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Abstract

Conceptuabraphsarevery usefulfor representing
structuredknowledge. However, existing formula-
tions of fuzzy conceptualgraphsare not suitable
for matchingimagesof naturalscenes.This paper
present&new variationof fuzzy conceptuagjraphs
thatis moresuitedto imagematching.This variant
differentiatedbetweeramodelgraphthatdescribes
aknown sceneandanimagegraphwhichdescribes
aninputimage. A new measuremeris definedto
measurehow well a modelgraphmatchesan im-
agegraph. A fuzzy graphmatchingalgorithm s
developedhasednerrortolerantsubgraplisomor
phism. Testresultsshav that the matchingalgo-
rithm givesvery goodresultsfor matchingimages
to predefinedscenemodels

1 Introduction

Conceptuagraphs[Sowa, 1984;1990;1993;2004 are ex-
pressvefor structuredknowledgerepresentatioandthey can
be convertedto first-orderlogic expressionsHence they are
usedwith theoreticallogic-basedapproache# applications
like hypertext modeling[Kherbeik and Chiaramella,1995
and image representatiorand retrieval [Mechkour, 1995;
OunisandPas@, 1994. However, in theseapplicationsun-
certaintyis notrepresenteth the conceptuagraphs.

To incorporateuncertainty Morton [Morton, 1987 ex-
tendedSowa’s conceptualgraphtheoryto fuzzy conceptual
graphswhich includefuzzy referentsfuzzy operationsand
fuzzy openand closedworlds. Wuwongseand colleagues
[Wuwongseand Manzano,1993; Wuwongseand Tru, 1996
extendedMorton’s fuzzy conceptualgraphsto incorporate
fuzzy conceptuatelations.In addition,Maher[Maher, 1991]
proposedsimilarity measuremeribr matchingsimplefuzzy
conceptuagraphs.

Existing formulationsof conceptualgraphsareimportant
development®f thetheoryof fuzzy conceptuagraphsHow-
ever, they arenotsuitablefor matchinguncertainnformation
in imageswith modelscenes.For example,in existing for-
mulations,a concepthasonly onetype. In practice,how-
ever, it is very difficult to accuratelydeterminethe concept
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typesof theregionsin animage. In [Petrakisand Faloutsos,
1997, AttributedRelationalGraphsareusedfor imagecon-
tentrepresentatiorand[MedasanandKrishnapuram1999
proposeduzzy matchingof thesegraphs.But, bothmethods
do not handlehierarchiesf conceptypesandof relations.

This paperpresentsa new variation of fuzzy conceptual
graphsthat is more suited to matchingimagesof natural
scenes.This varianthasseveral distinct characteristicshat
distinguishit from existing formulations:

e |t associateaconceptwith multiple conceptypessoas
to handlethe uncertaintyof classification.

e |t introducesa new componentalledrelation attribute
for capturingconceptsuchastheratiobetweerthesizes
of two imageregions. Separatingelationattributesfrom
relationsallowstwo or morecorrelatedelationsto share
the sameattribute explicitly. Relationshipsbetweenat-
tributescanberepresentedswell. For example we can
explicitly representhe fact that the ratio betweenthe
sizesof two objectsis larger thanthe sizeratio of two
otherobjects.

e |t differentiates between model graphs and image
graphs A model graphdescribesa model of a scene
whereasan imagegraphdescribeghe componentaind
their relationshipsin an image. As will be described
in more detailsin Section2, thesetwo typesof fuzzy
graphshave differentcharacteristics.

e It definesa similarity measuremenbetweena model
graphandanimagegraphin termsof graphprojection.
In addition,analgorithmis implementedo computethe
similarity basedon subgraphsomorphism.

2 Fuzzy Conceptual Graphs

This sectionfirst introducesanddefineghebasicelementof
afuzzy conceptuagraph.Next, thedegreeof matchbetween
conceptuabraphsis definedand,finally, the graphmatching
algorithmis described.

2.1 Basic Elements

A fuzzyconceptualgraph G(C, R, A) is a directedgraph
formedfrom threekindsof componentsfuzzyconceptsfuzzy
relations andfuzzyrelationattributes ThesetC is the setof

fuzzy conceptsR the setof fuzzy relations,and A the setof

fuzzy relationattributes.
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A fuzzyconceptic is a3-tuple[T, e, f] thatconsistof aset

T of concepttypest;, a referente, anda fuzzy membership

function f(t;), 0 < f(t;) < 1for eacht;. In [Wuwongseand
Manzano,1993; Wuwongseand Tru, 1996 ;) is called
the measue assignedo the type ¢;. In practlce f(t;) can
be computedasthe confidenceof classifyingaregionastype
t;. A crisp concepte canbe regardedas a specialkind of
fuzzy conceptwhosesetT consistof only oneconceptype
t with f(t) = 1. For notationalcorvenience we denotea
crispconceptasa 3-tupleof theform [t, e, 1].

