins to be rlotrt' befolc the rrrethotl carr shol' its lull po-

tn1tial. For t-xanplc'. no attcnrpt has lrer:n maclc to utoclel titr: b<ltttrcla11-,'rplicitlr-.

thro1rgh a lirre pl'ocess. although that is <'learh-fr:asilrlc'u'ithin the genelal \I\IRF
fi'amr.'1-orli [4]. The choiccs of rmurlrel of classcs. I artcl the palaurctels C1.11 ale

cr-rrlelth- rrracle cmltilicalh'. \IoleoleL. rvr: ltarrt'otrlr- testecl the lnctho<i ou il collrpal-

atir-elr- slrall s<'t of itlaqc'-.. \\:olk is crrllenth'itr progless to aclch'ess thesc issttt's.
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(b) Segmentation at levcl 5 (4 times enlarged)

Figure 1: Irnage l ancl the segmentation

boundary shown irr rvhite in (a).

(a) Inragc I (size 256X256)

(c) Scgmentation at level 4 (8 times cnlarged)

(c) Segmentation at level 6 (2 times enlarged)

results at trvo diffclent levels. Estimatecl
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(a) Imagc II (size 256X256)

(b) Segmentation at level 3 (16 times enlarged) (c) Segmentation at levcl 4 (8 times enlarged)

(b) Scgmentation at lcvel 5 (4 times enlarged)

Figure 2: Image // and the segmentation

boundary shown in (a).

I

(e) Segmentation at level 6 (2 timcs enlarged)

.-esults at two clifferent levels' Estimatecl


