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Abstract

In this paper we presentec semanticallystructuedim-
age databasdor content-basednage retrieval. A classde-
scriptor is proposedo representead classusinga multi-
prototypemodel which canbeobtainedby usinga learning
scheme sud asthe Unsupervisedptimal FuzzyCluster
ing algorithm, on a group of sampleimages manuallyse-
lectedfrom the class. Basedon the proposedmage-Class
Matching Distance a similarity measue at the semantic
level betweeran image and classesjmagescan be anno-
tated by tokensof classes. Hence compositefeatuies of
images, including low-level descriptos, classdescriptos,
and image annotation,are storedinto a structured featuie
databasecorrespondingo the semanticallystructured im-
age database From experimentsjt can be concludedhat
theperformancefthesemanticallystructuedCBIRsystem
is improvedgreatlyin termsof retrieval timeandefciency.

1. Intr oduction

Effectiveimageindexing andretrieval techniquesreim-
portantand critical to facilitate peoplesearchingnforma-
tion from large imagedatabasesln recentyears,thereare
intensize researchactivities in Content-Basedmage Re-
trieval (CBIR) systems[87, 5, 15, 4, 10, 6, 3,1, 11]. In
thesesystemsjmagesare representedising a setof low-
level descriptors,i.e. colour, texture, shape,etc. Such
descriptionsare also a focus of recentMPEG-7 standard
committee[9. However, thereis the semantiggapbetween
low-level descriptorsof imagesand the meaningfulinter-
pretationof imagesby users. In orderto introducehigh-
level informationof imagesnto a CBIR systemjmagesare
labeledusingcaptionstext, keywords,etc.,manually such
aswhatthe MIT' s Photobook[8 hasdone. Sucha manual

processds too laborintensie for annotatinghousandsm-
ages. Therefore,we try to annotateémagesautomatically
andthenorganizetheseimagesinto a semanticallymean-
ingful structure. The annotationaimsto capturethe ma-
jor imagecontentcorrespondingo humanunderstanding.
Theproblemof automatidmageannotatioris thereforethe
sameasthat of imageclassi cation. To solwe it, thereare
two issuesneededo be addressed,e. the representation
of classeandthe associatiorof anew imagewith acertain
class.

In [11], vacationmageclassesredescribedisingclass-
conditionaldensitiedy studyinglow-level featuref train-
ing imagesunderthe constrainthatimagesbelongsto one
and only one class. Bayesiandecisionrule is adoptedto
classifythetestimage. In [1], imagesaredescribeddy the
nodesof a weightedgraph,and classi cation is basedon
nonmetricdistances. Another methodgroup imagesinto
meaningfulcateyoriesbasedon low-level featuresusinga
self-omganizingmap([19.

In this paperwe proposehe classdescriptoravhich can
capturehigh-level conceptsthrougha learningscheme pf
imagesin a supervisedfashion. First of all, imagesare
storedin a semanticallystructureddatabasewhich means
imagesareputinto imageclassesle ned manuallyandse-
mantically basedon humanunderstanding.Note that an
image can belongto two classesor more simultaneously
Therecan be subclassed necessary Becausethe high-
level conceptof animageclassis very complex andhighly
nonlinear we assumeherethatit canbe modeledby mul-
tiple prototypes,which canbe obtainedby using a learn-
ing schemeon a groupof sampleimagesselectednanually
from aclass.Eachimagein thedatabasés cateyorizedinto
aclasshasedon a proposedsimilarity measurei.e. Image-
ClassMatchingDistance(ICMD), betweenthe imageand
classesat the semanticlevel. ICMD can match an im-
agewith a classwhich is representetby a multi-prototype
model. After imagecategorization,the imagecanthenbe



annotatedy the token of the class.Henceeachimagecan
now be describedoy a compositefeaturesetthatincludes
low-level descriptorsglassdescriptorsandimageannota-
tion. Compositefeaturesof imagesare thenstoredinto a
correspondingtructuredfeaturedatabase By introducing
thesenew attributesinto a CBIR systemtheperformancef

imageretrieval canbe improvedgreatly Motivatedby the
above considerationsa CBIR systemwith relevant feed-
backin a structureddatabasenamedCBIR_S system,is

constructed.

