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Abstract

In orderto improve the retrieval accurag of content-basedmageretrieval systemsresearchfocus hasbeenshifted from designing
sophisticatedow-level featureextractionalgorithmsto reducingthe esemantiaqyapsbetweerthe visual featuresandthe richnessof human
semantics.This paperattemptsto provide a comprehensie suney of the recenttechnicalachiezementsin high-level semantic-based
imageretrieval. Major recentpublicationsare includedin this suney covering different aspectsof the researchin this area,including
low-level imagefeatureextraction, similarity measurementnd deriving high-level semanticfeaturesWe identify “v e major cateyories
of the state-of-the-artechniquesn narraving dowvn the esemanticgape: (1) usingobjectontologyto de“ne high-level concepts|2) using
machinelearningmethodsto associatdow-level featureswith query conceptsy3) usingrelevancefeedbackto learnuserssntention; (4)
generatingsemantictemplateto supporthigh-level imageretrieval; (5) fusing the evidencesfrom HTML text and the visual contentof
imagesfor WWW image retrieval. In addition, someother relatedissuessuch as imagetestbed andretrieval performanceevaluation
are also discussedFinally, basedon existing technologyand the demandfrom real-world applications,a few promisingfuture research
directionsare suggested.
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1. Intr oduction (DBMS) to performimageretrieval. Thereare two disad-

vantagewith this approachThe“rst is thata considerable

With the developmentof the Internet,andthe availability level of humanlabouris requiredfor manualannotationThe

of imagecapturingdevices suchasdigital camerasjmage
scannersthe size of digital imagecollectionis increasing
rapidly. Ef“cient image searching,browvsing and retrieval

tools are requiredby usersfrom various domains,includ-
ing remotesensing fashion,crime prevention, publishing,
medicine,architecturegetc. For this purposemary general-
purposémageretrieval systemsave been deeloped.There
are two frameworks: text-basedand content-basedThe
text-basedapproachcanbe tracked backto 1970s.In such
systemstheimagesaremanuallyannotatedy text descrip-
tors,which arethenusedby a databasenanagemergystem
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secondis the annotationinaccurag dueto the subjectvity
of humanperceptiorf1,2]. To overcometheabove disadwan-
tagesn text-basedetrieval systemgcontent-basednagere-
trieval (CBIR) was introducedin the early 1980s.In CBIR,
imagesare indexed by their visual content,suchas color,
texture,shapesA pioneeringwork was publishedoy Chang
in 1984,in whichtheauthompresentedpictureindexing and
abstractiorapproacHor pictorial databaseetrieval [3]. The
pictorial databaseonsistsof pictureobjectsandpicturere-
lations.To constructpictureindexes,abstractioroperations
areformulatedto performpictureobjectclusteringandclas-
si“cation. In the pastdecadea few commercialproducts
and experimentalprototypesystemshave been deeloped,
suchas QBIC [4], Photobook[5], Virage[6], VisualSEEK
[7], Netra[8], SIMPLIcity [9]. Comprehensie suneys in
CBIR canbefoundin Refs.[10,11]
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1.1. Thesemanticgap

The fundamentaldifferencebetweencontent-basednd
text-basedretrieval systemss thatthe humaninteractionis
an indispensablgart of the latter system.Humanstendto
use high-level features(concepts)suchas keywords, text
descriptorsto interpretimagesandmeasureheir similarity.
While the featuresautomaticallyextractedusing computer
vision techniquesare mostly low-level features(color, tex-
ture, shape spatiallayout, etc.). In generalthereis no di-
rectlink betweenthe high-level conceptsandthe low-level
featureq2].

Though mary sophisticatedalgorithms have been de-
signedto describecolor, shapeand texture featuresthese
algorithmscannotadequatelymodel image semanticsand
have mary limitations whendealingwith broadcontentim-
agedatabasefl2]. Extensve experimentson CBIR systems
shaw thatlow-level contentsoftenfail to describethe high-
level semanticconceptdn users mind [13]. Therefore the
performanceof CBIR is still far from users 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 pictureslik e thise.

Level 2: Retrieval of objectsof given type identi“ed by
derived featureswith somedegreeof logical inference For
example,*“nd a pictureof a” owers.

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

Levels2 and3 togetherarereferredto assemantidmage
retrieval, andthegapbetweer_evels1 and2 asthesemantic
gap[1].

More speci“cally, the discrepang betweenthe limited
descriptve power of low-level imagefeaturesandtherich-
nessof usersemanticsis referredto asthe ssemanticgape
[14,15]

Usersin Level 1 retrieval are usuallyrequiredto submit
an exampleimageor sketch asquery But whatif the user
doesnot have an exampleimageat hand?Semantidmage
retrieval is more convenientfor usersasit supportsquery
by keywordsor by texture.

Therefore,to supportquery by high-level concepts,a
CBIR systemsshould provide full supportin bridging the
esemanticgape betweennumericalimage featuresand the
richnessof humansemanticg§13,15].

1.2. High-level semantic-baseinage retrieval
How do we relatelow-level imagefeaturesto high-level

semanticsDur suney shaws that the state-of-the-artech-
niguesin reducingthe ssemanticgapeinclude mainly “v e

catgyories: (1) using object ontology to de“ne high-level

concepts(2) usingmachingearningtoolsto associatdéow-
level featureswith queryconcepts(3) introducingrelevance
feedbackRF) into retrieval loop for continuoudearningof
userseintention, (4) generatingsemantictemplate(ST) to
supporthigh-level imageretrieval, (5) making use of both
thevisual contentof imagesandthetextual informationob-
tainedfrom the Web for WWW (the Web) imageretrieval.

Retrieval at Level 3 is dif“cult andlesscommon.Possi-
ble Level 3 retrieval canbe foundin domainspeci“c areas
suchasart museumsor newspapetibrary. Currentsystems
mostly performretrieval at Level 2. Therearethreefunda-
mentalcomponentsn thesesystems:(1) low-level image
featureextraction,(2) similarity measure(3) ssemantigape
reduction.

Excellentsurney on low-level image feature extraction
in CBIR systemcan be found in Ref. [11]. In this paper
we focus on CBIR with high-level semanticsThe rest of
the paperis organizedasfollows. In Section2, we brie’y
review variouslow-level imagefeaturesusedin high-level
semantic-base@BIR systemslimagesimilarity measurds
alsodiscussedn Section2. Section3 focuseson different
methodsin narraving dowvn the essemanticgape.In Section
4, testimage datasetand performancesvaluation (PE) are
discussedSection5 includesafew otherissuegelatedwith
CBIR systemswhich are suggesteds promisingresearch
directions.Finally, Section6 concludeghis paper

2. Low-level image features

Low-level imagefeatureextractionis the basisof CBIR
systemsTo performanceCBIR, imagefeaturesanbeeither
extractedfrom the entire imageor from regions.As it has
beenfoundthatusersareusuallymoreinterestedn speci“c
regions rather than the entire image, most current CBIR
systemsare region-basedGlobal featurebasedretrieval is
comparatiely simpler Representation ofmagesat region
level isproved to be morecloseto humanperceptiorsystem
[16]. In this paperwe focuson region-basedmageretrieval
(RBIR).

To perform RBIR, the “rst stepis to implementimage
segmentationThen low-level featuresuchascolor, texture,
shapeor spatialocationcanbeextractedrom theseggmented
regions.Similarity betweentwo imagesis de“ned basedon
region featuresThis sectionincludesa brief descriptionof
thesethreepartsfocusingon whatareusedin RBIR system
with high-level semantics.

2.1. Image sggmentation

Automaticimagesegmentatioris adif“cult task A variety
of techniquesave beenproposedn the past,suchascurve
evolution[17], enegy diffusion[18], andgraphpartitioning
[19]. Many existing segmentationtechniquesvork well for
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Fig. 1. JSEGsegmentationresults.

imagesthat containonly homogeneousolor regions, such
asdirectclusteringmethodsn color spacg20]. Theseapply
to retrieval systemsaworking only with colors[21,22]

However, naturalscenesarerich in both color and tex-
ture,anda wide rangeof naturalimagescanbe considered
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 asegmentatiormethod.Many texture sggmentatioralgo-
rithms require the estimationof texture model parameters
whichis averydif‘cult task[23]. «JSEGsegmentatior23]
overcomestheseproblems.Insteadof trying to estimatea
speci“c modelfor textureregion, it testsfor thehomogene-
ity of a given colortexture pattern.«JSEGeconsistsof two
stepslin the‘“rst step,imagecolorsarequantizedo several
classesReplacingthe imagepixels by their corresponding
color classlabels,we canobtaina class-mapof the image.
Spatial sggmentationis then performedon this class-map
which can be viewed as a specialtype of texture compo-
sition. The algorithm produceshomogeneousolor-texture
regionsandis usedin mary systemg16,24,25] Fig. 1 gives
two examples.

