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Abstract

In thispaper, wepresenteda semanticallystructuredim-
agedatabasefor content-basedimageretrieval. A classde-
scriptor is proposedto representeach classusinga multi-
prototypemodel,which canbeobtainedbyusinga learning
scheme, such as the UnsupervisedOptimal FuzzyCluster-
ing algorithm, on a group of sampleimagesmanuallyse-
lectedfrom theclass. Basedon theproposedImage-Class
Matching Distance, a similarity measure at the semantic
level betweenan image and classes,imagescan be anno-
tated by tokensof classes. Hence, compositefeatures of
images, including low-level descriptors, classdescriptors,
and image annotation,are stored into a structured feature
databasecorrespondingto thesemanticallystructured im-
age database. From experiments,it can beconcludedthat
theperformanceof thesemanticallystructuredCBIRsystem
is improvedgreatlyin termsof retrieval timeandef�ciency.

1. Intr oduction

Effectiveimageindexingandretrieval techniquesareim-
portantandcritical to facilitatepeoplesearchinginforma-
tion from large imagedatabases.In recentyears,thereare
intensive researchactivities in Content-BasedImageRe-
trieval (CBIR) systems[8, 7, 5, 15, 4, 10, 6, 3, 1, 11]. In
thesesystems,imagesarerepresentedusinga setof low-
level descriptors,i.e. colour, texture, shape,etc. Such
descriptionsare also a focus of recentMPEG-7 standard
committee[9]. However, thereis thesemanticgapbetween
low-level descriptorsof imagesand the meaningfulinter-
pretationof imagesby users. In order to introducehigh-
level informationof imagesinto aCBIR system,imagesare
labeledusingcaptions,text, keywords,etc.,manually, such
aswhat theMIT' s Photobook[8] hasdone.Sucha manual

processis too labor intensive for annotatingthousandsim-
ages. Therefore,we try to annotateimagesautomatically,
andthenorganizetheseimagesinto a semanticallymean-
ingful structure. The annotationaims to capturethe ma-
jor imagecontentcorrespondingto humanunderstanding.
Theproblemof automaticimageannotationis thereforethe
sameasthat of imageclassi�cation. To solve it, thereare
two issuesneededto be addressed,i.e. the representation
of classesandtheassociationof anew imagewith acertain
class.

In [11], vacationimageclassesaredescribedusingclass-
conditionaldensitiesby studyinglow-level featuresof train-
ing imagesundertheconstraintthat imagesbelongsto one
and only one class. Bayesiandecisionrule is adoptedto
classifythetestimage. In [1], imagesaredescribedby the
nodesof a weightedgraph,andclassi�cation is basedon
nonmetricdistances. Another methodgroup imagesinto
meaningfulcategoriesbasedon low-level featuresusinga
self-organizingmap[15].

In thispaper, weproposetheclassdescriptorswhichcan
capturehigh-level concepts,througha learningscheme,of
imagesin a supervisedfashion. First of all, imagesare
storedin a semanticallystructureddatabase,which means
imagesareput into imageclassesde�ned manuallyandse-
mantically basedon humanunderstanding.Note that an
imagecan belongto two classesor more simultaneously.
Therecan be subclassesif necessary. Becausethe high-
level conceptof animageclassis verycomplex andhighly
nonlinear, we assumeherethat it canbe modeledby mul-
tiple prototypes,which canbe obtainedby usinga learn-
ing schemeona groupof sampleimagesselectedmanually
from aclass.Eachimagein thedatabaseis categorizedinto
a classbasedon a proposedsimilarity measure,i.e. Image-
ClassMatchingDistance(ICMD), betweenthe imageand
classesat the semanticlevel. ICMD can match an im-
agewith a classwhich is representedby a multi-prototype
model. After imagecategorization,the imagecanthenbe



annotatedby thetokenof theclass.Henceeachimagecan
now be describedby a compositefeatureset that includes
low-level descriptors,classdescriptors,andimageannota-
tion. Compositefeaturesof imagesare thenstoredinto a
correspondingstructuredfeaturedatabase.By introducing
thesenew attributesinto aCBIRsystem,theperformanceof
imageretrieval canbe improvedgreatly. Motivatedby the
above considerations,a CBIR systemwith relevant feed-
back in a structureddatabase,namedCBIR S system,is
constructed.