The paperis organizedasfollows. The de nition and
generatiorof classdescriptorsare presentedn Section2,
whereUnsupervise®ptimal FuzzyClustering(lUOFC)al-
gorithmusedfor constructingclassdescriptorss brie y de-
scribed,and a similarity measurebetweenan image and
classesat the semanticlevel is proposed. The semanti-
cally structuredmageandfeaturedatabasesf the CBIR_S
systemis presentedn Section3. Section4 shaws exper
imentsdonefor evaluatingimageretrieval performanceof
the CBIR_S system. Finally, in Section5, conclusionds
given.

2. ClassDescriptors Generation

A learningschemes proposedo obtain high-level in-
formationof imagesn asupervisedashion.Thebootstrap-
ping of the learningschemads the selectionof sometypical
images,i.e. sampleimages,from eachavailable classby
humanobseners. Eachclassdescriptorcanthenbe gen-
eratedby studyinga setof low-level descriptorsextracted
from sampleimagesof theclass,i.e. samplefeatures.This
processmimics the learningprocessof humans. As a re-
sult, the system,just like an infant, can obtainthe knowl-
edgeaboutanimage,saya o werimage,by studyingsome
samplegromthe o werclass.Thentheconcepbf "Flower'
canbe capturedn the CBIR_S systemquantitatvely anda
classdescriptorcanbe constructedo representhe Flower
class.

Becausehe descriptionof animageclassis a complex
nonlinearproblem,we assumedhatit canbe characterized
by a multi-prototypemodel (seeFigure 1). Therefore the
class canbe representeds , Where

isthe th prototypein theclass,and isthenumber
of prototypesn theclass . In fact,thenumbetrof prototypes
is not necessarilysamein every class.Moreover, eachpro-
totypeis not necessarilysphericaland Gaussian It canbe
in ary arbitraryshape.In otherwords, eachprototypecan
have ary kind of distributions. In the caseof Gaussiardis-
tributions, the classthencanbe representedy a Gaussian
Mixture.

In orderto nd themultiple prototypesn aclassalearn-
ing schemas proposedHereUnsupervise®ptimal Fuzzy
Clustering(lUOFC)algorithmis used. TheUOFCalgorithm
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Figure 1. The multi-pr ototype modelrepresenting
the classdescriptor of the th class.

performsautomaticclusteringof sampleimagesof a class
in akind of featurespacesand nds the optimalnumberof
clusters. As a result, a clusteris a prototypeof the class.
Consequentlya setof parameter®f multiple prototypes,
e.g. centersdispersiongsize,etc.,canbe usedto represent
theclass.

2.1 The Unsupervised Optimal Fuzzy Clustering
(UOFC) Algorithm

Let us considera collectionof =~ sampleimagesin a
class , and eachimageis representedby a low-level de-
scriptorvector , formingtheinputdata
set . Thenthenew modi ed generalizedbjective func-
tion proposedbasedon [14] for UOFC algorithmis given
asfollows:

(1)

where, is the numberof the clusterssymbol  denotes
the inner product, is the centerof
the th cluster is a weighting exponenton
eachfuzzy membershipand is aweightedvalue.

is thefuzzy membershipnatrix,and  should
satisfythefollowing two conditions:

() for all
(i) forall .

Thedetailsof the UOFCalgorithmcanbefoundin our pre-
viouswork[13].

Notethat
where

standgor -normdistancaneasurement,
. Obviously; if , itisaEuclideardistance.



Theneachclusteris sphericalandit canbe describedy a
single Gaussiardistribution. As a result,the classcanbe
representeddy a GaussiarMixture. If , it is a Man-
hattandistance andeachclusteris rhomboidal. Moreover,
if , it isanonmetricdistance[].