Blobworld seggmentatior[26] is anothemwidely usedseg-
mentationalgorithm [24,27] It is obtainedby clustering
pixelsin ajoint colortexture-positionfeaturespaceFirstly,
thejoint distribution of color, texture,and positionfeatures
is modelledwith a mixture of GaussiansThenexpectation
maximization(EM) algorithmis usedto estimateheparam-
etersof the model. The resulting pixel-clustermembership
providesa segmentationof theimage.The resultedregions
correspondoughly to objects.

Somesystemslesigntheir own segmentationsn orderto
obtainthe desiredregion featuresduring segmentationpeit
color, texture, or both[9,28...31]Thesealgorithmsare usu-
ally basedon k-meansclusteringof pixel/block featuresin
Ref. [9], “rstly, an imageis segmentednto small blocksof
size4 4 from which colorandtexturefeatureareextracted.
Thenk-mean<lusteringis appliedto clusterthefeaturevec-
torsinto severalclassesvith eachclasscorrespondingo one
region. Blocksin sameclassareclassi“edinto sameregion.
A so-calledKMCC (k-meanswith connectity constraint)
is proposedin Ref.[31] to segmentobjectsfrom images.

It is extendedrom thek-meansalgorithm.In thisalgorithm,
the spatialproximity of eachregionis takeninto accountoy
de“ning anew centerfor thek-meansalgorithmandby inte-
gratingthe k-meanswith a componentabelling procedure.

The use of segmentationalgorithm dependson the re-
guirementf the systemandthe datasetused.lt is hardto
judgewhich algorithmis the best.For example,JSEGpro-
videscolortexture homogeneousegions,while KMCC in-
tendsto obtainobjectswhich areusuallynot homogeneous.
Comparedwith JSEG,KMCC is computationallymorein-
tensve. JSEGandBlobworld sggmentationseemto bethe
mostwidely usedsofar.

2.2. Low-level image featues

Many sophisticatedfeature extraction algorithms have
beendesignedandgood surweys are available.Herewe fo-
cuson the featuresusedin RBIR systemswith high-level
semantics.

2.2.1. Color featue

Color featureis one of the most widely usedfeatures
in imageretrieval. Colors are de“ned on a selectedcolor
spaceVariety of color spacesreavailable,they oftensene
for different applications.Description of different color
spacescan be found in Ref. [32]. Color spacesshovn to
be closerto humanperceptionand usedwidely in RBIR
include, RGB, LAB, LUV, HSV (HSL), YCrCb and the
hue-min-max-diference(HMMD) [21,25,27,31,33]Com-
mon color featuresor descriptorsn RBIR systemsdnclude,
color-covariancematrix, color histogram,color moments,
andcolor coherencevector[16,28,34...36MPEG-7hasin-
cludeddominantcolor, color structure,scalablecolor, and
color layoutascolor featureqd37]. In Ref.[38], the authors
areinterestedn objectstaken from differentpoint of view
andillumination. As the result,a setof viewpoint invariant
color featureshave beencomputed.The color invariants
are constructedn the basisof hue, hue-huepair andthree
color featurescomputedirom re”ection model.

Most of thosecolor featuresthoughef‘cient in describ-
ing colors, are not directly relatedto high-level seman-
tics. For corvenientmappingof 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 pixelsin aregion asits color feature[22,31,39] Al-
though most segmentationtendsto provide homogeneous
color regions,dueto the inaccurag of segmentationaver-
agecolor could be visually differentfrom that of the origi-
nal region. In Ref. [25], a dominantcolor in HSV spaceis
de“ned asthe perceptuakolor of aregion. To obtaindom-
inant color, the authors‘rst calculatethe HSV spacecolor
histogram(10 4 4 bins) of a region and selectthe bin
with maximumsize.Thenthe averageHSV value ofall the
pixelsin the selectedin is de“ned asthedominantcolor. It
is obsenedthatin mostcasesaveragecolor anddominant
color are very similar, as in Fig. 2(1). However, in some
casesthey canbevisually very differentasin Fig. 2(2).

The selectionof color featuresdependson the sggmen-
tation results. For instance,if the segmentationprovides
objectswhich do not have homogeneousolor, obviously
averagecolor is notagoodchoice.lt is statedthatfor more
speci“c applicationssuchashumanfacedatabasedomain-
knowledgecanbe exploredto assigna weightto eachpixel
in computingthe region colors[22].

It shouldbe notedthat in mostof the CBIR works, the
color imagesare not pre-processedSince color images
are often corruptedwith noisedueto capturingdevices or
sensorsjt will improve retrieval accurag signi“cantly if
effective “Iter is appliedto remove the color noise. The
pre-processan be essentialespeciallywhen the retrieval
resultsareusedfor humaninterpretationA numberof such
color “Iters areavailablefor this purpose32,40,41]

2.2.2. Texture feature

Textureis notsowell-de“nedascolor featuressomesys-
temsdo not usetexture features[2,21,22,31,42]However,
texture providesimportantinformationin imageclassi“ca-
tion asit describeghe contentof mary real-world images
suchasfruit skin, clouds,trees,bricks, andfabric. Hence,
textureis animportantfeaturein de“ning high-level seman-
tics for imageretrieval purpose.

Texture featurescommonlyusedin imageretrieval sys-
temsincludespectralfeaturessuchasfeaturesobtainedus-
ing Gabor*Itering [8] or wavelet transform[9], statistical
featurescharacterizingexture in termsof local statistical
measuressuchasthe six Tamuratexture featureg43], and
wold featuresproposedby Liu et al. [44]. Among the six
Tamurafeatures:coarsenesglirectionality regularity, con-
trast, line-likeness,contrastand roughnessthe “rst three
are more signi“cant [43]. The other three are relatedto
the “rst threeand do not add muchto the effectivenessof

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

Thelimitation of Tamurafeaturess thattherewas nowork
at multiple resolutionsto accountfor scale Wold featureis
alsoaffectedby imagedistortionssuchas scaleand orien-
tation variationsdueto perspectie distortion[30]. Though
working well on Brodatztextures,thesefeaturesare proved
to be lesseffective whenappliedto naturalscenemagere-
trieval astextureregionsin suchimagesarenotsostructured
andhomogeneouf30].

Among the varioustexture features,Gaborfeaturesand
waveletfeaturesarewidely usedfor imageretrieval andhave
beerreportedo well matchtheresultsof humarvisionstudy
[8,9,37] Gabor“Itering and wavelet transformare origi-
nally designedor rectangulaimages.However, regionsin
RBIR systemsareof arbitrary-shapeddow to extracttexture
featuresfrom arbitrary-shapedegions in RBIR systems?
In some systems,texture featuresare obtainedbasedon
thetexturepropertyof pixelsor smallblockscontainedn the
region [8,31]. For example,in Ref. [8], for eachregion, the
meanof thetexturefeaturesf all the4 4 blocksit contains
is usedastheregion feature The problemof suchfeatureis
thatthey cannotsuf‘ciently describehetexture propertyof
theentireregion.An intuitive way to solve this problemis to
extendthearbitrary-shapedegion into arectangulaareaby
paddingsomevaluesoutsidethe boundaryand then apply
block transformsHowever, asregionsin real-world images
are usually not homogeneousexture, suchinitial padding
will introducespuriouscomponentavhich do not describe
the original region and hencedegradethe performanceof
the texture featureobtained.Still anotherpossiblesolution
is to obtainaninnerrectanglgIR) from aregion ontowhich
block transformscanbe performedto generatecoefcients
from which texture featurecan be calculated.This works
well when the region texture is homogeneousind the IR
carriesenoughinformationto describethe regions texture
property However, imageregionsin real-world imagesare
usually not homogeneousin addition, in mary caseswe
canonly obtainan IR covering a small areaof the original
region. Hence,the texture featureobtainedfrom IR cannot
well representhe propertyof theentireregion. To solve this
problem,anef‘cient texturefeatureextractionalgorithmfor
arbitrary-shapedegionsis presentedn Ref. [46]. This al-
gorithm extendsan arbitrary-shapedegion into a rectangle
areaby initial padding.Thena projectiononto corvex sets
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Fig. 3. Arbitrary-shapedregion and paddedesults: (a) original region;
(b) mirroring paddedresult.