A fuzzyrelationr is a 2-tuple(t, v) thatconsistf a crisp
relationtype t anda fuzzinessvaluev which representshe
probability of occurrenceof the relationr in theimages. A
crisp relationis a specialkind of fuzzy relationof the form
(t,1),i.e.,o = 1 which meanghattherelationis notfuzzy.

A fuzzyrelationattributea is a3-tupleft, e, f] thatconsists
of a crisprelationattribute type ¢, a referente, anda fuzzy
membershigunction f(e) suchthat0 < f(e) < 1. A crisp
relation attribute is a specialkind of fuzzy relationattribute
of theform [t, e, 1], wheref(e) = 1.

The denotationD(¢) of typet (concept,relation, or rela-
tion attribute type) is the setof all possibleindividual refer
entsof t. A typet' is a specializationor subtypeof typet,
denotedt’ < t, if D(¢') C D(t) [Sowa, 1984. The reci-
procity holdsalso. Note that the specializatiorrelationship
is reflexive andtransitive but not symmetric. The setof con-
cepttypestogethewith the specializatiorrelationshipforms
afinite lattice of conceptypes Relationattributesarespecial
kinds of concepts So,the setof relationattribute typesform
a sub-latticein the lattice of conceptypes.In the sameway,
thesetof relationtypesformsafinite lattice of relationtypes.

A model graph representsa model of a known scene.
In a model, the concepttypesare known. For example,a
mountain-and-la& scenecontainssky, mountainwatet tree,
etc.(Fig. 1) Thereforetheconceptsn amodelgrapharecrisp
concepts.However, the relationsbetweenthe conceptsnay
vary from oneimageto thenext. Moreover, to capturefuzzy
linguisticssuchas“much smaller’and“slightly smaller”,the
relationsandrelationattributeshave to be fuzzy. For exam-
ple, the relation (comp x,0.9) (representeds (comp|0.9)
in Fig. 1) from [treqd to [imagg indicatesthattreesappeaiin
90% of theimagesof mountain-and-lagscene.Therelation
(smaller x,0.7) (representeds(smaller| 0.7) in Fig. 1), with
attribute [ratio, %, f0.5] (representedsiratio| f0.5] in Fig. 1),
from [tred to [mountain indicatesthat in 70% of the im-
agesof mountain-and-la& scenethe areaoccupiedby trees
is 50% that of the mountains. The symbol f0.5 denotesa
fuzzy membershigunctionthatpeaksat 0.5. If theratiow in
aninputimageis notexactly 0.5, thenf5.0(v) will besmaller
thanthe maximumvalueof 1.0.

Several relationscan connectthe sametwo conceptsn a
modelgraph.Amongtheseelationsthosethathavethesame
relationtypeareregardedasformingadisjunctvegroup(i.e.,
OR) of relations(e.g.,the“smaller” relationbetweertreeand
mountainin Fig. 1). Thevariousdisjunctive groupsthenform
aconjunction(i.e., AND) of relations.

An image graphrepresentshe structureof a particularin-
putimage. Dueto theinherentuncertaintyin the algorithms
that classify the image regions, the conceptsin an image
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Figure 1: A (partial) modelgraphrepresentinga mountain-
and-lale scene.Relationsarerepresentedsellipses. Con-

ceptsand relation attributes are representeds rectangles.
Dueto spacdimitation, only someof the conceptsrelations,
andrelationattributesareshown.

rock : #e2 | 0.7
leave : #el| 0.7 pebble : #e2' 0.2
grass : #el | 0.3—=Csmaller | D sand : #e2 | 0.1
tree : #el | 0.7 mountain : #e2 | 0.

river—beach : #e2 | 0.
sea—-beach : #e2'| 0

ratio : 0.45 | 1

Figure2: An example(partial)imagegraphof aninputim-
age.Relationsarerepresentedsellipses.Conceptsandrela-
tion attributesarerepresentedsrectangles.