The paperis organizedas follows. The de�nition and
generationof classdescriptorsarepresentedin Section2,
whereUnsupervisedOptimalFuzzyClustering(UOFC)al-
gorithmusedfor constructingclassdescriptorsis brie�y de-
scribed,and a similarity measurebetweenan imageand
classesat the semanticlevel is proposed. The semanti-
cally structuredimageandfeaturedatabasesof theCBIR S
systemis presentedin Section3. Section4 shows exper-
imentsdonefor evaluatingimageretrieval performanceof
the CBIR S system. Finally, in Section5, conclusionsis
given.

2. ClassDescriptorsGeneration

A learningschemeis proposedto obtainhigh-level in-
formationof imagesin asupervisedfashion.Thebootstrap-
pingof thelearningschemeis theselectionof sometypical
images,i.e. sampleimages,from eachavailableclassby
humanobservers. Eachclassdescriptorcan thenbe 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, canobtainthe knowl-
edgeaboutanimage,saya �o wer image,by studyingsome
samplesfrom the�o werclass.Thentheconceptof `Flower'
canbecapturedin theCBIR S systemquantitatively anda
classdescriptorcanbeconstructedto representtheFlower
class.

Becausethedescriptionof an imageclassis a complex
nonlinearproblem,we assumedthatit canbecharacterized
by a multi-prototypemodel(seeFigure1). Therefore,the
class � canbe representedas ������� 	�
����
� ��
�������
������ ����� , where

�����

� is the � th prototypein theclass� , and ��� is thenumber
of prototypesin theclass� . In fact,thenumberof prototypes
is not necessarilysamein everyclass.Moreover, eachpro-
totypeis not necessarilysphericalandGaussian.It canbe
in any arbitraryshape.In otherwords,eachprototypecan
have any kind of distributions. In thecaseof Gaussiandis-
tributions,theclassthencanberepresentedby a Gaussian
Mixture.

In orderto �nd themultipleprototypesin aclass,alearn-
ing schemeis proposed.HereUnsupervisedOptimalFuzzy
Clustering(UOFC)algorithmisused.TheUOFCalgorithm
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Figure 1. The multi-pr ototypemodelrepresenting
the classdescriptor of the � th class.

performsautomaticclusteringof sampleimagesof a class
in akind of featurespaces,and�nds theoptimalnumberof
clusters. As a result,a clusteris a prototypeof the class.
Consequently, a set of parametersof multiple prototypes,
e.g. centers,dispersion,size,etc.,canbeusedto represent
theclass.

2.1. The Unsupervised Optimal Fuzzy Clustering
(UOFC) Algorithm

Let us considera collection of �

�

sampleimagesin a
class � , and eachimageis representedby a low-level de-
scriptorvector ���

�
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, formingtheinputdata
set +,� . Thenthenew modi�ed generalizedobjective func-
tion proposedbasedon [14] for UOFC algorithmis given
asfollows:
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where, � is thenumberof theclusters,symbol  

M�*

denotes
the inner product, 1R�
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Thedetailsof theUOFCalgorithmcanbefoundin ourpre-
viouswork[13].

Notethat ghg@�(g8g

9 standsfor � -normdistancemeasurement,
where�

f

a . Obviously, if �J"i' , it is aEuclideandistance.
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Theneachclusteris spherical,andit canbedescribedby a
singleGaussiandistribution. As a result, the classcanbe
representedby a GaussianMixture. If �`"j$ , it is a Man-
hattandistance,andeachclusteris rhomboidal.Moreover,
if �lki$ , it is anonmetricdistance[1].

