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Abstract

In order to improve the retrieval accuracy of content-basedimageretrieval systems,researchfocus hasbeenshifted from designing
sophisticatedlow-level featureextractionalgorithmsto reducingthe•semanticgap•betweenthevisual featuresandthe richnessof human
semantics.This paperattemptsto provide a comprehensive survey of the recent technicalachievementsin high-level semantic-based
imageretrieval. Major recentpublicationsare included in this survey covering different aspectsof the researchin this area,including
low-level imagefeatureextraction,similarity measurement,andderiving high-level semanticfeatures.We identify “v e major categories
of thestate-of-the-arttechniquesin narrowing down the •semanticgap•:(1) usingobjectontologyto de“ne high-level concepts;(2) using
machinelearningmethodsto associatelow-level featureswith queryconcepts;(3) usingrelevancefeedbackto learnusers•intention; (4)
generatingsemantictemplateto supporthigh-level imageretrieval; (5) fusing the evidencesfrom HTML text and the visual contentof
imagesfor WWW imageretrieval. In addition, someother relatedissuessuchas image test bed andretrieval performanceevaluation
arealsodiscussed.Finally, basedon existing technologyand the demandfrom real-world applications,a few promisingfuture research
directionsaresuggested.
� 2006PatternRecognitionSociety. Publishedby Elsevier Ltd. All rights reserved.
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1. Intr oduction

With thedevelopmentof theInternet,andtheavailability
of imagecapturingdevicessuchasdigital cameras,image
scanners,the size of digital imagecollection is increasing
rapidly. Ef“cient image searching,browsing and retrieval
tools are requiredby usersfrom variousdomains,includ-
ing remotesensing,fashion,crime prevention,publishing,
medicine,architecture,etc.For this purpose,many general-
purposeimageretrieval systemshavebeen developed.There
are two frameworks: text-basedand content-based.The
text-basedapproachcanbe tracked backto 1970s.In such
systems,theimagesaremanuallyannotatedby text descrip-
tors,whicharethenusedby adatabasemanagementsystem
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(DBMS) to perform imageretrieval. Thereare two disad-
vantageswith this approach.The“rst is thata considerable
level of humanlabouris requiredfor manualannotation.The
secondis the annotationinaccuracy dueto the subjectivity
of humanperception[1,2]. To overcometheabovedisadvan-
tagesin text-basedretrieval system,content-basedimagere-
trieval (CBIR) was introducedin theearly1980s.In CBIR,
imagesare indexed by their visual content,suchas color,
texture,shapes.A pioneeringwork was publishedby Chang
in 1984,in whichtheauthorpresentedapictureindexing and
abstractionapproachfor pictorial databaseretrieval [3]. The
pictorial databaseconsistsof pictureobjectsandpicturere-
lations.To constructpictureindexes,abstractionoperations
areformulatedto performpictureobjectclusteringandclas-
si“cation. In the pastdecade,a few commercialproducts
and experimentalprototypesystemshave been developed,
suchasQBIC [4], Photobook[5], Virage[6], VisualSEEK
[7], Netra [8], SIMPLIcity [9]. Comprehensive surveys in
CBIR canbe found in Refs.[10,11].
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1.1. Thesemanticgap

The fundamentaldifferencebetweencontent-basedand
text-basedretrieval systemsis that thehumaninteractionis
an indispensablepart of the latter system.Humanstendto
usehigh-level features(concepts),suchas keywords, text
descriptors,to interpretimagesandmeasuretheir similarity.
While the featuresautomaticallyextractedusingcomputer
vision techniquesaremostly low-level features(color, tex-
ture, shape,spatiallayout, etc.). In general,thereis no di-
rect link betweenthe high-level conceptsandthe low-level
features[2].

Though many sophisticatedalgorithms have been de-
signedto describecolor, shape,and texture features,these
algorithmscannotadequatelymodel imagesemanticsand
have many limitationswhendealingwith broadcontentim-
agedatabases[12]. Extensive experimentsonCBIR systems
show that low-level contentsoftenfail to describethehigh-
level semanticconceptsin user•s mind [13]. Therefore,the
performanceof CBIR is still far from user•s expectations.

In Ref. [1], Eakinsmentionedthreelevels of queriesin
CBIR.

Level 1: Retrieval by primitive featuressuch as color,
texture, shapeor the spatial location of image elements.
Typical queryis queryby example,•“nd pictureslike this•.

Level 2: Retrieval of objectsof given type identi“ed by
derived features,with somedegreeof logical inference.For
example,•“nd a pictureof a ” ower•.

Level 3: Retrieval by abstractattributes,involving a sig-
ni“cant amountof high-level reasoningaboutthe purpose
of the objectsor scenesdepicted.This includesretrieval of
namedevents,of pictureswith emotionalor religioussignif-
icance,etc.Queryexample,•“nd picturesof ajoyful crowd•.

Levels2 and3 togetherarereferredto assemanticimage
retrieval,andthegapbetweenLevels1 and2 asthesemantic
gap[1].

More speci“cally, the discrepancy betweenthe limited
descriptive power of low-level imagefeaturesandthe rich-
nessof usersemantics,is referredto asthe •semanticgap•
[14,15].

Usersin Level 1 retrieval areusuallyrequiredto submit
an exampleimageor sketch asquery. But what if the user
doesnot have an exampleimageat hand?Semanticimage
retrieval is more convenientfor usersas it supportsquery
by keywordsor by texture.

Therefore,to support query by high-level concepts,a
CBIR systemsshouldprovide full supportin bridging the
•semanticgap•betweennumericalimagefeaturesand the
richnessof humansemantics[13,15].

1.2. High-level semantic-basedimage retrieval

How do we relatelow-level imagefeaturesto high-level
semantics?Our survey shows that the state-of-the-arttech-
niquesin reducingthe •semanticgap•include mainly “v e

categories: (1) using object ontology to de“ne high-level
concepts,(2) usingmachinelearningtoolsto associatelow-
level featureswith queryconcepts,(3) introducingrelevance
feedback(RF) into retrieval loop for continuouslearningof
users•intention, (4) generatingsemantictemplate(ST) to
supporthigh-level imageretrieval, (5) making useof both
thevisualcontentof imagesandthetextual informationob-
tainedfrom theWeb for WWW (theWeb) imageretrieval.

Retrieval at Level 3 is dif“cult andlesscommon.Possi-
ble Level 3 retrieval canbe found in domainspeci“c areas
suchasart museumsor newspaperlibrary. Currentsystems
mostly performretrieval at Level 2. Therearethreefunda-
mentalcomponentsin thesesystems:(1) low-level image
featureextraction,(2) similarity measure,(3) •semanticgap•
reduction.

Excellent survey on low-level image featureextraction
in CBIR systemcan be found in Ref. [11]. In this paper,
we focus on CBIR with high-level semantics.The rest of
the paperis organizedas follows. In Section2, we brie”y
review variouslow-level imagefeaturesusedin high-level
semantic-basedCBIR systems.Imagesimilarity measureis
alsodiscussedin Section2. Section3 focuseson different
methodsin narrowing down the •semanticgap•.In Section
4, test imagedatasetand performanceevaluation(PE) are
discussed.Section5 includesa few otherissuesrelatedwith
CBIR systemswhich are suggestedas promisingresearch
directions.Finally, Section6 concludesthis paper.

2. Low-level image features

Low-level imagefeatureextraction is the basisof CBIR
systems.To performanceCBIR, imagefeaturescanbeeither
extractedfrom the entire imageor from regions.As it has
beenfoundthatusersareusuallymoreinterestedin speci“c
regions rather than the entire image, most current CBIR
systemsare region-based.Global featurebasedretrieval is
comparatively simpler. Representation ofimagesat region
level isproved to bemorecloseto humanperceptionsystem
[16]. In thispaper, we focusonregion-basedimageretrieval
(RBIR).

To perform RBIR, the “rst step is to implementimage
segmentation.Then,low-level featuressuchascolor, texture,
shapeorspatiallocationcanbeextractedfromthesegmented
regions.Similarity betweentwo imagesis de“nedbasedon
region features.This sectionincludesa brief descriptionof
thesethreepartsfocusingon whatareusedin RBIR system
with high-level semantics.

2.1. Image segmentation

Automaticimagesegmentationisadif“cult task.A variety
of techniqueshave beenproposedin thepast,suchascurve
evolution [17], energy diffusion[18], andgraphpartitioning
[19]. Many existing segmentationtechniqueswork well for



264 Y. Liu et al. / Pattern Recognition 40 (2007) 262…282

Fig. 1. JSEGsegmentationresults.

imagesthat containonly homogeneouscolor regions,such
asdirectclusteringmethodsin colorspace[20]. Theseapply
to retrieval systemsworking only with colors[21,22].

However, naturalscenesare rich in both color and tex-
ture,anda wide rangeof naturalimagescanbeconsidered
as a mosaicof regions with different colors and textures.
Texture is an importantfeaturein de“ning high-level con-
cepts.As statedin Ref. [23], texture is the main dif“culty
in a segmentationmethod.Many texturesegmentationalgo-
rithms require the estimationof texture model parameters
which is averydif“cult task[23]. •JSEG•segmentation[23]
overcomestheseproblems.Insteadof trying to estimatea
speci“c modelfor textureregion, it testsfor thehomogene-
ity of a given color-texture pattern.•JSEG•consistsof two
steps.In the“rst step,imagecolorsarequantizedto several
classes.Replacingthe imagepixels by their corresponding
color classlabels,we canobtaina class-mapof the image.
Spatial segmentationis then performedon this class-map
which can be viewed as a specialtype of texture compo-
sition. The algorithmproduceshomogeneouscolor-texture
regionsandis usedin many systems[16,24,25]. Fig. 1 gives
two examples.

Blobworld segmentation[26] is anotherwidely usedseg-
mentationalgorithm [24,27]. It is obtainedby clustering
pixelsin a joint color-texture-positionfeaturespace.Firstly,
the joint distribution of color, texture,andpositionfeatures
is modelledwith a mixture of Gaussians.Thenexpectation
maximization(EM) algorithmis usedto estimatetheparam-
etersof the model.The resultingpixel-clustermembership
providesa segmentationof the image.The resultedregions
correspondroughly to objects.