grapharefuzzy. However, therelationsbetweenthe regions
in animagecan be computedexactly. Therefore,the rela-
tionsandtheir attributesarenotfuzzy. For example,in Fig. 2,
dueto theambiguitybetweereavestextureandgrasdexture,
concepttelhasaconfidencdevel of 0.7 of beingaleave tex-
ture or a treetexture, anda lower confidencdevel of 0.3 of
beinga grasstexture. Therectangulabox for #elrepresents
the fuzzy concept[T, #el f] whereT = {leave, grasstree}
and f(leave)= 0.7, f(grassy= 0.3,and f(tree)= 0.7. There-
lation (comp| 1) from concepttelto #eOis crispbecausehe
region #elis a componenbf the image#e0. Similarly, the
relation(smaller| 1) andtherelationattribute[ratio : 0.45 | 1]
are crisp becausehe ratio of 0.45is measuredccordingto
the areasof theregionsin theimage. In summary a model
graphcontainscrispconceptsfuzzyrelations andfuzzyrela-
tion attributes while animagegraphcontainsfuzzy concepts,
crisprelations,andcrisprelationattributes(Table1).

2.2 Fuzzy Graph Matching

The degree of match betweena model graph and an im-
age graphis definedin terms of graph projection [Sawa,
1984 andthe degreesof matchbetweentheir conceptsye-
lations, andrelationattributes. The degreeof matchi be-
tweena model conceptc = [t, %, 1] and an image concept
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Tablel: Summaryof theelement®f fuzzy conceptuagraphs
for scenemodelsandinputimages.

notation
element notation in figure
model crispconcept [t,,1] [t]
graph fuzzyrelation (t,v) (t|v)
fuzzyrelationattribute | [¢, %, f] [t] f]
image fuzzy concept [T,e, f] | [t: : e] f(t:)]
graph crisprelation (t,1) (t]1)
crisprelationattribute | [t,e, 1] [t:el|l]

¢ =[T,e, f]is definedas

;) if3t; eT i <
M(e,d) = Itrilgi(f(tz) if 3¢; e suchthatt; <t
0 otherwise.
, (1)
Thedegreeof match M betweena modelrelationr = (¢,v)
andanimagerelationr’ = (¢', 1) is definedas

nW v ift <t
M(r,r') = { 0 otherwise. (2)

The degreeof match M betweena modelrelation attribute
a = [t, %, f] andanimagerelationattributea’ = [t', €', 1] is
definedas

) N <t
M(a,a’) = { f(g) Iotherwise. (3)

A projectionr from afuzzy graphG(C, R, A) to another
fuzzy graphG’(C', R', A’) is amappingsuchthat

e for eachconceptc in C, w(c) is a conceptin C' and
M(e,w(c)) >0,

¢ for eachrelationr in R, «(r) is a relationin R' and
M(r,m(r)) >0,

o for eachrelationattribute a in A, 7(a) is arelationat-
tributein A’ andM (a, 7 (a)) > 0,

o for any two conceptor relationattributess andt related
by arelationr in G, 7(s) andr(t) arerelatedby «(r) in
G'.
In generalthe projectionw(G) may not exist but the projec-
tion w(g) from a subgrapty of G may exist. Therefore the
matchingproblembecome®neof finding the bestmatching
subgraply of G thatmaximizesM¢ (g, 7(g)).
Givenaprojectionr from asubgrapty(C, R, A) of model
graphG to animagegraphG’, the degreeof match M be-
tweeng andn(g) is definedas

Q. Z M(ei,m(e;))+

1
Ma(g,m(9)) = €l
c;eC

ar > M(ri,m(ri)) + aa Y M(ai,(a:))| (4)

ri€ER a; €A

where|G| is the sumof the numberof conceptsthe num-
ber of disjunctive groupsof relations,and the sum of the
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maximum numberof relation attributesin eachdisjunctve
group of relationin the modelgraphG. The secondsum-
mationin Eg. 4 sumsover the conjunctive groupsof rela-
tions. Notethatif ¢ = G anda, = a, = a, = 1,
then Mg (g, 7(g)) = Ma(G,w(G)) = |G|/|G] = 1. That
is, a perfectmatchyields a matchingvalue of 1. We set
o, = a, = a, = linourtest.

2.3 Graph Matching Algorithm

Tofacilitatethematchingprocessagraphis firstdecomposed
into a setof arches eachconsistingof a sourceconcepts, a
target conceptt, a relationr from s to ¢, andzeroor more
relationattributesa;. Thus,archesareactuallysubgraphof
themodelgraphor imagegraph. The matchvaluebetweera
modelarchh andanimagearchh’ is simply thenormalized
matchvaluesof the conceptsrelation,andrelationattributes
of thearchedi.e.,Eq.4).