(POCS)loopis appliedto “nd a setof coefcients bestde-

scribingtheregion by iterative projectionbetweertheimage
domainandits transformdomain.Finally, texture features
canbe extractedfrom the coefcients obtained Fig. 3 gives

an exampleof initial padding.

TheedgehistogramdescriptoEHD) is foundto be quite
effective for representingnaturalimageq37]. It captureghe
spatialdistribution of edgessomeavhatin the sameidea as
thecolorlayoutdescriptorTo computeheEHD, agivenim-
ageis “rst sub-dvidedinto 4x 4 sub-imagesandlocaledge
histogramdor eachof thesesub-imagess computedEdges
are broadly groupedinto “v e cateyories: vertical, horizon-
tal, 45, 135 andneutral. Thus, eachlocal histogramhas
“v ebinscorrespondingo theabove “v e categjories.Theim-
agepartitionedinto 16 sub-imagesesultsin 80 bins. These
bins are non-uniformly quantizedusing 3 bits/bin, resulting
in a descriptorof size 240 bits. But the EHD can be very
sensitve to objectsor scenedistortions.

Huangand Daihave computedthe gradientvectorfrom
the subbandmagesof a wavelet decompositioras texture
feature[47]. The gradientvectoris a similar approachto
EHD.

2.2.3. Shape

Shapeis a fairly well-de“ned concept.Shapefeaturesof
generabkpplicabilityincludeaspectatio, circularity, Fourier
descriptorsmomentinvariants,consecutie boundaryseg-
ments[48], etc.

Shapefeaturesareimportantimagefeaturesthoughthey
have notbeenwidely usedin RBIR ascolor andtexturefea-
tures.Shapefeatureshave shavn to be usefulin mary do-
main speci“c imagessuchas man-madeobjects.For color
imagesusedin mostpapershowever, it is dif‘cult to apply
shapdeaturexomparedo colorandtexturedueto theinac-
curagy of ssgmentationDespitethedif“culty, shapdeatures
areusedin somesystemsand hasshavn potentialbene“t
for RBIR. For example,in Ref.[31], simpleshapefeatures
suchaseccentricityandorientationareused.The systemin
Ref. [34] usesnormalizedinertia of order1...30 describe
region shape.ln Ref. [28], grossregion shapedescriptors
basedon areaandsecond-ordemomentsareused MPEG-
7 hasincludedthreeshapedescriptordor object-basedm-
ageretrieval, oneis the 3-D shapedescriptorderived from
3-D meshe®f shapesurface,oneis for region-basedshape
derived from Zernik momentsandthe otheris for contour

based shapderived from curvature scalespace(CSS)[37].
Althoughthe CSSdescriptoris invariantto translationscal-
ing androtation, it is sensitve to generaldistortionswhich
can be resultedfrom objectstaken from different point of
view. Mokhtarianand Abbasi have extendedthe CSSde-
scriptorto berobustto af‘ne transformwhich is acommon
way to approximategeneralshapedistortions[49].

2.2.4. Spatiallocation

Besidescolorandtexture,spatiallocationis alsousefulin
region classi“cation.For example sskys andeseacouldhave
similar color andtexture featuresput their spatiallocations
aredifferentwith sky usuallyappearsatthetop of animage,
while seaat the bottom.

Spatiallocationusuallyaresimply de“nedaseupper bot-
tom, tope accordingto the location of the region in anim-
age[50,51] In Ref. [8], region centroidand its minimum
boundingrectangleare usedto provide spatiallocationin-
formation.In Ref.[31], spatialcenterof a region is usedto
representts spatiallocation.

Relative spatialrelationshipis moreimportantthanabso-
lute spatiallocationin derving semantideatures2D-string
[52] andits variantsare the most commonstructureused
to representirectionalrelationshipsbetweenobjectssuch
aseleft/righte, sbelon/aboves. However, suchdirectionalre-
lationshipsaloneare not suf‘cient to representhe seman-
tic contentof imagesignoringthe topologicalrelationships.
To bettersupportsemantic-baseanageretrieval, a spatial
context modellingalgorithmis presentedn Ref.[53] which
considerssix spatialrelationshipdetweerregion pairs:left,
right, up, down, touchandfront. An interestingmethodwas
proposedby Smith et al. [29]. The systemusesa compos-
ite region template(CRT) to de“ne the spatialarrangement
of regions and eachsemanticclassis characterizedy the
CRTs obtainedfrom a collectionof sample imagef29].

2.3. Similarity measue

In RBIR systemsimagesimilarity is measurettwo lev-
els.The“rst is region-level. Thatis to measurehe distance
betweentwo regionsbasedon their low-level featuresThe
seconds atimagelevel. Thatis to measurghe overall sim-
ilarity of two imageswhich might containdifferentnumber
of regions.

Most researcheremplgy the Minkowski-type metric to
de“ne region distance.Supposewe have two regions rep-
resentedby two p dimensionalvectors (X1, X2, ..., Xp),

(Y1.Y2,-..,Yp), respectiely. The Minkowski metric is
de‘nedas

p Ur
d(x,Y)= X Syl . 1)

i=1

Particularly whenr = 2, it is the well-knowvn Euclidean
distance(L > distance).Whenr is 1, it is the Manhattan
distance(L 1 distance).
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An often-usedsariantversionis the weightedMink owski
distancdunctionwhichintroducesveightingto identify im-
portantfeatures

P Ur
d(X,Y) = wilx Syil" (2)
i=1
wherew;, i = 1,...,p is the weight appliedto different
features.

Otherdistancesare also usedin imageretrieval, suchas
the Canberradistance,angulardistance,Czekanaski co-
ef‘cient [54], inner product,dice coefcient, cosinecoef-
cientandJaccardcoefcient [55].

The overall similarity of two imagesis more difcult to
measureBasically therearetwo ways.

(1) One-Onematd: This meanseachregionin the query
imageis only allowed to match one region in the tamget
imageandvice versaAs in Ref. [56], eachqueryregion of
thequeryimageis associatedo a singlesbestmatcheegion
in the target image. Then the overall similarity is de“ned
asthe weightedsum of the similarity betweeneachquery
region in the queryimageandits *bestmatchein the target
image,while the weightis relatedto region size.

(2) Many-Manymatd: This meanseachregion in the
queryimageis allowed to matchmore than oneregion in
the target image and vise versa.A widely usedmethodis
the Earth Movere Distance(EMD) [57]. EMD is a general
and "exible metric. It measureshe minimal costrequired
to transformonedistribution into anotherbasedon a tradi-
tional transportatiorproblemfrom linear optimization,for
which ef‘cient algorithmsareavailable.EMD matcheger
ceptualsimilarity well andcanbe appliedto variable-length
representationsf distributions, henceit is suitablefor im-
agesimilarity measuren RBIR system[16,57]

Li et al. proposean integratedregion matching (IRM)
schemewhich allows for matchinga region of oneimage
to several regions of anotherimageandthus decreasethe
impactof inaccuratesggmentatior{34]. In this de“nition, a
matchingbetweerary two regionsis assignedvith a signif-
icancecredit. This formsa signi“cancematrix betweertwo
setsof regions(onesetis of the queryimage,anothersetis
of thetargetimage).The overall similarity of two imagesis
de“nedbasedon the signi“cancematrix in away similar to
EMD.

ThoughMinkowski metricis widely usedin currentsys-
temsto measureegiondistanceijntensive experimentshov
thatit is notvery effective in modellingperceptuasimilarity
[58]. How to measureperceptuakimilarity is still alargely
unansweredjuestion.Thereare someworks donein trying
to solve this problem.For example,in Ref. [58], a dynamic
partial distancefunction (DPF) is de“ned, which reduces
the dimensionof featurevectorsby dynamicallychoosinga
smalleramountbf dimensionsLet =|x Syi|,i=1,...,p,
the authorsde“ne m ={msmallest esof ( 1,..., p)}

ThenDPFis de“ned as
1Ur

d(m,r) = i . )

Therearetwo parameter$o be adjustedm andr. Initial
experimentafresultsdemonstratéhatDPFcanprovide more
accurateetrieval resultsthanMinkowski metrics.However,
the value ofm is data-dependenthis makesthe algorithm
in"exible. In addition,to be broadlyusedin imageretrieval
systemsfurtherstudyis requiredto con“rm its performance
in variousapplications.