Somesystemsdesigntheir own segmentationsin orderto
obtainthedesiredregion featuresduringsegmentation,beit
color, texture,or both [9,28…31]. Thesealgorithmsareusu-
ally basedon k-meansclusteringof pixel/block features.In
Ref. [9], “rstly , an imageis segmentedinto smallblocksof
size4� 4 from whichcolorandtexturefeatureareextracted.
Thenk-meansclusteringis appliedto clusterthefeaturevec-
torsinto severalclasseswith eachclasscorrespondingto one
region.Blocksin sameclassareclassi“edinto sameregion.
A so-calledKMCC (k-meanswith connectivity constraint)
is proposedin Ref. [31] to segmentobjectsfrom images.

It is extendedfrom thek-meansalgorithm.In thisalgorithm,
thespatialproximity of eachregion is takeninto accountby
de“ning anew centerfor thek-meansalgorithmandby inte-
gratingthek-meanswith a componentlabellingprocedure.

The use of segmentationalgorithm dependson the re-
quirementsof thesystemandthedatasetused.It is hardto
judgewhich algorithmis thebest.For example,JSEGpro-
videscolor-texturehomogeneousregions,while KMCC in-
tendsto obtainobjectswhich areusuallynot homogeneous.
Comparedwith JSEG,KMCC is computationallymorein-
tensive. JSEGandBlobworld segmentationsseemto bethe
mostwidely usedso far.

2.2. Low-level image features

Many sophisticatedfeature extraction algorithms have
beendesignedandgoodsurveys areavailable.Herewe fo-
cus on the featuresusedin RBIR systemswith high-level
semantics.

2.2.1. Color feature
Color feature is one of the most widely usedfeatures

in imageretrieval. Colors are de“ned on a selectedcolor
space.Varietyof color spacesareavailable,they oftenserve
for different applications.Description of different color
spacescan be found in Ref. [32]. Color spacesshown to
be closer to humanperceptionand usedwidely in RBIR
include, RGB, LAB, LUV, HSV (HSL), YCrCb and the
hue-min-max-difference(HMMD) [21,25,27,31,33]. Com-
moncolor featuresor descriptorsin RBIR systemsinclude,
color-covariancematrix, color histogram,color moments,
andcolor coherencevector[16,28,34…36]. MPEG-7hasin-
cludeddominantcolor, color structure,scalablecolor, and
color layoutascolor features[37]. In Ref. [38], theauthors
areinterestedin objectstaken from differentpoint of view
andillumination.As the result,a setof viewpoint invariant
color featureshave been computed.The color invariants
areconstructedon the basisof hue,hue-huepair andthree
color featurescomputedfrom re”ection model.

Most of thosecolor featuresthoughef“cient in describ-
ing colors, are not directly related to high-level seman-
tics. For convenientmappingof region color to high-level
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Fig. 2. Averagecolor and dominantcolor: (a) original region; (b) averagecolor; (c) dominantcolor.

semanticcolor names,somesystemsusethe averagecolor
of all pixels in a region as its color feature[22,31,39]. Al-
thoughmost segmentationtendsto provide homogeneous
color regions,dueto the inaccuracy of segmentation,aver-
agecolor could be visually differentfrom that of the origi-
nal region. In Ref. [25], a dominantcolor in HSV spaceis
de“ned asthe perceptualcolor of a region. To obtaindom-
inant color, the authors“rst calculatethe HSV spacecolor
histogram(10 � 4 � 4 bins) of a region and selectthe bin
with maximumsize.ThentheaverageHSV value ofall the
pixelsin theselectedbin is de“nedasthedominantcolor. It
is observed that in mostcases,averagecolor anddominant
color are very similar, as in Fig. 2(1). However, in some
cases,they canbevisually very differentasin Fig. 2(2).

The selectionof color featuresdependson the segmen-
tation results.For instance,if the segmentationprovides
objectswhich do not have homogeneouscolor, obviously
averagecolor is not a goodchoice.It is statedthat for more
speci“c applicationssuchashumanfacedatabase,domain-
knowledgecanbeexploredto assigna weight to eachpixel
in computingthe region colors[22].

It shouldbe notedthat in most of the CBIR works, the
color imagesare not pre-processed.Since color images
areoften corruptedwith noisedue to capturingdevicesor
sensors,it will improve retrieval accuracy signi“cantly if
effective “lter is applied to remove the color noise.The
pre-processcan be essentialespeciallywhen the retrieval
resultsareusedfor humaninterpretation.A numberof such
color “lters areavailablefor this purpose[32,40,41].

2.2.2. Texture feature
Textureis notsowell-de“nedascolor features,somesys-

temsdo not usetexture features[2,21,22,31,42]. However,
texture providesimportantinformationin imageclassi“ca-
tion as it describesthe contentof many real-world images
suchas fruit skin, clouds,trees,bricks, and fabric. Hence,
textureis animportantfeaturein de“ning high-level seman-
tics for imageretrieval purpose.

Texture featurescommonlyusedin imageretrieval sys-
temsincludespectralfeatures,suchasfeaturesobtainedus-
ing Gabor“ltering [8] or wavelet transform[9], statistical
featurescharacterizingtexture in termsof local statistical
measures,suchasthesix Tamuratexture features[43], and
wold featuresproposedby Liu et al. [44]. Among the six
Tamurafeatures:coarseness,directionality, regularity, con-
trast, line-likeness,contrastand roughness,the “rst three
are more signi“cant [43]. The other three are related to
the “rst threeanddo not addmuch to the effectivenessof

texture description.MPEG-7 hasemployed the regularity,
directionality and coarsenessas the texture browsing de-
scriptor [33,37]. The wold featuresof periodicity, random-
nessand directionality have beenproved to work well on
Brodatztextures[45].

Thelimitationof Tamurafeaturesis thattherewasnowork
at multiple resolutionsto accountfor scale.Wold featureis
alsoaffectedby imagedistortionssuchasscaleandorien-
tation variationsdueto perspective distortion[30]. Though
working well on Brodatztextures,thesefeaturesareproved
to be lesseffective whenappliedto naturalsceneimagere-
trieval astextureregionsin suchimagesarenotsostructured
andhomogeneous[30].

Among the varioustexture features,Gaborfeaturesand
waveletfeaturesarewidely usedfor imageretrieval andhave
beenreportedtowell matchtheresultsof humanvisionstudy
[8,9,37]. Gabor “ltering and wavelet transformare origi-
nally designedfor rectangularimages.However, regionsin
RBIR systemsareof arbitrary-shapes.How to extracttexture
featuresfrom arbitrary-shapedregions in RBIR systems?
In somesystems,texture featuresare obtainedbasedon
thetexturepropertyof pixelsorsmallblockscontainedin the
region [8,31]. For example,in Ref. [8], for eachregion, the
meanof thetexturefeaturesof all the4� 4 blocksit contains
is usedastheregion feature.Theproblemof suchfeatureis
thatthey cannotsuf“ciently describethetexturepropertyof
theentireregion.An intuitiveway to solvethisproblemis to
extendthearbitrary-shapedregion into arectangularareaby
paddingsomevaluesoutsidethe boundaryand thenapply
block transforms.However, asregionsin real-world images
are usually not homogeneoustexture, suchinitial padding
will introducespuriouscomponentswhich do not describe
the original region and hencedegradethe performanceof
the texture featureobtained.Still anotherpossiblesolution
is to obtainaninnerrectangle(IR) from aregion ontowhich
block transformscanbe performedto generatecoef“cients
from which texture featurecan be calculated.This works
well when the region texture is homogeneousand the IR
carriesenoughinformationto describethe region•s texture
property. However, imageregionsin real-world imagesare
usually not homogeneous.In addition, in many cases,we
canonly obtainan IR covering a small areaof the original
region. Hence,the texture featureobtainedfrom IR cannot
well representthepropertyof theentireregion.To solve this
problem,anef“cient texturefeatureextractionalgorithmfor
arbitrary-shapedregions is presentedin Ref. [46]. This al-
gorithmextendsanarbitrary-shapedregion into a rectangle
areaby initial padding.Thena projectiononto convex sets
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Fig. 3. Arbitrary-shapedregion and paddedresults: (a) original region;
(b) mirroring paddedresult.

(POCS)loop is appliedto “nd a setof coef“cients bestde-
scribingtheregionby iterativeprojectionbetweentheimage
domainand its transformdomain.Finally, texture features
canbeextractedfrom thecoef“cients obtained.Fig. 3 gives
anexampleof initial padding.

Theedgehistogramdescriptor(EHD) is foundto bequite
effectivefor representingnaturalimages[37]. It capturesthe
spatialdistribution of edges,somewhat in the sameidea as
thecolorlayoutdescriptor. To computetheEHD,agivenim-
ageis “rst sub-dividedinto 4× 4 sub-images,andlocaledge
histogramsfor eachof thesesub-imagesis computed.Edges
arebroadlygroupedinto “v e categories:vertical, horizon-
tal, 45� , 135� and neutral.Thus,eachlocal histogramhas
“v ebinscorrespondingto theabove“v ecategories.Theim-
agepartitionedinto 16 sub-imagesresultsin 80 bins.These
binsarenon-uniformlyquantizedusing3bits/bin, resulting
in a descriptorof size 240 bits. But the EHD can be very
sensitive to objectsor scenedistortions.

Huangand Daihave computedthe gradientvector from
the subbandimagesof a wavelet decompositionas texture
feature[47]. The gradientvector is a similar approachto
EHD.

2.2.3. Shape
Shapeis a fairly well-de“ned concept.Shapefeaturesof

generalapplicabilityincludeaspectratio,circularity, Fourier
descriptors,momentinvariants,consecutive boundaryseg-
ments[48], etc.