In orderto validatethe UOFCalgorithm,a similarity ma-
trix is used,

(2)

where, measureshe dispersionof the th clustey and

describehedissimilaritybetweerthe thand th clus-
ter. As aresult,the similarity criteriabetweertwo clusters
is asfollows,

1. The thand th clusterareseparatedf . Then

theclusternumber is notchanged.

2. The th and th clustercanbe memed, if
Then

The advantagefor usingthe similarity criteria is that less
clusteringiterationsare neededo attainthe optimal num-
ber of clusters,hencethe computationcompleity canbe
reducedyreatly

If oneimageclass canbeclusterednto  prototypes,
andthe th prototypecanberepresentedby the center
thesize , andthedispersion , thentheclass is de-
scribedas

(3)

It is possibleto sub-dvided eachclassaccordingto needs,
andthen subclasglescriptorscan be obtainedin a similar
way.

2.2 Similarity Measurement betweenlmagesand
Classesat the SemanticLevel

In orderto categyorizeanimageinto a certainclassrep-
resentecby multi-prototype,more sophisticatedsimilarity
measuremeriietweerimagesandclasseshouldbeused.In
[11], aBaysianframawork is usedto classifyimagesbased
on obtainedclass-conditionatiensities.Unlike it, we pro-
poseda Image-ClassMatching Distance(ICMD), a modi-
ed EarthMover's Distance(EMD)[10], to measuresimi-
larity betweenan imageanda classat the semanticlevel.
Therearetwo mainreasongor introducingtheICMD. One
is that muchresearchn psychologysuggestghat human
similarity judgmentsarenotmetric[1], whichmeanst does
notobey thetriangleinequalityeventhoughit is symmetric.
Sinceclassesrerepresentetly themulti-prototypemodel,
thesimilarity measuremeriietweeranimageanda classis
a matchingproblembetweenone point and several points

in akind of featurespacesObviously, the commonlyused
pointto pointdistancecalculationis not suitable.

Inspired by the Earth Mover's Distance (EMD),
which has been successfullyused for measuringimage
similarity[10, 3], Image-ClassMatchingDistance(ICMD)
is proposecdhereto calculatethe distancebetweena query
imageanda classat the semantidevel. Let  bethefea-
tureof theimage . Theclassdescriptorof the th classis

. ThentheICMD is de ned as:

(4)

where, istheweightof the th prototypein the th class,
andcanbe setasthe percentag®f the prototypes size
over the whole class is the optimal admissi-
ble ow from the queryimage to the class that min-
imizesthe numeratorof Eqn. (4) subjectto the following
constraints:

()

is the grounddistance.In this paper we use
the normalizedEuclideandistance[$ as the ground dis-
tance.Obviously, thesmallerthe ICMD betweertheimage
andtheclassis, themoresimilar they are.If thereis

(6)

Thenit canbe concludedhatthe image
rizedto the thclass,and
of the thclass,.e.

canbe cateyo-
canbe annotatedy the token

3. The Semantically Structured Image and
Feature Databases

In orderto describethe characteristicef images,three
kindsof descriptorgonsistingof thecompositdfeaturesare
introduced.They are: 1) low-level descriptorswhich rep-
resentharacteristicef imagecontentsThey canbeglobal
featuresand/orregional features,and canrepresentiffer-
entkinds of attributesof imagecontentsge.g. colour, tex-
ture,shapespatial,etc.; 2) classdescriptorsyhich quanti-
tatively represenfeaturesof imageclassest the semantic
level. Here, eachclassis describedby a multi-prototype
model; and 3) image annotation,using tokensof classes



which imagesbelongto. In fact,imagesareannotatedis-
ing the semanticallymeaningfullanguage.As aresult,the
compositdfeaturesetof animage is