In Ref. [59], a perceptualdistancefor shapesimilarity
measuras presentedEachshapds characterizedavith a set
of tokens.A metric distancebetweentokensis “rst de“ned
then a non-metricdistanceis de“ned as the collection of
tokendistanceo measureshapesimilarity. The methodcan
be extendedinto RBIR by treating image regions as the
tokens.

Vasconcelosand Lippman proposeda multiresolution
manifold distance(MRMD) for face recognition.In the
MRMD, two imagego be matchedaretreatedasmanifolds,
andthe distancebetweenhe two imagesarethe onewhich
minimizesthe error of transformingone manifold into the
other In orderto reducethe computationtheimagesareput
into multiresolutionanalysis.The distancemeasuréas suit-
ablefor imagealignmentapplicationdik e facerecognition
andvideo scenedetection[60].

In Ref. [61], similarity measurebetweendifferenttypes
of imagefeaturesis taken asa multilevel decisionmaking
processimagesin thedatabasarerepresentetdy anumber
of MPEG-7 color andtexture descriptorsthesedescriptors
areputinto a hierarchicaldecisionfusion framework using
fuzzylogic. Theadwantageof this similarity measuremeris
that differenttypesof imagefeaturescanbe combinedinto
an integratedfeature.In their later work, the authorshave
extendedthe decisionfusion framewvork into a supervised
learningframework with RF from users[62].

3. Reducingthe ssemanticgape

The state-of-the-artechniquesin reducingthe seman-
tic gap can be classi“ed in different ways from different
point of view. For example,by consideringthe application
domain,they canbe classi“edasthosetargetingat artwork
retrieval [21], scenerymageretrieval [27,28,31] WWW im-
agesretrieval [63,64] etc. In this paper we focus on the
techniquesusedto derive high-level semanticsandidentify
“v e catgyoriesasfollows. (1) Using objectontologyto de-
“ne high-level concept$21,31,65...6.4]2) Usingsupervised
or unsupervisetearningmethodgo associatéow-level fea-
tureswith query concepty2,24,27,28,68](3) Introducing
RFinto retrieval loopfor continuoudearningof userstnten-
tion [16,31,69] (4) GeneratingST to supporthigh-level im-
ageretrieval [29,70,71] (5) Making useof both the textual
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Fig. 4. Objectontology usedin Ref. [32].

informationobtainedrom the Web andthevisual contentof
imagesfor Web imageretrieval [63,70,72] Marny systems
exploit one or more of the above techniquego implement
high-level semantic-baseiinageretrieval. For example,(3)
is often combinedwith (1), (2) or (5) [16,31,70,72] (5) is
usuallycombinedwith the otherfour technique$27,63,70]

3.1. Object-ontolgy

In somecasessemanticanbe easilyderived from our
daily languageFor example,sky canbe describedas sup-
per, uniform, andblueregione. In systemaisingsuchsimple
semantics;rstly, differentintervalsarede“nedfor the low-
level imagefeatureswith eachintenal correspondingo an
intermediate-leel descriptorof imagesfor example,slight
green,mediumgreen,dark greene.Thesedescriptorsform
a simple vocahulary, the so-calledsobject-ontologywhich
provides a qualitative de“nition of high-level query con-
cepts.Databasémagescanbe classi“edinto differentcate-
goriesby mappingsuchdescriptorgo high-level semantics
(keywords)basedon our knowledge[31,65...67,73lor ex-
ample,sskys canbe de“nedasregion of «light blue+(color),
euniforme (texture), andeuppers(spatiallocation).

A typical exampleof suchontology-basedystemis pre-
sentedn Ref.[31]. In this systemeachregion of animage
is describedy its averagecolor in lab color spaceijts posi-
tion in vertical and horizontalaxis, its size and shape The
objectontologyis shavn in Fig. 4.

Quantizationof color and texture featureis the key in
suchsystemsTo supportsemantic-baseinageretrieval, a
moreeffective andwidely usedway to quantizecolor infor-
mationis by color naming.Although millions of colorscan
bede“nedin computersystemthe colorghatcanbenamed
by usersarelimited to about10...2(74,75] Color naming
modelsintendto relatea numericalcolor spacewith seman-
tic color namesusedin naturallanguageThe well-known
color namingsystemis *CNSe(color namingsystem)pro-

posedby Berk, BrownstonandKaufman[75]. *CNSequan-
tizesHSL spaceanto 627 distinctcolors.Thebasicideais to
guantizethe huevalueinto a setof basiccolors. Saturation
and luminanceare quantizedinto different bins as adjec-
tives signifying therichnessandbrightnessf thecolor. The
completesetof generichue namesin CNSis red, orangg,
brown, yellow; green blue andpurple with the addition of
achromatidermsbladk, gray andwhite, form 10 basecolors.

In Ref.[21], 12 huesare de“ned asfundamentakolors,
yellow, red, green blue, orange, purple, andsix othercol-
ors obtainedasthe linear combinationof them.Then,“ve
levels of luminanceandthreelevels of saturatiorareidenti-
“ed. Thisresultsin 180referencecolors.To relatecolorsto
expressior(emotionally)andimpressior(visually)for paint-
ing retrieval, differenttypesof contrastsare de“ned, light-
dark contrastwarm-coldcontrastcomplementargontrast,
etc. For example,colorsof yellow, and orangearereferred
aswarm,greenandbluearereferredascold. Examplequery
islikethis+“nd paintingswith thefollowing contrastslight-
dark, cold-warme.

In Ref. [25], the dominantcolor of a region (in HSV
space)is corvertedto a setof 35 semanticcolor namesas:
red, orange,yellow, brown, etc. Semanticcolor namesare
relatedto objectsin natural sceneimageslike grass,sky.
Examplequeryis «“nd imageswith a sky blue regione. In
Ref. [65], basedon the authors obsenation that a small
numberof colors are usually suf‘cient to characterizehe
color informationin imageregion, eight colorsare de“ned
basedon their RGB values,red, green blue yellow, ma-
genta cyan bladk, andwhite Thesecolor namesarerelated
to objectsin naturalscenesfor example,white are related
to snaw, cloud, etc. In this way, the systemreduceshe «se-
manticgapeandsupportsqueryby keywords.

Similar to CNS, thereis a parallel needfor a texture
namingsystemwhich would standardize¢hedescriptionand
representatioof textures[76]. However, texture namingis
foundto bemoredif“cult andsofar thereis nosuchatexture
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namingsystemavailable.As a “rst steptowardscreatinga
texture namingsystem someresearcherry to identify the
importantfeatureshumanbeingsusein texture perception
[43,76] Basedon subjectve experiment,Rao and Lohse
have shavn thatrepetitvenessdirectionalityand comple-

ity arethethreeattributesmostimportantto humanpercep-
tion of textures[76]. However, how to obtainthesefeatures,
and how to map other low-level texture featuresto these
threedomainsareyet to be further studied[30,76]

Comparedwith color, texture is not well modelledand
understoodmuch researcthstill needsto be done. Instead
of usingtexture namesaskeyword for querywhich is still
impossiblesofar, someresearcherguantizeperceptuatex-
ture featuresinto differentintervals and de“ne meaningful
texture descriptors.In Refs.[66,67] Tamurafeaturesare
quantizedo differentlevelsasvery coarsemediumcoarse,
“ne, very“ne; low contrasthigh contrastetc. Combination
of suchfeaturesin logical relationshipswith and, or form
querieslike *“nd very “ne andlow contrasttexturess.

For databasevith speci“cally collectedmagessuchsim-
ple semanticglerived basedon object-ontologymay work
“ne. However, with large collectionsof imageswith vari-
ouscontentsmore powerful tools arerequiredto learnthe
semantics.

3.2. Machinelearning

In mostcasesto derive high-level semanticfeaturesre-
quirethe useof formal tools suchassupervisedr unsuper
visedmachindearningtechnique$2,28,68,77] Thegoal of
supervisedearningis to predictthe value of an outcome
measurgfor example,semanticcateyory label) basedon a
setof input measureln unsupervisedearning,thereis no
outcomemeasureandthe goalis to describehow theinput
dataareorganizedor clustered78].

3.2.1. Supervisedearning

Supervisedlearning such as support vector machine
(SVM) [24,27,79] Bayesianclassi“er [80] are often used
to learnhigh-level conceptdrom low-level imagefeatures.