Shapefeaturesareimportantimagefeaturesthoughthey
havenotbeenwidely usedin RBIR ascolorandtexturefea-
tures.Shapefeatureshave shown to be useful in many do-
main speci“c imagessuchasman-madeobjects.For color
imagesusedin mostpapers,however, it is dif“cult to apply
shapefeaturescomparedto colorandtexturedueto theinac-
curacy of segmentation.Despitethedif“culty, shapefeatures
are usedin somesystemsand hasshown potentialbene“t
for RBIR. For example,in Ref. [31], simpleshapefeatures
suchaseccentricityandorientationareused.Thesystemin
Ref. [34] usesnormalizedinertia of order 1…3to describe
region shape.In Ref. [28], grossregion shapedescriptors
basedon areaandsecond-ordermomentsareused.MPEG-
7 hasincludedthreeshapedescriptorsfor object-basedim-
ageretrieval, oneis the 3-D shapedescriptorderived from
3-D meshesof shapesurface,oneis for region-basedshape
derived from Zernik momentsandthe otheris for contour-

based shapederived from curvature scalespace(CSS)[37].
AlthoughtheCSSdescriptoris invariantto translation,scal-
ing androtation,it is sensitive to generaldistortionswhich
can be resultedfrom objectstaken from different point of
view. MokhtarianandAbbasi have extendedthe CSSde-
scriptorto berobust to af“ne transformwhich is a common
way to approximategeneralshapedistortions[49].

2.2.4. Spatiallocation
Besidescolorandtexture,spatiallocationis alsousefulin

regionclassi“cation.For example,•sky•and•sea•couldhave
similar color andtexturefeatures,but their spatiallocations
aredifferentwith sky usuallyappearsat thetopof animage,
while seaat thebottom.

Spatiallocationusuallyaresimplyde“nedas•upper, bot-
tom, top• accordingto the locationof the region in an im-
age[50,51]. In Ref. [8], region centroidand its minimum
boundingrectangleareusedto provide spatiallocation in-
formation.In Ref. [31], spatialcenterof a region is usedto
representits spatiallocation.

Relative spatialrelationshipis moreimportantthanabso-
lute spatiallocationin deriving semanticfeatures.2D-string
[52] and its variantsare the most commonstructureused
to representdirectionalrelationshipsbetweenobjectssuch
as•left/right•, •below/above•.However, suchdirectionalre-
lationshipsalonearenot suf“cient to representthe seman-
tic contentof imagesignoringthetopologicalrelationships.
To bettersupportsemantic-basedimageretrieval, a spatial
context modellingalgorithmis presentedin Ref. [53] which
considerssix spatialrelationshipsbetweenregionpairs:left,
right, up,down, touchandfront.An interestingmethodwas
proposedby Smith et al. [29]. The systemusesa compos-
ite region template(CRT) to de“ne thespatialarrangement
of regionsandeachsemanticclassis characterizedby the
CRTs obtainedfrom a collectionof sample images[29].

2.3. Similarity measure

In RBIR systems,imagesimilarity is measuredattwo lev-
els.The“rst is region-level. That is to measurethedistance
betweentwo regionsbasedon their low-level features.The
secondis at imagelevel. That is to measuretheoverall sim-
ilarity of two imageswhich might containdifferentnumber
of regions.

Most researchersemploy the Minkowski-type metric to
de“ne region distance.Supposewe have two regions rep-
resentedby two p dimensionalvectors (x1, x2, . . . , xp ),
(y1, y2, . . . , yp ), respectively. The Minkowski metric is
de“nedas

d(X, Y) =

� p�

i = 1

|xi Š yi |r
� 1/r

. (1)

Particularly, when r = 2, it is the well-known Euclidean
distance(L 2 distance).When r is 1, it is the Manhattan
distance(L 1 distance).
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An often-usedvariantversionis theweightedMinkowski
distancefunctionwhichintroducesweightingto identify im-
portantfeatures

d(X, Y) =

� p�

i = 1

wi |xi Š yi |r
� 1/r

, (2)

wherewi , i = 1, . . . , p is the weight applied to different
features.

Otherdistancesarealsousedin imageretrieval, suchas
the Canberradistance,angulardistance,Czekanowski co-
ef“cient [54], inner product,dice coef“cient, cosinecoef“-
cientandJaccardcoef“cient [55].

The overall similarity of two imagesis moredif“cult to
measure.Basically, therearetwo ways.

(1) One-Onematch: This meanseachregion in thequery
image is only allowed to match one region in the target
imageandvice versa.As in Ref. [56], eachqueryregion of
thequeryimageis associatedto asingle•bestmatch•region
in the target image.Then the overall similarity is de“ned
as the weightedsum of the similarity betweeneachquery
region in the queryimageandits •bestmatch•in the target
image,while theweight is relatedto region size.

(2) Many-Manymatch: This meanseachregion in the
query imageis allowed to matchmore than one region in
the target imageand vise versa.A widely usedmethodis
the EarthMover• Distance(EMD) [57]. EMD is a general
and ”exible metric. It measuresthe minimal cost required
to transformonedistribution into anotherbasedon a tradi-
tional transportationproblemfrom linear optimization,for
which ef“cient algorithmsareavailable.EMD matchesper-
ceptualsimilarity well andcanbeappliedto variable-length
representationsof distributions,henceit is suitablefor im-
agesimilarity measurein RBIR system[16,57].

Li et al. proposean integratedregion matching(IRM)
schemewhich allows for matchinga region of one image
to several regionsof anotherimageandthusdecreasesthe
impactof inaccuratesegmentation[34]. In this de“nition, a
matchingbetweenany two regionsis assignedwith asignif-
icancecredit.This formsa signi“cancematrix betweentwo
setsof regions(onesetis of thequeryimage,anothersetis
of thetarget image).Theoverall similarity of two imagesis
de“nedbasedon thesigni“cancematrix in a way similar to
EMD.

ThoughMinkowski metric is widely usedin currentsys-
temsto measureregiondistance,intensive experimentsshow
thatit is notveryeffective in modellingperceptualsimilarity
[58]. How to measureperceptualsimilarity is still a largely
unansweredquestion.Therearesomeworksdonein trying
to solve this problem.For example,in Ref. [58], a dynamic
partial distancefunction (DPF) is de“ned, which reduces
thedimensionof featurevectorsby dynamicallychoosinga
smalleramountof dimensions.Let � i =| xi Š yi |, i = 1, . . . , p ,
the authorsde“ne � m = { m smallest� • s of (� 1, . . . , � p )}.

ThenDPF is de“nedas

d(m, r ) =

�

�
�

� i � � m

� r
i

�

�

1/r

. (3)

Therearetwo parametersto be adjustedm andr. Initial
experimentalresultsdemonstratethatDPFcanprovidemore
accurateretrieval resultsthanMinkowski metrics.However,
the value ofm is data-dependent,this makesthe algorithm
in”exible. In addition,to bebroadlyusedin imageretrieval
systems,furtherstudyis requiredto con“rm its performance
in variousapplications.

In Ref. [59], a perceptualdistancefor shapesimilarity
measureis presented.Eachshapeis characterizedwith a set
of tokens.A metricdistancebetweentokensis “rst de“ned
then a non-metricdistanceis de“ned as the collection of
tokendistanceto measureshapesimilarity. Themethodcan
be extendedinto RBIR by treating image regions as the
tokens.

Vasconcelosand Lippman proposeda multiresolution
manifold distance(MRMD) for face recognition. In the
MRMD, two imagesto bematchedaretreatedasmanifolds,
andthedistancebetweenthetwo imagesaretheonewhich
minimizesthe error of transformingonemanifold into the
other. In orderto reducethecomputation,theimagesareput
into multiresolutionanalysis.The distancemeasureis suit-
ablefor imagealignmentapplicationslike facerecognition
andvideoscenedetection[60].

In Ref. [61], similarity measurebetweendifferent types
of imagefeaturesis taken asa multilevel decisionmaking
process.Imagesin thedatabasearerepresentedby anumber
of MPEG-7color andtexture descriptors,thesedescriptors
areput into a hierarchicaldecisionfusion framework using
fuzzy logic.Theadvantageof thissimilarity measurementis
thatdifferenttypesof imagefeaturescanbecombinedinto
an integratedfeature.In their later work, the authorshave
extendedthe decisionfusion framework into a supervised
learningframework with RF from users[62].

3. Reducing the •semanticgap•

The state-of-the-arttechniquesin reducing the seman-
tic gap can be classi“ed in different ways from different
point of view. For example,by consideringthe application
domain,they canbeclassi“edasthosetargetingat artwork
retrieval [21], sceneryimageretrieval [27,28,31], WWW im-
agesretrieval [63,64], etc. In this paper, we focus on the
techniquesusedto derive high-level semanticsandidentify
“v e categoriesasfollows. (1) Using objectontologyto de-
“ne high-level concepts[21,31,65…67]. (2) Usingsupervised
or unsupervisedlearningmethodsto associatelow-level fea-
tureswith query concepts[2,24,27,28,68]. (3) Introducing
RFinto retrieval loopfor continuouslearningof users•inten-
tion [16,31,69]. (4) GeneratingST to supporthigh-level im-
ageretrieval [29,70,71]. (5) Making useof both the textual



268 Y. Liu et al. / Pattern Recognition 40 (2007) 262…282

Fig. 4. Object ontology usedin Ref. [32].

informationobtainedfrom theWeb andthevisualcontentof
imagesfor Web imageretrieval [63,70,72]. Many systems
exploit oneor moreof the above techniquesto implement
high-level semantic-basedimageretrieval. For example,(3)
is often combinedwith (1), (2) or (5) [16,31,70,72], (5) is
usuallycombinedwith theotherfour techniques[27,63,70].

3.1. Object-ontology

In somecases,semanticscanbe easilyderived from our
daily language.For example,sky canbe describedas •up-
per, uniform,andblueregion•.In systemsusingsuchsimple
semantics,“rstly , differentintervalsarede“nedfor thelow-
level imagefeatures,with eachinterval correspondingto an
intermediate-level descriptorof images,for example,•light
green,mediumgreen,dark green•.Thesedescriptorsform
a simplevocabulary, the so-called•object-ontology•which
provides a qualitative de“nition of high-level query con-
cepts.Databaseimagescanbeclassi“edinto differentcate-
goriesby mappingsuchdescriptorsto high-level semantics
(keywords)basedon our knowledge[31,65…67,73], for ex-
ample,•sky• canbede“nedasregion of •light blue•(color),
•uniform•(texture),and•upper•(spatiallocation).