Our fuzzy graphmatchingalgorithmis a variantof Mess-
mer andBunke’s errortolerantsubgraphisomorphismalgo-
rithm [MessmermndBunke, 1994. Themaindifferencese-
tweenthesealgorithmsincludethefollowing:

e In [MessmerandBunke, 1999, the smallestunit of op-
erationis avertex. In our algorithm,the smallestunit is
anarch.

e For errortolerantgraphmatching,our algorithmneeds
to consideronly deletionof graphvertices. It doesnot
requireadditionandreplacemenof verticesandedges,
which aresupportedn [MessmemndBunke, 1999.

¢ Two queuesaremaintainedpnefor normalsearchand
the other one for backtrackingto the first-level sub-
graphs(just below theroot). This methodimprovesthe
quality of the solutionfoundby the algorithm.

Thefuzzy graphmatchingalgorithmis asfollows:

ConvertmodelgraphG to archsetH, imagegraphG’ to
archsetH'.
For eachpair (g,9') € Hx H'
ComputeMa(g, ¢').
If Ma(g,9') > thresholdtheninsert(g, ¢') into 1st-level
queueR); in decreasingrderof Mg(g, g').
Repeat times
Emptynormalsearchgueueq),,.
Remavefirst pair (g, ¢') from Q; andinsertinto Q,,.
Repeat
Remaovefirst pair (g, ¢') from Q,.
If all archedn H have beenconsideredor connecting
to g, thenbreakout of theinnerrepeatoop.
For eachpair (h, h') € Hx H' suchthatMg(h,h') >
0, h canconnecto g, andh' canconnecto g’
Connecthto g, h' tog'.
ComputeMg(g, g').
If Ma(g,9g') > thresholdtheninsert(g, ¢') into @,
in decreasin@rderof Mz (g,g").
Save (g, ¢') andthe matchvalueasa candidatesolution.
Returnthe candidatesolutionwith the highestmatchvalue.

The basicideais to startoff with a singlearchin the model
graphthatbestmatchesanarchin theimagegraph.This pair
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of archesforms the initial matchingmodel andimage sub-
graphs.Subsequentlyothermodelarcheghathave matching
imagearchesareaddedo thematchingsubgraphskFor model
archeshatform a disjunctive group,only the bestmatching
modelarchis selectedThis matchingprocessepeatsntil all
thearchedn themodelgraphhave beenconsideredor addi-
tion to the matchingsubgraphs.Then, the matchingmodel
andimagesubgraphsresavzedasa candidatesolution.

Dueto possibleambiguityof theconceptsinitial erroneous
matcheghathapperto have large matchvaluesmayleadthe
searchalgorithmdown the wrong searchpaths. So, another
gueue), is usedto keepthe first-level subgraphs. Once
a candidatesolutionis found and saved, the normal search
gueueq®,, is emptiedand a new searchfrom anotherfirst-
level subgraphis initiated. This methodallows the algorithm
to escapdrom local maximaof the solutionspace.This pro-
cedurds repeated times,andthe bestsolutionamongthem
is returnedasthe final matchingresult. In the testsreported
in Section3, n is setto 5.

The thresholdin the algorithmis usedto pruneaway sub-
graphsthathave poormatchingvalues.This methodreduces
the amountof searcheshatneedto be considerecandhelps
to improve the efficiency of the algorithm. In the tests,the
thresholds setto 0.2.

During theexecutionof thealgorithm,thevalue Mg (g, ')
can be computedincrementally Letp = g + h atg, i.e,,
connectingarch h to modelgraphg at the conceptc results
in the new modelgraphp. Notethatc € g,h. Similarly,
letp’ = ¢' + h' atc'. Then, Mg(p,p') canbe computed
incrementallyasfollows:

1
- —M(c,d). (5
G Med). ©)
The time compleity of the matching algorithm is
O(no,N2N;(log N, + log N,.)) where N,,, and N; arethe
numberof model and image archesrespectiely, n, is the
averagenumberof relationattributesper relation, N, is the
numberof conceptypesin theconceptattice, N, is thenum-
berof relationtypesin therelationlattice. If eachrelationhas
atmostoneattribute (i.e. n, = 1), thenthetime compleity
reducego O(N2 N;(log N. + log N,.)).