With strongtheoreticalfoundationsavailable, SVM has
beenusedfor objectrecognition text classi“cation,etc.and
is considere@ goodcandidatdor learningin imageretrieval
system[35,69,81] SVM is originally designedfor binary
classi“cation.Assumethat we have a setof training data
{Xx1,X2,...,Xn} asvectorsin spaceX  RY belongingto
two separateclasseswith their labels{y1,y2,...,yn} and
yi {S1 1}. We wantto “nd a hyperplaneto separate
the data.Among mary possiblehyperplanes,the optimal
sepaating plane (OSP)is the one which maximizesthe
maugin (thedistancebetweerthehyperplaneandthenearest
datapoint of eachclass).As in Fig. 5, the vectorslying on
onesidearelabelledasS 1, andthoselying ontheotherside
are labelledas + 1. *Supportvectos refer to the training
sampleghatlie closesto the hyperplane.To learnmultiple

Fig. 5. A simple linear supportvector machine.

conceptsfor imageretrieval, a SVM hasto be trainedfor

eachconceptFor example,in Ref. [27], SVM is employed
for imageannotation.n the training stage,a binary SVM

modelis trainedfor eachof the 23 selectecconceptsin the
testingstage unlabelledregionsarefed into all the models,
theconceptfrom themodelgiving thehighestpositive result
is associateavith the region.

Anotherwidely usedlearningmethodis Bayesianclas-
si“cation [82]. In Ref. [68], using binary Bayesianclassi-
“er, high-level conceptof naturalscenesarecapturedrom
low-level imagefeaturesDatabasémagesareautomatically
classi“edinto generaltypesasindoor/outdoorandthe out-
door imagesare further classi“ed into city/landscapeetc.
In Ref. [77], Bayesiannetwork is usedfor indoor/outdoor
imageclassi“cation.

Otherlearningtechniquesuchas neurahetwork arealso
usedfor conceptlearning.In Ref. [28], “rstly, the author
chosedl 1 catgyories(concepts)brick, cloud, fur, grassjce,
road, rock,sand,skin, tree,andwater Thena large amount
of training data (low-level featuresof segmentedregions)
are fed into the neuralnetwork classi“ersto establishthe
link betweenlow-level featuresof animageandits high-
level semanticgcatagory labels).A disadwantageof this al-
gorithmis thatit requireslarge amountof training dataand
is computationallyintensie.

In Ref. [24], it is statedthat corventional learning al-
gorithmssuffer from two problems:(1) a large amountof
labelledtraining samplesare neededandit is very tedious
and errorproneto provide suchdata; (2) the training set
is “x ed during the learningand applicationstagesHence,
if the applicationdomain changesnew labelled samples
have to be provided to ensurethe effectivenessof the clas-
si“er. A bootstrappingapproachs presentedn Ref.[24] to
tackletheseproblems.It startsfrom a small setof labelled
training samplesBYy usinga co-trainingapproachin which
two statisticallyindependentlassi“ersare usedto co-train
and co-annotatethe unlabelled samples, the algorithm



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

successiely annotatesa larger set of unlabelledsamples.
Their experimentsshov that an improvementof 10% in

retrieval accurag is obtainedcomparedwith SVM (400
labelled imagesfor training), with much fewer labelled
training samplegonly 20 labelledseeds).

Besidesthe abore mentionedalgorithms, decisiontree
(supervisedearning)techniquesarealsousedto derive se-
mantic features.Decision tree induction methodssuch as
ID3, C4.5(improved versionof ID3), andCART build upa
tree structureby recursvely partitioning the input attribute
spacento a setof non-overlappingspaceg78]. A setof de-
cisionrulescanbe obtainedby following the pathsfrom the
root of thetreeto theleaves.In Ref.[2], the CART decision
tree methodologyis usedto derive decisionrules mapping
global color distribution (HSV spacecolor histogram)in a
given imageto textual description(four keywords: Sunset,
Marine,Arid imagesandNocturne).In Ref.[83], aC4.5de-
cisiontreeis built basedon a setof imagesrelevantto the
guery andthenusedasa modelto classifydatabasé@nages
into two classesrelevant andirrelevant. This algorithmis
usedin theRFloop (will bediscussedh Section3.3)to pro-
vide relevantimagesfor the userto label at next iteration.
A similar methodologyis employedin Ref.[84]. To enhance
the performanceof RF, the systemusesID3 decisiontree
to classify the imagesas relevant/irrelazant basedon their
color featuresjnsteadof directly rankingthe imagesusing
the modi“ed queryobtainedin lastiteration.

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

3.2.2. Unsupervisedearning

Unlike supervisedearningin which the presenceof the
outcomevariableguidesthe learningprocessunsupervised
learninghasno measurementsf outcomethetaskis rather
to “nd out how theinput featureareorganizedor clustered.

Imageclusterings thetypicalunsupervisetearningtech-
niquefor retrieval purposelt intendsto groupa setof image
datain away to maximizethe similarity within clustersand
minimize the similarity betweendifferentclusters Eachre-
sulting clusteris associatedvith a class labebndimagesin
sameclusterare supposedo be similar to eachother

The traditional k-meansclusteringandits variationsare
oftenusedfor imageclustering.In Ref.[90], k-meansclus-

CLUE
Query image| |Database imade Select Image
Features features store neighbouring—| clustering
images
\ / —v
A
Similarity Ranking Display and
measure [ results feedback
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Fig. 6. Imageretrieval with CLUE.

teringis appliedto low-level color featuresof a setof train-
ing imagesThen,the statisticsmeasuringhe variationwith
eachclusterare usedto derive asetof mappingsbetween
the low-level featuresandthe optimal textual characteriza-
tion (keywords) of the correspondingluster The mapping
rulesderived could be usedfurther to index new untagged
imagesaddedto the databaseln Ref. [80], in orderto au-
tomatically annotatedatabasémagesfor retrieval purpose,
the system“rstly clusterimage regions into region clus-
tersusing a variantof k-meansclusteringcalled pairwise
constraintk-meangPCK-means)91]. Thenumberof clus-
tersis empirically setto 300. Then,the posteriorprobabil-
ity of every concept(59 conceptsaarede“nedfor theimage
databaseised)given aregionis derived usinga semi-nas's
Bayesiammethod[80]. Thus,a new imagecanbe annotated
by choosingthe conceptawith highestprobabilities.

Dueto thecomple distribution of imagedata(datapoints
aresampledrom non-linearmanifold), traditionalmethods
suchas k-meansclusteringoften cannotwell-separatém-
ageswith differentconceptq36]. To handlethis problem,
a spectralclusteringmethodNormalizedcut (NCut) [19] is
proposedand hasbeensuccessfullyjusedin several appli-
cationssuchas image segmentation,image clustering.An
extendedversionof NCut canbe foundin Ref.[92].

In Ref. [14], a methodnamedsCLUE-is presentedo re-
ducethe ssemanticgapein CBIR. Unlike other CBIR sys-
temswhich display the top matchedtarget imagesto the
usersthis systemattemptgo retrieve semanticallycoherent
imageclusters.Given a queryimage,a collection of target
imagessimilar to the queryareselectedasthe neighbourof
the query Basedon the hypothesighatimagesof the same
semanticgend to be clustered,NCut clusteringis usedto
clusterthesetamget imagesinto different semanticclasses.
Thenthe systemdisplaystheimageclustersandadjuststhe
model of similarity measureaccordingto userfeedbacks.
Fig. 6 is the diagramof the system.Thoughsuccessfuln
manifold dataclustering,NCut cannotproducean explicit
mappingfunction. To dealwith new datapoints,similarities
betweerthenew pointsandall trainingdatahave to bemea-
sured.The computationof similarities could be very com-
plicateddueto the large size of training set[36]. To tackle
theseproblemsijn Ref.[36], alocality preservingclustering
(LPC) methodis proposedfor image clustering.LPC can
provide an explicit mappingfunction. Experimentakesults
shav that LPC provides retrieval accurag comparableto
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that of NCut, but is more computationallyef‘cient. In ad-
dition, retrieval resultof LPC is proved to be moreaccurate
thanthat of k-meansclustering.

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

3.2.3. Objectrecanition techniquesfor image retrieval

Object recognitionin imagesis an important problem
in computervision with applicationsin image annotation,
suneillanceandimageretrieval. Supervisear unsupervised
objectrecognitionalgorithmshave been deelopedrecently
which canbe usedfor semantic-baseanageretrieval. For
example,in Ref.[95], an unsupervisedcale-ivariantlearn-
ing methodis presentedo learnandrecognizeobjectclass
modelsfrom unlabelledand unsgmentedclutteredscenes.
In this method,objectsare modelledas "exible constella-
tionsof partsanda probabilisticrepresentatiois usedfor all
aspectf the object: shape appearancegcclusionandrel-
ative scale.In recognition,this modelis usedin a Bayesian
mannetto classifyimages.The"exible nature ofthe model
is demonstratetdy excellentresultsover arangeof datasets
including geometricallyconstrainecclasseqsuchasfaces,
cars)and”exible objects(suchasanimals).