A typical exampleof suchontology-basedsystemis pre-
sentedin Ref. [31]. In this system,eachregion of an image
is describedby its averagecolor in lab color space,its posi-
tion in vertical andhorizontalaxis, its sizeandshape.The
objectontologyis shown in Fig. 4.

Quantizationof color and texture featureis the key in
suchsystems.To supportsemantic-basedimageretrieval, a
moreeffective andwidely usedway to quantizecolor infor-
mationis by color naming.Althoughmillions of colorscan
bede“nedin computersystem,the colorsthatcanbenamed
by usersarelimited to about10…20[74,75]. Color naming
modelsintendto relateanumericalcolor spacewith seman-
tic color namesusedin naturallanguage.The well-known
color namingsystemis •CNS•(color namingsystem)pro-

posedby Berk,BrownstonandKaufman[75]. •CNS•quan-
tizesHSL spaceinto 627distinctcolors.Thebasicideais to
quantizethehuevalueinto a setof basiccolors.Saturation
and luminanceare quantizedinto different bins as adjec-
tivessignifying therichnessandbrightnessof thecolor. The
completesetof generichuenamesin CNS is red, orange,
brown, yellow, green, blueandpurple, with theadditionof
achromatictermsblack, grayandwhite, form 10basecolors.

In Ref. [21], 12 huesarede“ned asfundamentalcolors,
yellow, red, green, blue, orange, purple, andsix othercol-
ors obtainedas the linear combinationof them.Then,“v e
levelsof luminanceandthreelevelsof saturationareidenti-
“ed. This resultsin 180referencecolors.To relatecolorsto
expression(emotionally)andimpression(visually)for paint-
ing retrieval, different typesof contrastsarede“ned, light-
darkcontrast,warm-coldcontrast,complementarycontrast,
etc.For example,colorsof yellow, andorangearereferred
aswarm,greenandbluearereferredascold.Examplequery
is likethis•“nd paintingswith thefollowing contrasts:light-
dark,cold-warm•.

In Ref. [25], the dominantcolor of a region (in HSV
space)is convertedto a setof 35 semanticcolor namesas:
red, orange,yellow, brown, etc. Semanticcolor namesare
relatedto objectsin natural sceneimageslike grass,sky.
Examplequery is •“nd imageswith a sky blue region•. In
Ref. [65], basedon the author•s observation that a small
numberof colors are usually suf“cient to characterizethe
color informationin imageregion, eight colorsarede“ned
basedon their RGB values,red, green, blue, yellow, ma-
genta, cyan, black, andwhite. Thesecolornamesarerelated
to objectsin naturalscenes,for example,white arerelated
to snow, cloud,etc.In this way, thesystemreducesthe•se-
manticgap•andsupportsqueryby keywords.

Similar to CNS, there is a parallel need for a texture
namingsystemwhichwouldstandardizethedescriptionand
representationof textures[76]. However, texture namingis
foundto bemoredif“cult andsofar thereis nosuchatexture
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namingsystemavailable.As a “rst steptowardscreatinga
texturenamingsystem,someresearcherstry to identify the
importantfeatureshumanbeingsusein texture perception
[43,76]. Basedon subjective experiment,Rao and Lohse
have shown that repetitiveness,directionalityandcomplex-
ity arethethreeattributesmostimportantto humanpercep-
tion of textures[76]. However, how to obtainthesefeatures,
and how to map other low-level texture featuresto these
threedomainsareyet to be furtherstudied[30,76].

Comparedwith color, texture is not well modelledand
understood,much researchstill needsto be done.Instead
of usingtexture namesaskeyword for querywhich is still
impossiblesofar, someresearchersquantizeperceptualtex-
ture featuresinto different intervals andde“ne meaningful
texture descriptors.In Refs. [66,67], Tamurafeaturesare
quantizedto differentlevelsasvery coarse,mediumcoarse,
“ne, very “ne; low contrast,highcontrast,etc.Combination
of suchfeaturesin logical relationshipswith and, or form
querieslike •“nd very “ne andlow contrasttextures•.

For databasewith speci“callycollectedimages,suchsim-
ple semanticsderived basedon object-ontologymay work
“ne. However, with large collectionsof imageswith vari-
ouscontents,morepowerful tools arerequiredto learnthe
semantics.

3.2. Machine learning

In mostcases,to derive high-level semanticfeaturesre-
quiretheuseof formal toolssuchassupervisedor unsuper-
visedmachinelearningtechniques[2,28,68,77]. Thegoalof
supervisedlearning is to predict the value of an outcome
measure(for example,semanticcategory label) basedon a
setof input measure.In unsupervisedlearning,thereis no
outcomemeasure,andthegoal is to describehow the input
dataareorganizedor clustered[78].

3.2.1. Supervisedlearning
Supervisedlearning such as support vector machine

(SVM) [24,27,79], Bayesianclassi“er [80] are often used
to learnhigh-level conceptsfrom low-level imagefeatures.

With strongtheoreticalfoundationsavailable,SVM has
beenusedfor objectrecognition,text classi“cation,etc.and
is consideredagoodcandidatefor learningin imageretrieval
system[35,69,81]. SVM is originally designedfor binary
classi“cation.Assumethat we have a set of training data
{x1, x2, . . . , xn} as vectorsin spaceX � Rd belongingto
two separateclasseswith their labels{y1, y2, . . . , yn} and
yi � { Š1, 1}. We want to “nd a hyper-plane to separate
the data.Among many possiblehyper-planes,the optimal
separating plane (OSP) is the one which maximizesthe
margin (thedistancebetweenthehyper-planeandthenearest
datapoint of eachclass).As in Fig. 5, the vectorslying on
onesidearelabelledasŠ1, andthoselying ontheotherside
are labelledas + 1. •Supportvectors• refer to the training
samplesthatlie closestto thehyper-plane.To learnmultiple

margin

w

Fig. 5. A simple linear supportvector machine.

conceptsfor imageretrieval, a SVM hasto be trainedfor
eachconcept.For example,in Ref. [27], SVM is employed
for imageannotation.In the training stage,a binary SVM
modelis trainedfor eachof the23 selectedconcepts.In the
testingstage,unlabelledregionsarefed into all themodels,
theconceptfrom themodelgiving thehighestpositiveresult
is associatedwith the region.

Another widely usedlearningmethodis Bayesianclas-
si“cation [82]. In Ref. [68], using binary Bayesianclassi-
“er, high-level conceptsof naturalscenesarecapturedfrom
low-level imagefeatures.Databaseimagesareautomatically
classi“edinto generaltypesasindoor/outdoor, andtheout-
door imagesare further classi“ed into city/landscape,etc.
In Ref. [77], Bayesiannetwork is usedfor indoor/outdoor
imageclassi“cation.

Otherlearningtechniquessuchas neuralnetwork arealso
usedfor conceptlearning.In Ref. [28], “rstly , the author
choses11categories(concepts):brick, cloud,fur, grass,ice,
road, rock,sand,skin, tree,andwater. Thena largeamount
of training data (low-level featuresof segmentedregions)
are fed into the neuralnetwork classi“ers to establishthe
link betweenlow-level featuresof an imageand its high-
level semantics(category labels).A disadvantageof this al-
gorithmis that it requireslargeamountof trainingdataand
is computationallyintensive.

In Ref. [24], it is statedthat conventional learning al-
gorithmssuffer from two problems:(1) a large amountof
labelledtraining samplesareneeded,andit is very tedious
and error-prone to provide such data; (2) the training set
is “x ed during the learningandapplicationstages.Hence,
if the applicationdomain changes,new labelled samples
have to be provided to ensurethe effectivenessof the clas-
si“er. A bootstrappingapproachis presentedin Ref. [24] to
tackletheseproblems.It startsfrom a small setof labelled
trainingsamples.By usinga co-trainingapproach,in which
two statisticallyindependentclassi“ersareusedto co-train
and co-annotatethe unlabelled samples, the algorithm



270 Y. Liu et al. / Pattern Recognition 40 (2007) 262…282

successively annotatesa larger set of unlabelledsamples.
Their experimentsshow that an improvementof 10% in
retrieval accuracy is obtainedcomparedwith SVM (400
labelled images for training), with much fewer labelled
trainingsamples(only 20 labelledseeds).

Besidesthe above mentionedalgorithms,decision tree
(supervisedlearning)techniquesarealsousedto derive se-
mantic features.Decision tree induction methodssuch as
ID3, C4.5(improved versionof ID3), andCART build up a
treestructureby recursively partitioningthe input attribute
spaceinto a setof non-overlappingspaces[78]. A setof de-
cisionrulescanbeobtainedby following thepathsfrom the
root of thetreeto theleaves.In Ref. [2], theCART decision
treemethodologyis usedto derive decisionrulesmapping
global color distribution (HSV spacecolor histogram)in a
given imageto textual description(four keywords:Sunset,
Marine,Arid imagesandNocturne).In Ref. [83], aC4.5de-
cision treeis built basedon a setof imagesrelevant to the
query, andthenusedasa modelto classifydatabaseimages
into two classes:relevant and irrelevant. This algorithm is
usedin theRFloop(will bediscussedin Section3.3)to pro-
vide relevant imagesfor the userto label at next iteration.
A similarmethodologyis employedin Ref.[84]. To enhance
the performanceof RF, the systemusesID3 decisiontree
to classify the imagesas relevant/irrelevant basedon their
color features,insteadof directly rankingthe imagesusing
themodi“ed queryobtainedin last iteration.

Comparedwith other learning methods,decision tree
learningis conceptuallysimple, robust with respectto in-
completeand noisy input features.In addition, decision
tree can be easily translatedinto a set of rules which can
be integratedinto an expert systemfor automaticdecision
making [78,85]. However, to be used in high-level con-
ceptslearningfor imageretrieval, the underlyingproblem
is thelack of modularity[86,87]. For example,themethods
mentionedabove usenominal input attributes,but usually
low-level image featureshave continuousvalues.Though
some algorithms [88,89] have been designedto discrete
continuous attributes, whether these generally designed
algorithmscanalways provide meaningfulsplitting of im-
agefeaturespaceis a question.