(7)

where, istheannotatiorof ,thatis alsothetokenof the
class . Theimages low-level descriptoris representethy

. Thereforecompositdeaturef imagesn thedatabase
are storedinto a hierarchicalcompositefeature database
correspondingo the structuredmagedatabaséseeFigure
2). For aclass , basedon the selectionof a kind of low-
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Figure 2. The structured composite feature
database.

level attributes of image contents,classtokens, classde-
scriptors andlow-level descriptorsaarethenconstructear-
derly to represenimagesin the class.Thefeaturedatabase
correspondgo the image databaseand both of them are
hierarchicallyorganized.Moreover, differentkinds of low-
level descriptorganbe combinedogetherto represenim-
agecontentanorecompletely

Therearetwo partsin the CBIR systemwith relevance
feedbackn astructuredlatabas¢CBIR_S),theoff-line part
andthe on-line one. The mainwork in the off-line partis
descriptionof images,resultingin a hierarchicalcompos-
ite featuredatabase.The imageretrieval processis done

on-line. Whenaqueryimageis presentedhroughtheinter-
actionschemeijt is processedo obtainthe compositefea-
ture. Thena list of relevant classesanbe obtainedusing
ICMD. Only imageswithin themostrelevantclassarecom-
paredwith the queryimage. That meansimagesin other
classesre consideredrrelevant, andthey are not usedat
all. Therefore theretrieval reportsthe rst mostsimilar
imageswhich is visualizedon the usermachineinterface.
Basedontheusers perceptionyelevancecommentsanbe
provided throughrelevancefeedback,and then are intro-
ducedinto the systemto dynamicallyimprove imagere-
trieval resultsto satisfythe users demand Actually, users'
feedbaclcanalsobereturnednto thegeneratingprocesof
imagedescriptorgo reviserepresentationf images.

4. Experimental Results
4.1 PerformanceEvaluation Measure

The retrieval ef ciency measureusedin [7] is adopted
hereasthe performanceriterion. For aqueryimage , by
comparingwith all  images(exceptthe queryimageit-
self) usingan index technique the rst images
areretrieved. Here, is apositive integerwhichis usedas
a toleranceto testthe consistencef a retrieval algorithm.
If isthenumberof successfullyetrievedsimilarimages,
theef ciency of retrieval canthenbede ned as:

(8)

The evaluationof a CBIR systems performancdooked at
bothretrieval time andef ciency. All imagesfrom theim-
agedatabasareusedasquery Whenoneimageis selected
asaquery thisimageis removedfrom thedatabase.

4.2 Constructing a CBIR system with a at
databasefor Comparison

The CBIR systemwith a at databas€CBIR_F) means
thatall imagesare randomlyput into the imagedatabase,
and the correspondinglow-level descriptorsare conse-
guently storedinto a featuredatabasgandomlytoo. As
a result, for retrieving similar imagesbasedon a selected
gueryimage, distancebetweenthe queryimageand each
imagein the imagedatabases calculated. Here, the nor-
malizedEuclideandistancels used. Thenthe rst  most
similarimagescanbeobtained.

4.3 A Generallmage Database
1249 generalimagesextractedfrom MIT VisTex and

Corel Stock Photosare usedhere. All imagesare catego-
rized into 14 classesby a group of humanobseners for



the purposeof performanceevaluation. Someclassesn-

clude several subclasses.Sampleimagesare selectedfor

eachclassandsubclassnanually In the presentvork, only

colour and texture attributesare usedto describethe con-
tentsof images. Thereforethereare threekinds of low-

level descriptorof imagesj.e. theglobal colourhistogram
feature , theglobalgaborfeature , and
theglobalwaveletfeature [5,2,12].