In orderto validatetheUOFCalgorithm,asimilarityma-
trix mi"

>

m

�n�

Q

is used,

m
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(2)

where,
o

�

� measuresthe dispersionof the ! th cluster, and

o&q

�P� describethedissimilaritybetweenthe ! th and� th clus-
ter. As a result,thesimilarity criteriabetweentwo clusters
is asfollows,

1. The ! th and� th clusterareseparated,if m

�n�

f

$ . Then
theclusternumber� is not changed.

2. The ! th and � th clustercan be merged, if m

�n�ts

$ .
Then �u"t�OAv$ .

The advantagefor using the similarity criteria is that less
clusteringiterationsareneededto attainthe optimal num-
ber of clusters,hencethe computationcomplexity canbe
reducedgreatly.

If oneimageclass� canbeclusteredinto �,� prototypes,
andthe � th prototypecanbe representedby thecenter1w�

� ,
the size xy�

� , andthe dispersion
o

�X�

� , thenthe class � is de-
scribedas
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It is possibleto sub-dividedeachclassaccordingto needs,
andthensubclassdescriptorscanbe obtainedin a similar
way.

2.2. Similarity Measurement betweenImagesand
Classesat the SemanticLevel

In orderto categorizean imageinto a certainclassrep-
resentedby multi-prototype,moresophisticatedsimilarity
measurementbetweenimagesandclassesshouldbeused.In
[11], a Baysianframework is usedto classifyimagesbased
on obtainedclass-conditionaldensities.Unlike it, we pro-
poseda Image-ClassMatchingDistance(ICMD), a modi-
�ed EarthMover's Distance(EMD)[10], to measuresimi-
larity betweenan imageanda classat the semanticlevel.
Therearetwo mainreasonsfor introducingtheICMD. One
is that much researchin psychologysuggeststhat human
similarity judgmentsarenotmetric[1], whichmeansit does
notobey thetriangleinequalityeventhoughit is symmetric.
Sinceclassesarerepresentedby themulti-prototypemodel,
thesimilarity measurementbetweenanimageandaclassis
a matchingproblembetweenonepoint andseveral points

in a kind of featurespaces.Obviously, thecommonlyused
point to pointdistancecalculationis not suitable.

Inspired by the Earth Mover's Distance (EMD),
which has been successfullyused for measuringimage
similarity[10, 3], Image-ClassMatchingDistance(ICMD)
is proposedhereto calculatethedistancebetweena query
imageanda classat thesemanticlevel. Let �V| be the fea-
tureof theimage } . Theclassdescriptorof the � th classis
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where,xy�

� is theweightof the � th prototypein the � th class,
andcanbesetasthepercentageof theprototype's size ‡{�

�

over the whole class ˆ‚� . ����„…x |

� is the optimal admissi-
ble �o w from the query image } to the class � that min-
imizes the numeratorof Eqn. (4) subjectto the following
constraints:
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is the grounddistance.In this paper, we use
the normalizedEuclideandistance[5] as the ground dis-
tance.Obviously, thesmallertheICMD betweentheimage
andtheclassis, themoresimilar they are.If thereis
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Thenit canbe concludedthat the image } canbe catego-
rizedto the � th class,and } canbeannotatedby thetoken
of the � th class,i.e.

>…”

5

Q

.