3.2.2. Unsupervisedlearning
Unlike supervisedlearningin which the presenceof the

outcomevariableguidesthe learningprocess,unsupervised
learninghasno measurementsof outcome,thetaskis rather
to “nd out how theinput featureareorganizedor clustered.

Imageclusteringis thetypicalunsupervisedlearningtech-
niquefor retrieval purpose.It intendsto groupasetof image
datain a way to maximizethesimilarity within clustersand
minimize thesimilarity betweendifferentclusters.Eachre-
sultingclusteris associatedwith a class labelandimagesin
sameclusteraresupposedto besimilar to eachother.

The traditional k-meansclusteringand its variationsare
oftenusedfor imageclustering.In Ref. [90], k-meansclus-
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Fig. 6. Imageretrieval with CLUE.

teringis appliedto low-level color featuresof a setof train-
ing images.Then,thestatisticsmeasuringthevariationwith
eachclusterareusedto derive asetof mappingsbetween
the low-level featuresandthe optimal textual characteriza-
tion (keywords)of the correspondingcluster. The mapping
rulesderived could be usedfurther to index new untagged
imagesaddedto the database.In Ref. [80], in order to au-
tomaticallyannotatedatabaseimagesfor retrieval purpose,
the system“rstly cluster image regions into region clus-
ters using a variant of k-meansclusteringcalled pair-wise
constraintsk-means(PCK-means)[91]. Thenumberof clus-
ters is empirically set to 300.Then,the posteriorprobabil-
ity of every concept(59 conceptsarede“ned for the image
databaseused)given a region is derived usinga semi-naš¨ve
Bayesianmethod[80]. Thus,a new imagecanbeannotated
by choosingtheconceptswith highestprobabilities.

Dueto thecomplex distributionof imagedata(datapoints
aresampledfrom non-linearmanifold),traditionalmethods
suchas k-meansclusteringoften cannotwell-separateim-
ageswith different concepts[36]. To handlethis problem,
a spectralclusteringmethodNormalizedcut (NCut) [19] is
proposedand hasbeensuccessfullyusedin several appli-
cationssuchas imagesegmentation,imageclustering.An
extendedversionof NCut canbe found in Ref. [92].

In Ref. [14], a methodnamed•CLUE• is presentedto re-
ducethe •semanticgap•in CBIR. Unlike otherCBIR sys-
tems which display the top matchedtarget imagesto the
users,this systemattemptsto retrieve semanticallycoherent
imageclusters.Given a queryimage,a collectionof target
imagessimilar to thequeryareselectedastheneighbourof
thequery. Basedon thehypothesisthat imagesof thesame
semanticstend to be clustered,NCut clusteringis usedto
clusterthesetarget imagesinto different semanticclasses.
Thenthesystemdisplaysthe imageclustersandadjuststhe
model of similarity measureaccordingto user feedbacks.
Fig. 6 is the diagramof the system.Thoughsuccessfulin
manifold dataclustering,NCut cannotproducean explicit
mappingfunction.To dealwith new datapoints,similarities
betweenthenew pointsandall trainingdatahaveto bemea-
sured.The computationof similaritiescould be very com-
plicateddueto the large sizeof training set[36]. To tackle
theseproblems,in Ref. [36], a locality preservingclustering
(LPC) methodis proposedfor imageclustering.LPC can
provide an explicit mappingfunction.Experimentalresults
show that LPC provides retrieval accuracy comparableto
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that of NCut, but is morecomputationallyef“cient. In ad-
dition, retrieval resultof LPC is proved to be moreaccurate
thanthatof k-meansclustering.

Probabilistic classi“cation based on Bayes theory is
among the most powerful clustering tools. The common
maximum-a-posteriorior MAP classi“er and its variation
maximum-likelihood or ML classi“er have shown great
promise for the CBIR problem [93,94]. However, tradi-
tionally it is dif“cult to apply the classi“ers due to the
complexity of the MAP similarity function. In Ref. [94],
Vasconeloshas shown that the similarity function can be
computedef“ciently whenvectorquantizersandGaussian
mixtures are used as models for the probability density
functionsof the imagefeatures.

3.2.3. Objectrecognition techniquesfor image retrieval
Object recognition in imagesis an important problem

in computervision with applicationsin imageannotation,
surveillanceandimageretrieval.Supervisedor unsupervised
objectrecognitionalgorithmshave been developedrecently
which canbe usedfor semantic-basedimageretrieval. For
example,in Ref.[95], an unsupervisedscale-invariantlearn-
ing methodis presentedto learnandrecognizeobjectclass
modelsfrom unlabelledandunsegmentedclutteredscenes.
In this method,objectsare modelledas ”exible constella-
tionsof partsandaprobabilisticrepresentationis usedfor all
aspectsof theobject:shape,appearance,occlusionandrel-
ative scale.In recognition,this modelis usedin a Bayesian
mannerto classifyimages.The”exible nature ofthemodel
is demonstratedby excellentresultsover a rangeof datasets
including geometricallyconstrainedclasses(suchasfaces,
cars)and”exible objects(suchasanimals).

It is recognizedthat most userslike to retrieve images
basedon objectsin images.In Ref. [96], theauthorsdevel-
opedanew semi-supervisedversionof theEM algorithmfor
learningthe distributionsof the objectclasses.Imagesare
representedassetsof featurevectorof multiple typesof ab-
stractregions.Eachabstractregion is modelledasamixture
of Gaussiandistributionsover its featurespace.As regions
usedin recognitioncan comefrom different segmentation
processes,the regions usedare referredto as •abstractre-
gion•. A key part of this approachis that it doesnot need
to know the locationof objectsin eachimage.The experi-
mentson a setof 860 imagesdemonstratetheef“ciency of
theapproach.

In Ref.[97], atwo-phrasegenerative/discriminativelearn-
ing approachis proposedthat can learn to recognizeob-
jects using multiple featuretypes.The goal of this work
is to develop a classi“cation methodologyfor the auto-
maticclassi“cationof outdoorsceneimages.Thegenerative
phrasenormalizesthe descriptionlengthof images,which
canhave an arbitrarynumberof extractedfeaturesof each
type. In the discriminative phase,a classi“er learnswhich
images,asrepresentedby this “x ed-lengthdescription,con-
tainthetargetobject.Theirexperimentalresults,usingcolor,

textureandstructure features,show promisingretrieval per-
formanceon 31elementaryobjectcategoriesand20 high-
level concepts.

Most currentapproachesto learnvisualobjectcategories
requirethousandsof training images.In addition,mostal-
gorithmspresentedin theliteraturehavebeentestedononly
about10…20objectcategories.In Ref. [98], an incremental
Bayesianalgorithmwas developedto learngenerative mod-
elsof objectcategoriesfrom justa few trainingimages.This
methodmakesuseof prior information,assembledfrom ob-
ject categorieswhich were previously learnt.A generative
probabilisticmodel is usedto representthe shapeand ap-
pearanceof a constellationof featuresbelongingto theob-
ject. The parametersof the modelare learnt incrementally
in a Bayesianmanner. Thealgorithmis testedon imagesof
101 widely variedobjectcategoriesincluding face,laptop,
strawberry, zebra,cup,chair, etc.

3.3. Relevancefeedback (RF)

Comparedwith the off-line processingalgorithmsdis-
cussedabove, RF is an on-line processingwhich tries to
learntheusers•intentionson the ”y .

RFisapowerful tool traditionallyusedin text-basedinfor-
mationretrieval systems[99]. It wasintroducedtoCBIRdur-
ingmid 1990s,with theintentiontobringuserin theretrieval
loop to reducethe •semanticgap• betweenwhat queries
represent(low-level features)andwhat the userthinks.By
continuouslearningthroughinteractionwith end-users,RF
hasbeenshown to provide signi“cant performanceboostin
CBIR systems[100,101].

A typical scenariofor RF in CBIR is asbelow [102]:

(1) The systemprovides initial retrieval results through
query-by-example,sketch,etc.

(2) Userjudgestheabove resultsasto whetherandto what
degree,they arerelevant (positive examples)/irrelevant
(negative examples)to thequery.

(3) Machinelearningalgorithmis appliedto learntheuser•
feedback.Thengo backto (2).

(2)…(3)arerepeatedtill theuseris satis“edwith theresults.
Fig. 7 shows a simplediagramof a CBIR systemwith RF.

A typical approachin step (3) is to adjust the weights
of low-level features to accommodatethe users• need
(re-weighting).In this way, the burden of specifying the
weightis removed from theuser. Examplesof suchsystems
are in Refs. [16,100]. •Re-weighting•dynamicallyupdates
theweightsembeddedin thequery(not only theweightsto
differenttypesof featuressuchascolor, texture,shape,but
also the weights to different componentsin samefeature
vector) to model the high-level conceptsand perception
subjectivity [100].

Anothermethodis calledquery-point-movement(QPM)
[16,103,104]. QPM improves the estimationof the query
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Fig. 7. CBIR with RF.

point by moving it towardsthepositive examplesandaway
from the negative examples.The techniqueoften usedto
iteratively improve this estimationis theRocchio•s formula
[55,105,106]
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whereQ andQ � arethe original queryandupdatedquery,
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constants.
Bothqueryre-weightingandQPM usenearest-neighbour

sampling.That is, thesystemreturnstop ranked imagesfor
the userto examineandthenthe queryis re“ned basedon
theuser•s feedback[35].

Machinelearningtechniquescanbeusedin step3 of RF
loop aswell. SVM is often usedto capturethe querycon-
cept by separatingthe relevant imagesfrom the irrelevant
imagesusinga hyper-planein a projectedspace[16,31,69].
Oneadvantageof SVM over otherlearningalgorithmslies
in its high generalizationperformancewithout the needto
add a priori knowledge [69]. Another advantageis that it
canwork for small trainingsets[69,103]. To effectively use
negativeandnon-labelledsamples,andto learnaquerycon-
cept fasterandmoreaccurately, an active learningmethod
namedSVMactive is proposedin Ref. [35].