It is recognizedthat most userslike to retrieve images
basedon objectsin images.In Ref.[96], the authorsdevel-
opedanew semi-supervisedersionof the EM algorithmfor
learningthe distributions of the objectclassesimagesare
representedssetsof featurevectorof multiple typesof ab-
stractregions.Eachabstractegion is modelledasa mixture
of Gaussiardistributionsover its featurespaceAs regions
usedin recognitioncan comefrom different segmentation
processesthe regions usedare referredto as eabstractre-
gione. A key part of this approachis thatit doesnot need
to know the locationof objectsin eachimage.The experi-
mentson a setof 860 imagesdemonstratehe ef‘ciency of
theapproach.

In Ref.[97], atwo-phraseyeneratie/discriminatve learn-
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 outdoorsceneémagesThegeneratie
phrasenormalizesthe descriptionlength of images,which
canhave an arbitrary numberof extractedfeaturesof each
type. In the discriminative phase,a classi“er learnswhich
imagesasrepresentedy this “x ed-lengthdescriptiongcon-
tainthetargetobject.Theirexperimentalesults usingcolor,

textureandstructure featureshav promisingretrieval per
formanceon 31 elementaryobject categoriesand 20 high-
level concepts.

Most currentapproacheto learnvisual objectcateyories
requirethousandf training images.In addition, mostal-
gorithmspresentedh theliteraturehave beentestedon only
about10...2@bjectcateyories.In Ref. [98], an incremental
Bayesiamlgorithmwas developedto learngeneratie mod-
elsof objectcatayoriesfrom justafew trainingimagesThis
methodmakesuseof prior information,assembledrom ob-
ject catggorieswhich were previously learnt. A generatie
probabilisticmodelis usedto representhe shapeand ap-
pearancef a constellationof featuresbelongingto the ob-
ject. The parameter®f the modelare learntincrementally
in a Bayesiam€mmanner The algorithmis testedon imagesof
101 widely varied object categoriesincluding face,laptop,
strawberry, zebra,cup, chair, etc.

3.3. Relevancefeedbak (RF)

Comparedwith the off-line processingalgorithms dis-
cussedabove, RF is an on-line processingwhich tries to
learnthe usersdntentionson the "y .

RFis apowerfultool traditionallyusedn text-basednfor-
mationretrieval systemg99]. It wasintroducedo CBIR dur-
ing mid 1990s with theintentionto bringuserin theretrieval
loop to reducethe *semanticgape betweenwhat queries
represen{low-level features)andwhatthe userthinks. By
continuoudearningthroughinteractionwith end-usersRF
hasbeenshawn to provide signi“cant performanceéoostin
CBIR systemdq100,101]

A typical scenaridfor RF in CBIR is asbelov [102]:

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

(2) Userjudgestheabore resultsasto whetherandto what
degree,they arerelevant (positve examples)/irrelgant
(negative examples)to the query

(3) Machinelearningalgorithmis appliedto learntheusere
feedbackThengo backto (2).

(2)...(3arerepeatedill theuseris satis“edwith theresults.
Fig. 7 shavs a simplediagramof a CBIR systemwith RF

A typical approachin step (3) is to adjustthe weights
of low-level featuresto accommodatethe userseneed
(re-weighting).In this way, the burden of specifying the
weightis removed from the user Examplesof suchsystems
arein Refs.[16,100] *Re-weighting«dynamicallyupdates
theweightsembeddedn the query(not only the weightsto
differenttypesof featuressuchascolor, texture, shape put
also the weightsto different componentdn samefeature
vector) to model the high-level conceptsand perception
subjectvity [100].

Anothermethodis called query-point-me@ement(QPM)
[16,103,104] QPM improves the estimationof the query



272 Y. Liu et al. / Pattern Recanition 40 (2007) 262..282

Initial user query
(example image
or keyword)

»
>

A

A

| Retrieval results |

v l‘i feedback

@E@ Labeled samples

(relevant/irrelevant
A images)

Learning (adjusting
query parameters)

i .
;

| Final retrieval results |

Fig. 7. CBIR with RF

point by moving it towardsthe positive examplesandaway
from the negative examples.The techniqueoften usedto
iteratively improve this estimationis the Rocchios formula
[55,105,106]

Q= (4)

NRr NN ’

whereQ andQ arethe original query and updatedquery
respectiely, D andD arethe positive andnegative sam-
plesreturnedby theuser Ng , Ny arethe numberof sam-
plesin Dp and D, respectiely, and , , areselected
constants.

Both queryre-weightingand QPM usenearest-neighbour
sampling.Thatis, the systemreturnstop ranked imagesfor
the userto examineandthenthe queryis re“ned basedon
the users feedback35].

Machinelearningtechniquecanbe usedin step3 of RF
loop aswell. SVM is often usedto capturethe querycon-
ceptby separatinghe relevantimagesfrom the irrelevant
imagesusinga hyperplanein a projectedspacd16,31,69]
Oneadwantageof SVM over otherlearningalgorithmslies
in its high generalizatiorperformancewithout the needto
add a priori knowledge [69]. Another adwantageis that it
canwork for smalltraining sets[69,103] To effectively use
negative andnon-labelledsamplesandto learna querycon-
ceptfasterand more accuratelyan active learningmethod
namedSVMactive is proposedn Ref. [35].

Generally the labelledsamplesprovided by the userare
limited, andsuchsmalltraining datasetwill resultin weak
classi“cationof databasémages(asrelevant/irrelazant). In
Refs.[107,108] D-EM (Discriminant-EM)is usedto boost
the classi“er learntfrom the limited labelledtraining data.
D-EM is animproved versionof EM. EM hasthe disadwan-
tagethatalarge numberof parametersiave to be estimated
dueto the high dimensionalityof the generatie modelused

to modeldatadistribution. D-EM alleviatesthis problemby
addinga D-step.The E-stepestimategshe membershigor
eachunlabelledsampleto augmenthelabelledtraining set.
D-stepidenti“es a mappingsuchthatthe dataare clustered
in the mappedfeature space(a discriminating subspace).
Basedon the augmentediataset, M-step estimateghe pa-
rametersof the generatre modelin the lower dimensional
discriminatingspace.

In somepapers,decision-tredearningmethodssuchas
C4.5,ID3 areusedn RFloopto classifythedatabasénages
into two classeqrelevant/irrelevant) dependingon whether
they aresimilarto thequeryimage[83,84] Thentherelevant
imagesarepresentedo the userfor anotherroundof RFE.

There are different methodsadoptingdifferent assump-
tions or problemsettings thoughunderthe samenotion of
*RFe.A moredetailedsuney canbefoundin Ref.[102].

Most of the currentRF-basedsystemausesonly the low-
level imagefeaturesto estimatethe ideal query parameters
anddo not addresghe ssemanticcontentof images.Such
systemworks wellif the featurevectorscanwell describe
the query However, for speci“c objectthatcannotbe suf'-
ciently representedby low-level featurestheseRF systems
will notreturnmary relevantresultsevenwith alarge num-
ber of userfeedbackg109]. To addresghe limitations of
suchsystemsRef. [109] provides a systemnamedeiFinde
that performsRF on both the low-level featurevectorsand
the semanticcontentsof imagesrepresentedy keywords.
Firstly, a semanticnetwork is constructedn top of anim-
age databaseand a simple machinelearning techniqueis
usedto learn from user queriesand feedbacksto further
improve this semanticnetwork. With the semanticnetwork
formedon top of the keyword associatiorwith the images,
the systemcanaccuratelyderive theimagesematiccontent
for retrieval purposesin this way, semanticand low-level
feature-base®F areseamlesslyntegrated Experimenton
real-world image collectionsdemonstratéts accurag and
effectiveness.

In mostof the RF-basedystemsthe similarity measure-
mentis “x edwhile theimportanceor weightof eachdescrip-
tor is estimatedhroughthe RFfrom usersin contrasto this
conventionalapproachthe Doulamisehave proposeda gen-
eralizednonlinearRF algorithmfor imageretrieval [110]. In
this approachinsteadof adjustingthe degreeof importance
of eachdescriptorthe similarity measureatself is estimated
throughanonlinelearningmechanismThe methodis based
on a recursve optimal estimationof a nonlinearparamet-
ric relationof known functionalcomponentsHowever, due
to the problemof optimizationitself, the computationcan
be expensve and the algorithm may be trappedinto local
minima.