3. The Semantically Structured Image and
Feature Databases

In orderto describethe characteristicsof images,three
kindsof descriptorsconsistingof thecompositefeaturesare
introduced.They are: 1) low-level descriptors,which rep-
resentcharacteristicsof imagecontents.They canbeglobal
featuresand/orregional features,andcanrepresentdiffer-
ent kinds of attributesof imagecontents,e.g. colour, tex-
ture,shape,spatial,etc.;2) classdescriptors,whichquanti-
tatively representfeaturesof imageclassesat thesemantic
level. Here, eachclassis describedby a multi-prototype
model; and 3) imageannotation,using tokensof classes
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which imagesbelongto. In fact, imagesareannotatedus-
ing thesemanticallymeaningfullanguage.As a result,the
compositefeaturesetof animage
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where,
”

� is theannotationof
•

� , thatis alsothetokenof the
class� . The image's low-level descriptoris representedby

�

� . Therefore,compositefeaturesof imagesin thedatabase
are storedinto a hierarchicalcompositefeaturedatabase
correspondingto thestructuredimagedatabase(seeFigure
2). For a class � , basedon the selectionof a kind of low-
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Figure 2. The structur ed composite feature
database.

level attributesof imagecontents,classtokens,classde-
scriptors,andlow-level descriptorsarethenconstructedor-
derly to representimagesin theclass.Thefeaturedatabase
correspondsto the imagedatabase,and both of them are
hierarchicallyorganized.Moreover, differentkindsof low-
level descriptorscanbecombinedtogetherto representim-
agecontentsmorecompletely.

Therearetwo partsin theCBIR systemwith relevance
feedbackin astructureddatabase(CBIR S),theoff-line part
andthe on-line one. The main work in the off-line part is
descriptionof images,resultingin a hierarchicalcompos-
ite featuredatabase.The imageretrieval processis done

on-line.Whenaqueryimageis presentedthroughtheinter-
actionscheme,it is processedto obtainthecompositefea-
ture. Thena list of relevant classescanbe obtainedusing
ICMD. Only imageswithin themostrelevantclassarecom-
paredwith the query image. That meansimagesin other
classesareconsideredirrelevant, and they arenot usedat
all. Therefore,the retrieval reportsthe �rst e mostsimilar
images,which is visualizedon theuser-machineinterface.
Basedon theuser'sperception,relevancecommentscanbe
provided throughrelevancefeedback,and then are intro-
ducedinto the systemto dynamically improve imagere-
trieval resultsto satisfytheuser'sdemand.Actually, users'
feedbackcanalsobereturnedinto thegeneratingprocessof
imagedescriptorsto reviserepresentationof images.

4. Experimental Results

4.1. PerformanceEvaluation Measure

The retrieval ef�ciency measureusedin [7] is adopted
hereastheperformancecriterion. For a queryimage ™ , by
comparingwith all š images(except the query imageit-
self) usingan index technique,the �rst  �ˆ

|

Ht›

*

images
areretrieved. Here,

›

is a positive integerwhich is usedas
a toleranceto testthe consistenceof a retrieval algorithm.
If ‡

| is thenumberof successfullyretrievedsimilar images,
theef�ciency of retrieval canthenbede�ned as:
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The evaluationof a CBIR system's performancelookedat
bothretrieval time andef�ciency. All imagesfrom the im-
agedatabaseareusedasquery. Whenoneimageis selected
asaquery, this imageis removedfrom thedatabase.

4.2. Constructing a CBIR system with a �at
databasefor Comparison

The CBIR systemwith a �at database(CBIR F) means
that all imagesare randomlyput into the imagedatabase,
and the correspondinglow-level descriptorsare conse-
quently storedinto a featuredatabaserandomly too. As
a result, for retrieving similar imagesbasedon a selected
query image,distancebetweenthe query imageandeach
imagein the imagedatabaseis calculated.Here, the nor-
malizedEuclideandistanceis used. Thenthe �rst e most
similar imagescanbeobtained.

4.3. A General ImageDatabase

1249 generalimagesextractedfrom MIT VisTex and
Corel StockPhotosareusedhere. All imagesarecatego-
rized into 14 classesby a group of humanobservers for
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the purposeof performanceevaluation. Someclassesin-
cludeseveral subclasses.Sampleimagesare selectedfor
eachclassandsubclassmanually. In thepresentwork, only
colour and texture attributesareusedto describethe con-
tentsof images. Therefore,thereare threekinds of low-
level descriptorsof images,i.e. theglobalcolourhistogram
feature�

5—¢

[lm

�(£K¤

, theglobalgaborfeature��¥?[lmY¦(§ , and
theglobalwaveletfeature��¨L[©m

�

¦ [5, 2, 12].