Generally, the labelledsamplesprovided by the userare
limited, andsuchsmall trainingdatasetwill resultin weak
classi“cationof databaseimages(asrelevant/irrelevant). In
Refs.[107,108], D-EM (Discriminant-EM)is usedto boost
the classi“er learnt from the limited labelledtraining data.
D-EM is animproved versionof EM. EM hasthedisadvan-
tagethata largenumberof parametershave to beestimated
dueto thehigh dimensionalityof thegenerative modelused

to modeldatadistribution.D-EM alleviatesthis problemby
addinga D-step.The E-stepestimatesthe membershipfor
eachunlabelledsampleto augmentthelabelledtrainingset.
D-stepidenti“es a mappingsuchthat thedataareclustered
in the mappedfeaturespace(a discriminatingsubspace).
Basedon the augmenteddataset,M-stepestimatesthe pa-
rametersof the generative model in the lower dimensional
discriminatingspace.

In somepapers,decision-treelearningmethodssuchas
C4.5,ID3 areusedin RFlooptoclassifythedatabaseimages
into two classes(relevant/irrelevant) dependingon whether
they aresimilarto thequeryimage[83,84]. Thentherelevant
imagesarepresentedto theuserfor anotherroundof RF.

Thereare different methodsadoptingdifferent assump-
tions or problemsettings,thoughunderthe samenotion of
•RF•.A moredetailedsurvey canbe found in Ref. [102].

Most of thecurrentRF-basedsystemsusesonly the low-
level imagefeaturesto estimatethe ideal queryparameters
anddo not addressthe •semantic•contentof images.Such
systemworks well if the featurevectorscanwell describe
thequery. However, for speci“c objectthatcannotbesuf“-
ciently representedby low-level features,theseRF systems
will not returnmany relevantresultsevenwith a largenum-
ber of userfeedbacks[109]. To addressthe limitations of
suchsystems,Ref. [109] providesa systemnamed•iFind•
that performsRF on both the low-level featurevectorsand
the semanticcontentsof imagesrepresentedby keywords.
Firstly, a semanticnetwork is constructedon top of an im-
age databaseand a simple machinelearning techniqueis
usedto learn from user queriesand feedbacksto further
improve this semanticnetwork. With the semanticnetwork
formedon top of the keyword associationwith the images,
thesystemcanaccuratelyderive the imagesematiccontent
for retrieval purposes.In this way, semanticand low-level
feature-basedRF areseamlesslyintegrated.Experimentson
real-world imagecollectionsdemonstrateits accuracy and
effectiveness.

In mostof theRF-basedsystems,thesimilarity measure-
mentis “x edwhile theimportanceor weightof eachdescrip-
tor is estimatedthroughtheRFfrom users.In contrastto this
conventionalapproach,theDoulamis•have proposeda gen-
eralizednonlinearRFalgorithmfor imageretrieval [110]. In
this approach,insteadof adjustingthedegreeof importance
of eachdescriptor, thesimilarity measureitself is estimated
throughanonlinelearningmechanism.Themethodis based
on a recursive optimal estimationof a nonlinearparamet-
ric relationof known functionalcomponents.However, due
to the problemof optimizationitself, the computationcan
be expensive and the algorithm may be trappedinto local
minima.

3.4. Semantictemplate

•ST•, thoughnot yet widely usedastheabove mentioned
techniques,is a promising approachin semantic-based
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image retrieval. ST is a map betweenhigh-level concept
and low-level visual features.ST is usually de“ned as the
•representative• featureof a conceptcalculatedfrom a col-
lection of sample images[29,70]. In somesystems,icons
or sample imagesareprovided aswell for the convenience
of userquery[111].

In Ref. [111], Changet al. introducedthe idea ofseman-
tic visual template(SVT) to link low-level imagefeatureto
high-level conceptsfor video retrieval. A visual templateis
a setof iconsor examplescenes/objectsdenotinga person-
alizedview of conceptssuchasmeetings,sunsets.Thefea-
ture vectorsof theseexamplescenes/objectsare extracted
for queryprocess.To generateSVTs, the user“rst de“nes
the templatefor a speci“c conceptby specifying the ob-
jectsandtheir spatialandtemporalconstraints,theweights
assignedto eachfeatureof eachobject.This initial query
scenariois provided to the system.Throughthe interaction
with users,thesystem“nally convergesto a smallsetof ex-
emplarqueriesthat •best•match(maximizethe recall) the
conceptin theuser•mind.

The generationof SVT in Ref. [111] dependson the in-
teractionwith the userandrequiresthe user•s in-depthun-
derstandingof imagefeatures.This impedesits application
to ordinaryusers.Comparedto this, thesystemin Ref. [70]
generatesST automaticallyin the processof RF, basedon
the understandingthat RF is a processby which the user
embodiesthe query semantics.Firstly, the usersubmitsa
queryimagewith a concept(keyword) representingthe im-
age.After several iterations,the systemreturnssomerele-
vantimagesto theuser. Thefeaturecentroidof theseimages
are calculatedand usedas the representationof the query
concept.ThentheST is de“nedasST = { C, F, W} with C
the query concept,F the centroidfeatureobtained,andW
beingtheweightappliedto featurevectors.WordNet[112]
is usedin this systemto constructa network of ST. During
theretrieval process,oncetheusersubmitsa queryconcept
(keyword), thesystemcan“nd a correspondingST, anduse
the correspondingF andW to “nd similar images.The re-
trieval processis shown in Fig. 8. The useris impercepti-
ble of thetemplategeneration,andcanusethesystemeven
without any knowledgeof featurerepresentation.

Another interestingwork is presentedby Smith and Li
in Ref. [29]. They usethe so-calledCRTs to decodeimage
semantics.The CRTs de“ne the prototypalspatialarrange-
mentsof regionsin theimages.Given asemanticclass,aset
of sample imagesarecollected.Thesystem“rstly segments
eachimage into homogeneouscolor regions and extracts
“v e region stringsby scanningthe imagevertically. Then,
the systemconsolidatesthe region stringsby countingthe
frequenciesof theCRTs in thesetof regionstringsobtained
from all thesampleimages.PoolingtogethertheCRTsfrom
eachsemanticclassformsa CRT library. Semanticdescrip-
tion of unknown imagescanbe generatedby matchingthe
arrangementsof imageregions to the CRTs in the library.
The experimentswith a setof 10 semanticclasses(beach,
building, crab, divers, etc.) demonstratethat this method

Fig. 8. Imageretrieval supportedby WordNet and ST.

improvesretrieval accuracy comparedto traditionalmethods
usingcolor histogramandtexture features.

3.5. Web image retrieval

We classifyWeb imageretrieval as one of the state-of-
the-arttechniquesin high-level imageretrieval ratherthana
speci“c applicationdomain,asit hassometechnicaldiffer-
encefrom imageretrieval in otherapplications.

One advantagein Web imageretrieval is that somead-
ditional information on the Web is available to facilitate
semantic-basedimageretrieval. For example,the URL of
image“le often hasa clearhierarchicalstructureincluding
someinformationaboutthe imagesuchasimagecategory.
In addition,theHTML documentalsocontainssomeuseful
informationin imagetitle, ALT-tag,thedescriptive text sur-
roundingthe image,hyperlinks,etc. However, suchinfor-
mationcanonly annotateimagesto acertainextend[63,72].

Existing Web imagesearchingsuchas GoogleandAl-
taVista search images based on textual evidences only
[63,64]. Though theseapproachescan “nd many relevant
images,the retrieval precisionis poor as they cannotcon-
“rm whetherthe retrieved imagesreally containthe query
concepts.Theresultis thatusershave to go throughtheen-
tire list to “nd thedesiredimages.This is a time-consuming
processas the returned results always contain multiple
topics which are mixed together. To improve Web image
retrieval performance,researchersaremakingeffort to fuse
the evidencesfrom textual information and visual image
contents.

In Ref. [72], a bootstrappingco-training framework is
usedto automaticallyannotateWeb imageswith a givenset
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Fig. 9. Summaryof the currenttechniquesin reducingthe •semanticgap•.

of conceptsfor retrieval purpose.The systemexploits the
evidencesfrom both the HTML text andvisual featuresof
imagesand developstwo independentclassi“ersbasedon
text andvisualimagefeatures,respectively. Theexperimen-
tal resultsusing a pre-de“nedset of 15 conceptsdemon-
stratethe substantialperformanceof the system.However,
dueto the inaccuracy in textural informationextraction,the
performancefor certainconceptsis not satis“ed.

MSRA (MicrosoftResearchAsia) is developingapromis-
ing systemfor Web image retrieval [63,64]. The purpose
is to clusterthe searchresultsof conventionalWeb image
searchengines,so that userscan “nd the desiredimages
quickly. Firstly, a intelligent vision-basedsegmentational-
gorithm is designedto segment a web-pageinto blocks.
Fromtheblockcontainingtheimage,thetextualandlink in-
formationof an imagecanbeaccuratelyextracted.Thenan
imagegraphis constructedby usingblock-level link analy-
sis techniques.Hencefor eachimage,threetypesof repre-
sentationsareobtained,visual feature-basedrepresentation,
textual feature-based representation and graph-based
representation.Initial experimental results show that by
combiningtextualandgraph-basedrepresentationfor image
clustering,the systemcan reveal the semanticstructureof
theWeb images.Thesearchresultsareclusteredinto differ-
ent semanticcategories.For eachcategory, several images
wereselectedasrepresentative images,so that theusercan
quickly understandthe main topics of the searchresults.

The imagesin eachcategory arethenreorganizedbasedon
their visualfeaturesto make theclustermorevisually desir-
ableto users.A thoroughexperimentalevaluationneedsto
becarriedout to investigatetherobustnessof thetechnique.