3.4. Semantidemplate

*STe, thoughnot yet widely usedasthe abore 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 asthe

erepresentatier featureof a conceptcalculatedfrom a col-

lection of sample image$29,70]. In somesystems,cons
or sample imageare provided aswell for the corvenience
of userquery[111].

In Ref.[111], Changet al. introducedthe idea ofseman-
tic visualtemplate(SVT) to link low-level imagefeatureto
high-level conceptdor videoretrieval. A visualtemplateis
a setof iconsor examplescenes/objectdenotinga person-
alizedview of conceptsuchasmeetingssunsetsThefea-
ture vectorsof theseexample scenes/objectare extracted
for query processTo generateéSVTs, the user“rst de“nes
the templatefor a speci“c conceptby specifyingthe ob-
jectsandtheir spatialandtemporalconstraintsthe weights
assignedo eachfeatureof eachobject. This initial query
scenariois providedto the system.Throughthe interaction
with usersthe system‘nally corvergesto a smallsetof ex-
emplarqueriesthat sbestematch (maximizethe recall) the
conceptin the usersmind.

The generatiorof SVT in Ref. [111] dependon the in-
teractionwith the userandrequiresthe users in-depthun-
derstandingf imagefeaturesThis impedests application
to ordinaryusers.Comparedo this, the systemin Ref. [70]
generates$ST automaticallyin the processof RF, basedon
the understandinghat RF is a processby which the user
embodiesthe query semanticsFirstly, the usersubmitsa
queryimagewith a concept(keyword) representinghe im-
age.After severaliterations,the systemreturnssomerele-
vantimagedo theuser Thefeaturecentroidof theseémages
are calculatedand usedas the representatiorof the query
conceptThenthe STis de“nedasST={C, F, W} with C
the query concept,F the centroidfeatureobtained,and W
beingthe weight appliedto featurevectors. WordNet[112]
is usedin this systemto constructa network of ST. During
theretrieval processpncethe usersubmitsa queryconcept
(keyword), the systemcan“nd a correspondingT, anduse
the corresponding= andW to “nd similar images.There-
trieval processs shawvn in Fig. 8. The useris impercepti-
ble of the templategenerationandcanusethe systemeven
without ary knowledgeof featurerepresentation.

Another interestingwork is presentecby Smith and Li
in Ref. [29]. They usethe so-calledCRTs to decodeimage
semanticsThe CRTs de“ne the prototypalspatialarrange-
mentsof regionsin theimages Given asemanticlass,aset
of sample imagearecollected Thesystentrstly seggments
eachimage into homogeneougolor regions and extracts
“v e region stringshby scanningthe imagevertically. Then,
the systemconsolidateghe region stringsby countingthe
frequencie®f the CRTsin the setof region stringsobtained
from all thesampleémagesPoolingtogethetthe CRTs from
eachsemanticclassformsa CRT library. Semantiadescrip-
tion of unknavn imagescanbe generatedy matchingthe
arrangementsf imageregionsto the CRTs in the library.
The experimentswith a setof 10 semanticclassegbeach,
building, crab, divers, etc.) demonstratehat this method
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Fig. 8. Imageretrieval supportedoy WordNetand ST.

improvesretrieval accurag comparedo traditionalmethods
usingcolor histogramandtexture features.

3.5. Web image retrieval

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

One adwantagein Web imageretrieval is that somead-
ditional information on the Web is available to facilitate
semantic-basetmageretrieval. For example,the URL of
image“le oftenhasa clearhierarchicalstructureincluding
someinformationaboutthe imagesuchasimagecateory.
In addition,the HTML documentalsocontainssomeuseful
informationin imagetitle, ALT-tag, the descriptve text sur
roundingthe image, hyperlinks, etc. However, suchinfor-
mationcanonly annotatémagesto a certainextend[63,72].

Existing Web image searchingsuch as Google and Al-
taVista searchimages basedon textual evidencesonly
[63,64] Thoughtheseapproachegan“nd mary relevant
images,the retrieval precisionis poor asthey cannotcon-
“rm whetherthe retrieved imagesreally containthe query
conceptsTheresultis thatusershave to go throughthe en-
tire list to “nd thedesiredmages Thisis atime-consuming
processas the returned results always contain multiple
topics which are mixed together To improve Web image
retrieval performanceresearcheraremakingeffort to fuse
the evidencesfrom textual information and visual image
contents.

In Ref. [72], a bootstrappingco-training framework is
usedto automaticallyannotaté/Veb imageswith a givenset
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Fig. 9. Summaryof the currenttechniquesn reducingthe ssemanticgape.

of conceptsfor retrieval purpose.The systemexploits the
evidencesfrom boththe HTML text andvisual featuresof

imagesand developstwo independentlassi“ersbasedon
text andvisualimagefeaturesrespectiely. The experimen-
tal resultsusing a pre-de“nedset of 15 conceptsdemon-
stratethe substantiaperformanceof the system.However,

dueto theinaccurag in textural informationextraction,the
performancdor certainconceptds not satis“ed.

MSRA (MicrosoftResearclisia) is developingapromis-
ing systemfor Web imageretrieval [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 seggmenta web-pageinto blocks.
Fromtheblock containingtheimage thetextualandlink in-
formationof animagecanbe accuratelyextracted.Thenan
imagegraphis constructedy usingblock-level link analy-
sistechniguesHencefor eachimage,threetypesof repre-
sentationsare obtainedvisual feature-basedepresentation,
textual feature-based representation and graph-based
representationlnitial experimental results shav that by
combiningtextual andgraph-basedepresentatiofor image
clustering,the systemcan reveal the semanticstructureof
theWeb imagesThesearchresultsareclusterednto differ-
ent semanticcatgories.For eachcateyory, several images
wereselectedasrepresentatie images sothatthe usercan
quickly understandhe main topics of the searchresults.

Theimagesin eachcateyory arethenreoiganizedbasedon
their visualfeaturego make the clustermorevisually desir
ableto users A thoroughexperimentalevaluationneedsto
be carriedout to investigateherobustnesof thetechnique.

3.6. Summary

We have identi“ed “v e major cateyoriesof currenttech-
niguesusedin reducingthe esemanticgapeas summarized
in Fig. 9. Ontology-basedalgorithms are easyto design
and are suitableto applicationswith simple semanticfea-
tures.However, in mostcasesmachinelearningtechniques
are requiredto learn more complex semanticsDue to its
simplicity in implementatiorandtheintuitive mappingfrom
low-level featuresto high-level conceptsusing decision
rules, decisiontreeis a promisingtool for imageretrieval
if the learningproblemcanbe well modelled.RF hasbeen
proved to be dfective in boostingimageretrieval accurag.
Theproblemis thatmostcurrentsystemsequiresabout‘v e
or evenmoreiterationsheforeit corvergesto astableperfor
mancedevel, but usersareusuallyimpatientandmaygive up
aftertwo or threetries[16,35,69,109]Using ST to support
imageretrieval seemgo bea practicalandpromisingway to
reducethe ssemantiogaps.Web imageretrieval is an active
researcharea,andwe look forwardto a practicalproductto
be deliveredin the nearfuture. Many systemsombineone
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or more of thesetechniquego implementsemantic-based
imageretrieval. For example, RF is often combinedwith
object-ontologyandmachinelearning[27,31,70] Webim-
ageretrieval systemsusually employ one or more of the
other four types of techniqueg63,72] to derive semantic
features.

Besidesthe major techniquedliscussedibore, thereare
some other interestingworks. For example,in Ref. [34],
basedon statisticalparametergderived from sometesting
data,the databasémagesare classi“ed into semanticcat-
egories,suchastexture and non-tecture, graphand photo-
graph.In Ref.[113], an imageis spectrallyseparatednto
differentlayers,eachretainingonly pixelsin areasvith sim-
ilar ebusynesseln this way, it associatesolor featureswith
perceptuameaningsFor example,a"at areais very possi-
bleto beassociateavith backgroundsr interior of anobject
anda busyareamay be associatedvith texturedsurfacesor
objectboundariesThe algorithmin Ref. [114] attemptsto
relatehumanperceptiornto low-level imagefeaturesby rec-
ognizing the centralobject of animageasthe region with
signi“cant color distribution. This is basedon the assump-
tion thatpeopletendto locatethe mostinterestingobjectat
the centerof the framewhenthey take apicture.