Table 1. The averageretrieval time and ef�ciency
(

›

"j'�ª ) 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
�

5—¢ 3.371 171.52 58.30 30.72

From Table 1, it canbe seenthat the averageretrieval
time is reducedgreatly in the CBIR S system,saynearly
one-sixtiethof thatof theCBIR F system.Also, theaver-
ageretrieval ef�ciency is improvedgreatly. In Figure3, the
�rst «&a retrieval imagesareshown for usinga humanim-
ageasthequery. Theglobalgaborfeatureis usedto repre-
sentimagecontents.It canbeseenthat,unlike theCBIR F
system,thereis no irrelevantimagesin theretrieval results
usingtheCBIR S system.

The comparisonof retrieval ef�ciency between the
CBIR F andCBIR S systemwith differentrelevancefeed-
backsfor usingtheglobalgaborfeaturesis show in Figure
4. It canbe concludedthat the retrieval ef�ciency of the
CBIR S systemwithout relevancefeedbackis consistently
andnearly '&a­¬ abovethatof theCBIR F system.However,
we shouldpoint out that imagemis-annotationhasadverse
effectson the retrieval ef�ciency. But relevancefeedback
cancompensatethiserror. Userscanselectfrom the ‡ most
relevant classeswhetheror not the automaticselectionis
wrong. Userscanalsoremarkthe �rst presentedretrieved
imagethatwhetherit hasthesameannotationto thequery
imageor not. If not, the systemthen presentsretrieved
imagesfrom the secondmostsimilar classor from user's
selection. The procedureis iterateduntil the userobtains
the bestresult. In fact, basedon the structureddatabase,
it is easierandfasterfor a userto input his/hercomments.
Therefore,in Figure4, after « relevancefeedbacks,the re-
trieval ef�ciency of theCBIR Ssystemis over ®Va­¬ . More-
over, in Figure5, thecomparisonof retrieval ef�ciency for
the global gaborfeatureby using relevancefeedbackbe-
tweendifferentvaluesof

›

is given. It shows that
›

hasno

(a)Theretrieval resultsof theCBIR S system

(b) Theretrieval resultsof theCBIR F system

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

signi�cant effect in retrieval resultsof theCBIR S system.
Thereasonis thatassoonastheright classis retrieved,the
retrieval resultis thebestalready.

5. Conclusions

In thispaper, wepresentedasemanticallystructuredim-
agedatabasefor content-basedimageretrieval. A classde-
scriptor is proposedto representeachimageclassusinga
multi-prototypemodel,which canbe obtainedby usinga
learningschemeona groupof sampleimagesmanuallyse-
lected from the class. The UnsupervisedOptimal Fuzzy
Clusteringalgorithmisusedheretoperformautomaticclus-
tering of samplefeaturesof the class,and �nds the opti-
malnumberof clustersby groupingsimilarclustertogether.
Basedon the newly proposedImage-ClassMatchingDis-
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tance,a similarity measureat the semanticlevel between
an imageandclasses,imagescanbe annotatedby tokens
of classes.Hence,eachimageis describedby a compos-
ite featuresetthat includeslow-level descriptors,classde-
scriptors,andimageannotation.Compositefeaturesof im-
agesarethenstoredinto a structuredfeaturedatabasecor-
respondingto the semanticallystructuredimagedatabase.
Theperformanceof thestructureCBIR systemis compared
with that of a �at CBIR systemby averageretrieval time
andef�ciency. It canbeseenfrom our experimentsthatthe
averageretrieval time of thestructureCBIR systemis only
one-sixtiethof thatof the�at CBIR system,while theaver-
ageretrieval ef�ciency is improvedgreatly.
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