3.6. Summary

We have identi“ed “v e major categoriesof currenttech-
niquesusedin reducingthe •semanticgap•assummarized
in Fig. 9. Ontology-basedalgorithms are easy to design
and are suitableto applicationswith simple semanticfea-
tures.However, in mostcases,machinelearningtechniques
are requiredto learn more complex semantics.Due to its
simplicity in implementationandtheintuitivemappingfrom
low-level featuresto high-level conceptsusing decision
rules,decisiontree is a promisingtool for imageretrieval
if the learningproblemcanbe well modelled.RF hasbeen
proved to be effective in boostingimageretrieval accuracy.
Theproblemis thatmostcurrentsystemsrequiresabout“v e
or evenmoreiterationsbeforeit convergesto astableperfor-
mancelevel, but usersareusuallyimpatientandmaygiveup
after two or threetries [16,35,69,109]. UsingST to support
imageretrieval seemsto beapracticalandpromisingway to
reducethe •semanticgap•.Web imageretrieval is an active
researcharea,andwe look forwardto a practicalproductto
bedeliveredin thenearfuture.Many systemscombineone
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or more of thesetechniquesto implementsemantic-based
image retrieval. For example,RF is often combinedwith
object-ontology, andmachinelearning[27,31,70], Web im-
age retrieval systemsusually employ one or more of the
other four types of techniques[63,72] to derive semantic
features.

Besidesthe major techniquesdiscussedabove, thereare
someother interestingworks. For example, in Ref. [34],
basedon statisticalparametersderived from sometesting
data,the databaseimagesare classi“ed into semanticcat-
egories,suchas texture andnon-texture, graphandphoto-
graph.In Ref. [113], an imageis spectrallyseparatedinto
differentlayers,eachretainingonly pixelsin areaswith sim-
ilar •busyness•.In this way, it associatescolor featureswith
perceptualmeanings.For example,a ”at areais very possi-
bleto beassociatedwith backgroundsor interiorof anobject
anda busyareamaybeassociatedwith texturedsurfacesor
objectboundaries.The algorithmin Ref. [114] attemptsto
relatehumanperceptionto low-level imagefeaturesby rec-
ognizing the centralobjectof an imageas the region with
signi“cant color distribution. This is basedon the assump-
tion thatpeopletendto locatethemostinterestingobjectat
thecenterof the framewhenthey take apicture.

4. Image databaseand performanceevaluation

Thereareso far no standardtestdataandPE model for
CBIR systems.

4.1. Image databases

In the surveyed papers,morethanhalf of systemsusea
subsetof Corel imagedataset[115] to testretrieval perfor-
mance,othersuseeitherself-collectedimagesor other im-
agesetssuchasLA resourcepictures[116], Kodakdatabase
of consumerimages[77]. Brodatztextures[45] arewidely
usedin perceptualtexturefeaturestudies[30,44,67]. Images
collectedfrom Internetserve as anotherdatasourceespe-
cially for systemstargetingat Web imageretrieval [24,63].

Many researcherstend to usenaturalsceneryimagesas
testbedfor semanticextractionassuchimagesareeasierto
analysethanotherimages.Thereasonsaretow-fold. Firstly,
the typesof objectsare limited. Main sceneryobject types
includesky, tree,building,mountain,grass,water, andsnow,
etc. Secondly, comparedwith other featuresof image re-
gions,shapefeaturesarelessimportantin analysingscenery
imagesthanin otherimages.Thuswe canavoid our weak-
nessin extractinghigh-level semanticsfrom shapefeatures
dueto segmentationinaccuracy [50].

Corel imagedatabasecontainsa large amountof images
of variouscontentsrangingfrom animalsandoutdoorsports
to naturalsceneries.Theseimagesarepre-classi“edinto dif-
ferentcategoriesof size100by domainprofessionals.Some
researchersthink that Corel imagedatasetmeetsall the re-
quirementsto evaluateanimageretrieval system,becauseof

its large size,heterogeneouscontentandhumanannotated
ground truth available [101]. But someother researchers
consider Corel image databasenot suitable for CBIR
performanceevaluationbecausetheassociatedgroundtruth
(category labels) are often too high-level to be useful in
performanceanalysis[117,118]. Although it is still con-
troversial aboutCorel imagesdatasetis suitablefor CBIR
performanceevaluationor not, it is so far the mostwidely
used.

In our opinion,Corel imagedatabaseis goodin its large
sizeandvariouscontentsavailable.However, to beusedfor
CBIR performanceevaluation,somepre-processingwork is
necessaryfor the following two reasons:(1) someimages
with similarcontentaredividedinto differentcategories.For
examples,the imagesin •Ballon1•and •Ballon2•are actu-
ally in the samecategory, samefor category •Cuisine•and
•Cuisines•;(2) some•category labels•arevery abstractand
theimageswithin thesamecategorycanbelargelyvariedin
content.For instance,the category •Australia•includespic-
turesof city building, crowds in street,Australianwild an-
imals,etc.Fig. 10 gives a few examples.It is very dif“cult
to measureimagesimilaritieswithin suchgroups.

Hence,it is appropriateto selecta subsetof theseimages
asgroundtruth, or to make somenecessarychangesin set-
ting grouptruth data.

Considering the above mentioned problems in Corel
imagedatabase,in Ref. [119], a new referencedataset is
presentedfor evaluating image retrieval algorithms.The
authorshave collecteda large data set of humanevalua-
tions of retrieval results,both for queryby imageexample
andqueryby text. The datadomainis 16,000imagesfrom
the Corel dataset. Totally 20,000query-resultpairs were
evaluatedfor queryby exampleimage,and5000pairs for
query by text. The data is claimed to be independentof
any particularimageretrieval algorithmandcanbeusedto
comparemany algorithmswithout further datacollection.
The data and calibration software areavailable online at
http://kobus.ca/research/data.

For video retrieval, standardtest data is available from
TREC video retrieval evaluation (TRECVID). The TREC
conferenceseriesis sponsoredmainly by NationalInstitute
of StandardsandTechnology(NIST) to encourageresearch
in information retrieval by providing large test collection,
uniform scoringproceduresand a forum for organizations
interestedin comparingtheir results.In 2001 and 2002,a
video•track•is sponsoredfor researchin automaticsegmen-
tation,indexing andcontent-basedretrieval of digital video.
From 2003, this track becamean independentevaluation
workshoptwo daysbeforeTRECconference.

4.2. Vocabulary

To “nd an •ideal• vocabulary representingthe rich
semanticsof imagesis not aneasytask.In Ref. [120], psy-
chophysicalexperimentsareconductedto gain insight into
the semanticcategoriesthat guidethe humanperceptionof
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Fig. 10. Examplecorel imagesfrom category •Australia•.

imagesimilarity. By analysingtheperceptualdata,themost
important 20 semanticcategories (for example, portraits,
crowds, cityscapes)in the perceptionof image similarity
were established.Then 40 low-level featureswere discov-
ered that best describeeachcategory, such as numberof
regions,color composition,numberof edges,andthe pres-
enceof centralobject.In Ref. [121], theauthorsestablisha
so-called•lexical basisfunctions•which contains98 words
to representimages.In Ref. [112], a •WordNet• on-line
lexical referencesystemis described.•WordNet•organizes
English words into synonym sets,each representingone
underlying lexical concepts.It is a •dictionary•basedon
psycholinguisticprinciples so that searchingcan be done
conceptuallyinsteadof alphabetically.

The primary criterion in choosinga set of categoriesis
to ensurethat they aresuf“ciently well-de“ned in termsof
theimagedescriptorsandyet generalenoughto give mean-
ingful semanticassociations[28]. The vocabulary usedin
a systemdependsmainly on the imagedataset used.For
natural sceneryimages,usually the imagesare classi“ed
into about10…20categoriesincludingwater, sky, tree,sand,
grass,mountain,snow, etc. For example, in Ref. [28], 11
categories are chosen:brick, cloud, fur, grass,ice, road,
rock, sand,skin, tree,andwater. In Ref. [116], 10 semantic
categoriesarede“ned: beach,building, Disneyland,desert,
mountain,freeway, downtown, park,people,andunknown.
In Ref. [50], the authorsdiscussthe identi“cation of six
high-level sceneryfeatures:sky, building, tree,waterwave,
placidwater, andground.

However, for real-world image databaseretrieval, such
small vocabulary is far from enough.It is believed thathu-
manscan recognizeabout5000…30,000object categories.
Category learningwith suchlarge vocabulary is very dif“-
cult andmuchwork still remainsto bedonein this area.In
Ref. [98], an incrementalBayesianalgorithmis developed
to recognize101objectcategories.To ourknowledge,this is
so far the largestvocabulary setusedin objectrecognition.

4.3. Performanceevaluation

Usually precisionandrecall areusedin CBIR systemto
measureretrieval performance.Precision(Pr) is de“ned as

theratio of thenumberof relevant imagesretrieved (Nr ) to
thenumberof totalretrieved imagesK. Recall(Re)isde“ned
asthenumberof retrieved relevant imagesNr over thetotal
numberof relevant imagesavailablein thedatabaseNt

Re= Nr /N t , Pr= Nr /K . (5)

It is •ideal•to haveboth highPrandRe.Therefore,instead
of usingPr or Re individually, usuallya joint Pr(Re)curve
is usedto characterizethe performanceof imageretrieval
system[101].

As recall is often low in color image retrieval system,
Pr(Re)curve is lessmeaningfulthan it is in text-basedre-
trieval systems.Many researchersare adoptingprecision-
scopecurve to evaluateimageretrieval performance[122].
Scope(Sc) speci“es the numberof imagesreturnedto the
user, that is K in Eq. (5). For a particularscopeSc, Pr(Sc)
canbecomputedas

Pr(Sc) = Nr /Sc. (6)

Anotherperformancemeasureusedis therank(Ra) mea-
sure[122…124]. Therankmeasureis de“nedastheaverage
rank of the retrieved images.It is clearthat the smallerthe
rank, thebettertheperformance.

While Pr(Sc) only caresif a relevant imageis retrieved
or not, Ra(Sc) also caresthe rank of the retrieved image.
Supposetherearetwo retrieval systems,•system1•and•sys-
tem2•.If Pr1(Sc) > Pr2(Sc) andRa1(Sc) < R a2(Sc), then
de“nitely •system1•is better than •system2•.However, if
Pr1(Sc) > Pr2(Sc) andRa1(Sc) > R a2(Sc), we cannottell
which systemis better.