Table 1. The averageretrieval time and ef ciency

( ) of the CBIR_S and CBIR_F system,re-
spectively.
Feat-| AverageRetrieval | AverageEf ciency
Time (Ms) (%)
-ures | CBIR.S | CBIR_F | CBIR.S | CBIR_F
1.153 61.39 56.33 34.49
2.354 69.62 61.74 34.98
3.371 | 17152 | 58.30 30.72

From Table 1, it canbe seenthat the averageretrieval
time is reducedgreatlyin the CBIR_S system,say nearly
one-sixtiethof that of the CBIR_F system.Also, the aver-
ageretrieval ef ciency is improvedgreatly In Figure3, the

rst retrieval imagesare shavn for usinga humanim-

ageasthe query Theglobalgaborfeatureis usedto repre-
sentimagecontentslt canbe seenthat, unlike the CBIR_F

systemthereis noirrelevantimagesin theretrieval results
usingthe CBIR_S system.

The comparisonof retrieval efciency betweenthe
CBIR_F andCBIR_S systemwith differentrelevancefeed-
backsfor usingthe global gaborfeaturess shaw in Figure
4. It canbe concludedthat the retrieval ef ciency of the
CBIR_S systemwithout relevancefeedbackis consistently
andnearly abovethatof theCBIR_F system However,
we shouldpoint out thatimagemis-annotatiorhasadwerse
effectson the retrieval ef ciency. But relevancefeedback
cancompensattis error. Userscanselectfromthe most
relevant classesvhetheror not the automaticselectionis
wrong. Userscanalsoremarkthe rst presentedetrieved
imagethatwhetherit hasthe sameannotatiorto the query
imageor not. If not, the systemthen presentsetrieved
imagesfrom the secondmostsimilar classor from users
selection. The procedureis iterateduntil the userobtains
the bestresult. In fact, basedon the structureddatabase,
it is easierandfasterfor a userto input his/hercomments.
Thereforejn Figure4, after relevancefeedbacksthere-
trieval ef ciency of the CBIR_S systemis over . More-
over, in Figure5, the comparisorof retrieval ef ciency for
the global gaborfeatureby using relevancefeedbackbe-
tweendifferentvaluesof isgiven.It shavsthat hasno
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(a) Theretrieval resu

(b) Theretrieval resultsof the CBIR_F system

Figure 3. The rst 30 relevant imagesretrieved
using the global gabor feature for a human image

signi cant effectin retrieval resultsof the CBIR_S system.
Thereasoris thatassoonastheright classis retrieved, the
retrieval resultis the bestalready

5. Conclusions

In this paperwe presentec semanticallystructuredm-
agedatabaséor content-basetinageretrieval. A classde-
scriptoris proposedo represeneachimageclassusinga
multi-prototypemodel, which can be obtainedby using a
learningschemeon a groupof sampleimagesmanuallyse-
lected from the class. The UnsupervisedOptimal Fuzzy
Clusteringalgorithmis usedhereto performautomaticlus-
tering of samplefeaturesof the class,and nds the opti-
malnumberof clustersby groupingsimilar clustertogether
Basedon the newly proposedmage-Classviatching Dis-
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Figure 4. The comparison of retrieval ef ciency
betweenCBIR _S and CBIR _F with different rele-
vancefeedbacksfor usingthe global gabor feature.
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Figure 5. The comparison of retrieval ef ciency
for using the global gabor feature by relevance
feedbackbetweendiffer ent valuesof T.

tance,a similarity measureat the semanticlevel between
animageand classesjmagescan be annotatedy tokens
of classes.Hence,eachimageis describedby a compos-
ite featuresetthatincludeslow-level descriptorsclassde-
scriptors,andimageannotation.Compositefeaturesof im-
agesarethenstoredinto a structuredfeaturedatabaseor-

respondingo the semanticallystructuredimage database.

Theperformancef thestructureCBIR systems compared
with that of a at CBIR systemby averageretrieval time

andef ciency. It canbe seenfrom our experimentghatthe

averageretrieval time of the structureCBIR systemis only

one-sixtiethof thatof the at CBIR systemwhile theaver-

ageretrieval ef ciency is improvedgreatly
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