MG(p;pl) = MG(gagl) + MG(ha hl)

3 Test Reaults

In our currentimplementationan input imageis segmented
usinga color andtexture segmentatiomalgorithm. The color
histogramand Gabortexture featuresof eachregion arean-
alyzedto classify the region into several possibleclasses,

andthe confidencdevel for eachclassificationis measured.

Thesemeasurementare usedto generateghe imagegraphs
of imageshy a graphgeneratiorprogram.Themodelgraphs
of scenemodelsare generatednanuallybecauseat present,
we arestill in the procesof developingalearningalgorithm
for learningmodelgraphsfrom exampleimages.

Testswere conductedo matchfour scenemodelsof dif-
ferentcompleity (Fig. 3) with 200images.A sampleof the
imagesareshovn in Fig. 4. Table2 summarizeshetestre-
sults. Imagesthat matchthe modelswell have highermatch
valuesthanthosethat matchthe modelspoorly. Model a is
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Figure3: Schematidrawingsof four scenemodelswith dif-
ferentcompleity.

Table 2: Image matchingresults. Numbersin bracletsare
the numberof conceptsrelations,and relation attributes of
therespectie conceptuafraphs.The othernumbersarethe
matchvalues.

model
image a b c d
(4,12,0)| (5,23,6)| (7,41,12)| (6,30,9)
1(4,16,3) | 0.838 | 0.482 0.191 0.321
2(6,29,7) | 0.814 | 0.671 0.343 0.471
3(4,16,3) | 0.814 | 0.444 0.177 0.367
4(7,31,8) | 0.795 | 0.482 0.290 0.421
5(4,18,4) | 0.767 | 0.444 0.181 0.387
6(7,34,10) | 0.686 | 0.666 0.354 0.485
7(8,37,10) | 0.623 | 0.621 0.432 0.541
8(7,35,9) | 0.471 | 0.465 0.403 0.895
9(6,31,9) | 0519 | 0.371 0.313 0.638
10(8,40,12)| 0.448 | 0.409 0.337 0.405

the simplestamongthe four models. Most imagescanfully

matchmodela successfullyand thus have high matchval-
ues. In particular thefirst 5 imagesbestmatchmodela and
have the highestmatchvalues. Model b differs from model
a by having a smalltree above the water Therefore,it best
matchesmages2, 6, and?7.

Model ¢ is the mostcomplex model which hasthe most
numberof componentslt is usedto shav thatthe algorithm
canperformpartialmatchingbecauseoneof theimagescan
matchmodelc fully. As a result, the imageshave smaller
matchvaluesthanthosefor matchingthe othermodels.Nev-
erthelesstherankingof theimagess still consistentimages
thatmatchmodelc betterhave highermatchvalues. In par
ticular, images7 and8 matchmodelc best.

Model d is usedto illustrate an extremecasein which a
very specificmodelis specified.In this test,modeld is cre-
atedaccordingto image8. Thetestresultsshav thatimage
8 indeedmatchesmodeld very well. Image9 differs a bit
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(5) ' (©)

(8)

Figure4: Sampledmagesusedin thetests.
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(10)

Figure4: (Cont.) Samplemagesusedin thetests.

from modeld in thatimage9 hastall treeson both sidesof
the imagewhereasmodeld hastall treeson only oneside.
Thus, image9 hasa lower matchvaluethanimage8. All
otherimagescannotmatchmodeld very well andhave very
smallmatchvalues.

4 Conclusion

This paper presenteda new variant of fuzzy conceptual
graphghatis moreappropriatehanexisting formulationsfor
representingand matchinginput imagesand model scenes.
A new componentalledrelationattribute is introducedinto
fuzzy conceptualgraphs. Moreover, model graphsthat de-
scribeknown scenegredistinguishedrom imagegraphghat
represeninputimages.A similarity measures definedto as-
sessthe degreeof matchbetweenmodelandimagegraphs.
A graph matchingalgorithm is developedbasedon error
tolerantsubgraphsomorphisnalgorithm. Experimentatests
shaw thatthe matchingalgorithmgivesvery goodresultsfor
matchingimagesto scenenodels.

Thefuzzy graphscanbe input andmodifiedmanuallyus-
ing a graphicaluserinterface. The imagegraphsof the im-
agesthat matcha model can be displayedby an imagere-
trieval systemfor explaininghow well theimagematcheghe
model. We are currently developing a methodof learning
modelgraphsgivenexampleimagesof thescenes.
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