5. Research issues

Most of thecurrentimageretrieval systemsfocuson im-
proving theaccuracy of retrieval.Fromsystempointof view,
therearesomeotherissuesto be furtherstudied.

5.1. Querylanguage design

Query mechanismsplay an important role in bridging
the •semanticgap•.A specializedquery languagedesigned
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for CBIR could provide a meansof addressingmany of
theproblemsassociatedwith conventionalqueryparadigms
suchas query-by-exampleand query-by-sketch. However,
therehaslittle recentwork addressingthis issue[125].

In Ref. [125], the authorsargue that •query languages
constitutean importantavenuefor further work in devel-
oping CBIR query mechanisms.ŽThey designa retrieval
language„the OQUEL query language.The retrieval pro-
cesstakesplaceentirelywithin theontologydomainandis
de“ned by the syntaxandsemanticsof the query. The for-
matof text queriesis highly ”exible asthesystemdoesnot
reply on the pre-annotationof images.The vocabulary has
400 wordsrelatingto the semanticdescriptors(assignedto
segmentedregions on the basisof low-level features)in-
cluding synonyms obtainedby WordNet [112]. Query ex-
ample,•somegreencoloredvegetationin the centerwhich
is of similar sizeasblue sky at the top.ŽThe OQUEL lan-
guagesupportsquerieswith eithersimplekeyword phrases
or complex compound.

In Ref. [51], a natural query languageis designedfor
querying image databases.The vocabulary of the query
languageis basedon the conceptof •semanticindicators•
(elementarysemanticcategories,suchassky, ”o wer),while
the syntaxcapturesthe basicpatternsin humanperception
of semanticcategories(suchas•crowds•,•outdoorscenes•)
[51]. The languageis claimedto be simpleyet expressive.
It is simple asthewordsof the languagearealmostlimited
to the namesof the semanticindicatorswhich are often
describedwith a singleword (e.g.,snow, mountain).These
wordscanbe usedto constructsentenceexpressingan as-
sertionaboutthe image.For instance,•the numberof skin
regions is greaterthan5Ž.During retrieval process,all the
databaseimagesaretestedagainstthequeryandonly those
satisfyingtheassertionareselected.

In Ref. [126], theauthorsusesub-imageto representthe
semanticcontentof thequeryin a SearchandRetrieveWeb
(SRW) servicefor searching databasescontainingmetadata
andobjects.Thesemanticcontentis capturedusingthemul-
tiscalecolor coherentvectorand the texture featurescom-
puted from wavelet decomposition.The user can use the
sub-imagequery to express•“nd a picture with personor
object like this•, •“nd a paintingwith this classof cracks•,
etc.

Comparedwith the other methodsin reducingthe •se-
manticgap•,querylanguageis relatively ill-understoodand
deservesgreaterattention[125].

5.2. High-dimensionalindexingof image features

As the size of imagedatabaseis increasingrapidly, re-
trieval speedwill be animportant factor to be concerned.
Hence off-line multi-dimensionalimage data indexing is
more and more necessary. Among the surveyed papers,
only a few include multi-dimensionalfeatureindexing as
an integratedpart of their CBIR systems.For example,in

Ref. [127], a k-meansclusteringalgorithm[128] is usedto
cluster regions accordingto their features.In Ref. [129],
R-tree [130] is usedto index MBR (maximum bounding
box) of regions.

As thedimensionalityof imagefeaturesareusuallyhigh
(up to tens or hundreds),traditional indexing algorithms
suchask-d-b tree[131], quad-tree[132], andR-tree[130]
arenot suitablefor imagefeaturespaceindexing, dueto the
well-known •curseof dimensionality•problem[133]. That
is, the performanceof theseindexing algorithmsdegrades
as the dimensionalityof featurespaceincreases.It is re-
portedthatwhenthedimensionalityis above 10, theperfor-
manceis no betterthana simplesequentialscan[134]. To
relieve this problem,high-dimensionalindexing algorithms
such as X-tree [135], VA-“le [134], and i-Distance[136]
have beenintroduced.However, suchalgorithmsfocusonly
on how to index but not what to index. That is, they arede-
signedwithout consideringthespeci“c propertiesof image
features.

Some effort has been made in designingindexing al-
gorithms speci“cally for image database.For example,
in Ref. [137], a prototype image databasesystem is
implemented„the FIDS (Flexible ImageDatabaseSystem)
system.In this system,the bare-bonestriangle inequality
algorithmis usedto index imagedataandto sharplyreduce
the numberof imagesneededto be directly comparedto a
queryimagefor a givendistancemeasure.FIDS systemal-
lows usergreat”exibility in run-timeto “nd similar images
usingcomplex combinationsof many pre-de“neddistance
measures. InRef. [138], a RBIR systemusing index is
designed.In this system,the regions in the databaseim-
agesare indexed usingan algorithmnamedAWS

0 to speed
up the evaluationof k-nearestneighborqueries.This algo-
rithm computesthe optimal matchingbetweenregions in
the query imageandregions in a databaseimage,so as to
maximizetheoverall similarity scorebetweenimages.

Further work is still to be done in ef“cient high-
dimensionalimage featureindexing for real-world image
databaseretrieval.

5.3. Standard DBMSextendedfor image retrieval

In many imageretrieval systemssuchasPhotobook[5],
the dataandfeaturesaretypically storedin “les addressed
by names.Whentrying to scaleup to a largedatabaseanda
largenumberof users,thisapproachis likely to run into data
integrity and performanceproblems.It is clear that when
large image databasecome into view, the connectionbe-
tweenCBIR anddatabasemanagementsystem(DBMS) is
inevitable.

QBIC [4] andVirage[6] systemshave takenonestepbe-
yond the read-onlydatabaseandextendedstandardDBMS
for imageretrieval. In Ref. [139], a relationaldatabasesys-
tem POSTGRESis usedfor storing and managingdigital
imagesandtheir associatedtextual data.
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Making imageretrieval as a plug-in modulein an exist-
ing DBMS not only solves the imagedataintegrity prob-
lem andallows dynamicupdates,but alsoprovidesnatural
integration with featuresderived from other sources[15].
A truly integrated CBIR systemwould require the inte-
gration of content-basedsimilarity, interactionwith users,
visualizationof imagedatabase,databasemanagementfor
retrieval relevant images,etc. [15].

5.4. Standard image testbedand performanceevaluation
model

Though many researcherschooseto use Corel images
as testdatato evaluatetheir CBIR systems,thereis so far
no standardtestbed anddifferentsubsetsof Corel images
are usedin different systemsfor performanceevaluation.
In addition, though precision and recall are often used
to measureretrieval performance,the queriesperformed
by different researchersare usually different. Hence, it
is hard to comparethe performanceof different CBIR
systems.

In Ref. [118], using samesubsetof Corel imagesand
thesamesetof performancemeasures,theauthorsevaluate
theretrieval performanceof sameCBIR systemin different
ways,by submittingdifferentquery imagesandby setting
differentgroundtruth data.The resultsshow that it is very
easyto get different retrieval performance,even with the
sameimagecollection,thesameCBIR systemandthesame
performancemeasures.It demonstratedthat it is impossible
to objectively comparetheperformancesof differentCBIR
systemsunlessit is clearlystatedwhichimageswereusedas
testdata,whichwereusedasqueries,andwhichparameters
have beenusedto measureperformance.

Hence,a standardimagedatabasewith a query set and
correspondingperformancemeasuremodelis highly in need
for objective performanceevaluationof CBIR systems.

6. Conclusions

Researchin content-basedimageretrieval (CBIR) in the
pasthasbeenfocusedon imageprocessing,low-level fea-
tureextraction,etc.Extensive experimentsonCBIR systems
demonstratethatlow-level imagefeaturescannotalwaysde-
scribehigh-level semanticconceptsin theusers•mind. It is
believed that CBIR systemsshouldprovide maximumsup-
port in bridgingthe•semanticgap•betweenlow-level visual
featuresandthe richnessof humansemantics.

This paperprovides a comprehensive survey of recent
work towards narrowing down the •semanticgap•. We
have identi“ed “v e major categories of state-of-the-art
techniques:(1) using object ontology to de“ne high-level
concepts;(2) using supervisedor unsupervisedmachine
learning methods to associatelow-level features with
query concepts;(3) introducing relevance feedbackinto
retrieval loop for continuouslearning of users•intention;

(4) generatingsemantictemplateto supporthigh-level im-
ageretrieval; (5) makinguseof the textual informationon
the Web and the visual contentof imagesfor WWW im-
ageretrieval. We observe that thoughsigni“cant amountof
work hasbeendonein this area,thereis so far no generic
approachfor high-level semantic-basedimageretrieval. In
addition,currentsystemsfocuson retrieval at Level 2, and
thereis yet no goodsolutionfor Level 3 retrieval.

Focusingon the differencesbetweenCBIR with high-
level semanticsandtraditionalsystemswith low-level fea-
tures,this paperalso provides useful insights intohow to
obtainsalientlow-level featuresto facilitate•semanticgap•
reduction.In addition,currenttechniquesin imagesimilarity
measurearedescribed.As conventionalMinkowski metric-
basedsimilarity measurecannoteffectively model human
perception,perceptualimage similarity measureis to be
further studied.Testdatasetandperformanceevaluationof
CBIR systemsarealsodiscussed.We believe thatestablish-
ing a standardtestsetandevaluationmodelis necessaryfor
objective performancecomparison.

Basedon the currenttechnologiesavailable and the de-
mandfrom practicalapplications,afew openissuesareiden-
ti“ed from systempoint of view, including query-language
design,integrationof imageretrieval with databasemanage-
mentsystem,high-dimensionalimagefeatureindexing, etc.

To implementa full-”edged imageretrieval systemwith
high-level semanticsrequiresthe integrationof salientlow-
level featureextraction,effective learningof high-level se-
matics,friendly userinferface,andef“ceint indexing tool.
Mostsystemsunderstandablylimit theircontributionsto one
or two of thesecomponents.A CBIR framework providing
a morebalancedview of all the constituentcomponentsis
in need.
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