4. Image databaseand performance evaluation

Thereareso far no standardestdataand PE model for
CBIR systems.

4.1. Image databases

In the suneyed papersmorethanhalf of systemsusea
subsetof Corelimagedatase{115] to testretrieval perfor
mance othersuseeither self-collectedmagesor otherim-
agesetssuchasLA resourcepictureg116], Kodakdatabase
of consumeiimages[77]. Brodatztextures[45] arewidely
usedin perceptuatexturefeaturestudieq30,44,67] Images
collectedfrom Internetsene & anotherdatasourceespe-
cially for systemdargetingat Web imageretrieval [24,63]

Many researchertendto usenaturalsceneryimagesas
testbedfor semanticextractionassuchimagesareeasierto
analysehanotherimagesThereason@retow-fold. Firstly,
the typesof objectsare limited. Main sceneryobjecttypes
includesky, tree,building, mountaingrasswater andsnaw,
etc. Secondly comparedwith other featuresof image re-
gions,shapdeaturesarelessimportantin analysingscenery
imagesthanin otherimages.Thuswe canavoid our weak-
nessin extracting high-level semanticdrom shapefeatures
dueto segmentationinaccurayg [50].

Corelimagedatabase&ontainsa large amountof images
of variouscontentgangingfrom animalsandoutdoorsports
to naturalsceneriesTheseémagesarepre-classi“ednto dif-
ferentcategoriesof size100by domainprofessionalsSome
researcherthink that Corelimagedatasemeetsall the re-
quirementdgo evaluateanimageretrieval systembecausef

its large size, heterogeneousontentand humanannotated
ground truth available [101]. But some other researchers
consider Corel image databasenot suitable for CBIR
performancevaluationbecausehe associategroundtruth
(category labels) are often too high-level to be useful in
performanceanalysis[117,118] Although it is still con-
troversial about Corel imagesdatasetis suitablefor CBIR
performancesvaluationor not, it is sofar the mostwidely
used.

In our opinion, Corelimagedatabasés goodin its large
sizeandvariouscontentsavailable.However, to be usedfor
CBIR performancevaluation,somepre-processingvork is
necessaryor the following two reasonsi{1) someimages
with similar contentaredividedinto differentcateyories.For
examples,the imagesin «Ballonleand *Ballon2«are actu-
ally in the samecategory, samefor category *Cuisinesand
«Cuisinese(2) somescatayory labelseare very abstractand
theimageswithin the samecateyory canbelargely variedin
content.For instancethe cateyory *Australiasincludespic-
turesof city building, crowds in street,Australianwild an-
imals, etc. Fig. 10 gives a few examples t is very dif“cult
to measuramagesimilaritieswithin suchgroups.

Hence,it is appropriateo selecta subsebf theseimages
asgroundtruth, or to make somenecessarghangesn set-
ting grouptruth data.

Consideringthe abose mentioned problemsin Corel
image databasein Ref. [119], a new referencedatasetis
presentedfor evaluating image retrieval algorithms. The
authorshave collecteda large data set of humanevalua-
tions of retrieval results,both for query by imageexample
andqueryby text. The datadomainis 16,000imagesfrom
the Corel dataset. Totally 20,000 query-resultpairs were
evaluatedfor query by exampleimage,and 5000 pairs for
query by text. The datais claimedto be independenbf
ary particularimageretrieval algorithmandcanbe usedto
comparemary algorithmswithout further data collection.
The data and calibration software areavailable online at
http://kobus.ca/research/data

For video retrieval, standardtest datais available from
TREC video retrieval evaluation (TRECVID). The TREC
conferenceseriesis sponsorednainly by NationallInstitute
of StandardeindTechnology(NIST) to encourageesearch
in information retrieval by providing large test collection,
uniform scoringproceduresand a forum for organizations
interestedin comparingtheir results.In 2001 and 2002, a
videostrackeis sponsoredor researclin automaticsggmen-
tation,indexing andcontent-basedetrieval of digital video.
From 2003, this track becamean independentevaluation
workshoptwo daysbeforeTREC conference.

4.2. \ocahulary

To “nd an eideals vocalulary representingthe rich
semanticof imagesis not an easytask.In Ref. [120], psy-
chophysicalexperimentsare conductedo gaininsightinto
the semanticcateyoriesthat guide the humanperceptionof
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Fig. 10. Examplecorel imagesfrom cateyory *Australiae.

imagesimilarity. By analysingthe perceptuatiata,the most
important 20 semanticcateyories (for example, portraits,
crowds, cityscapes)in the perceptionof image similarity

were establishedThen 40 low-level featureswere discor/-

eredthat bestdescribeeach cateyory, such as number of

regions, color compositionnumberof edgesandthe pres-
enceof centralobject.In Ref.[121], the authorsestablisha
so-calledelexical basisfunctionsswhich contains98 words
to representimages.In Ref. [112], a *WordNete on-line
lexical referencesystemis describedsWordNeteorganizes
English words into synorym sets, each representingone
underlying lexical concepts.It is a edictionarysbasedon

psycholinguisticprinciples so that searchingcan be done
conceptuallyinsteadof alphabetically

The primary criterion in choosinga setof categoriesis
to ensurethatthey aresuf‘ciently well-de“nedin termsof
theimagedescriptorsandyet generalkenoughto give mean-
ingful semanticassociationg28]. The vocalulary usedin
a systemdependsmainly on the image dataset used.For
natural sceneryimages,usually the imagesare classi‘ed
into aboutl10...2@ateyoriesincludingwater, sky, tree,sand,
grass,mountain,snawv, etc. For example,in Ref. [28], 11
catgories are chosen:brick, cloud, fur, grass,ice, road,
rock, sand,skin, tree,andwater In Ref.[116], 10 semantic
catgyoriesare de“ned: beach,building, Disneyland, desert,
mountain,freewvay, downtavn, park, people,and unknaown.
In Ref. [50], the authorsdiscussthe identi“cation of six
high-level sceneryfeaturessky, building, tree,waterwave,
placid water andground.

However, for real-world image databaseretrieval, such
smallvocahulary is far from enough.lt is believed that hu-
manscan recognizeabout5000...30,000bject catgyories.
Catgory learningwith suchlarge vocahulary is very dif*-
cult andmuchwork still remainsto be donein this area.ln
Ref. [98], an incrementalBayesianalgorithmis developed
to recognizel01objectcategyories.To our knowledge thisis
sofar the largestvocahlulary setusedin objectrecognition.

4.3. Performanceevaluation

Usually precisionandrecall areusedin CBIR systemto
measureaetrieval performancePrecision(Pr) is de“ned as

theratio of the numberof relevantimagesretrieved (N;) to
thenumberof totalretrieved image<K. Recall(Re)is de“ned
asthe numberof retrieved relevantimagesN, over thetotal
numberof relevantimagesavailablein the databaseN;

Re= N;//N{, Pr=N//K . (5)

It is esidealsto have both highPrandRe.Thereforejnstead
of usingPr or Re individually, usuallya joint Pr(Re)curve
is usedto characterizehe performanceof imageretrieval
system[101].

As recall is often low in color image retrieval system,
Pr(Re)curwe is lessmeaningfulthanit is in text-basedre-
trieval systems.Many researchersre adoptingprecision-
scopecurwe to evaluateimageretrieval performancg122).
Scope§qg speci‘esthe numberof imagesreturnedto the
user thatis K in Eq. (5). For a particularscopeSg Pr(S9
canbe computedas

Pr(Sc) = N;/Sc. (6)

Anotherperformancaneasuraisedis therank (Ra mea-
sure[122...124Therank measuréds de“ned asthe average
rank of the retrieved images.It is clearthatthe smallerthe
rank, the betterthe performance.

While Pr(S9 only caresif a relevantimageis retrieved
or not, RaSQ also caresthe rank of the retrieved image.
Supposegherearetwo retrieval systemsssystemlandesys-
tem2s.1f Pri(Sc) > Pry(Sc) and Rai(Sc) <R ax(Sc), then
de“nitely esystemlss betterthan ssystem2e¢.However, if
Pr1(Sc) > Pry(Sc) andRay(Sc) > R ax(Sc), we cannottell
which systemis better

5. Reseach issues
Most of the currentimageretrieval systemdocusonim-

proving theaccurag of retrieval. Fromsystenpointof view,
thereare someotherissueso be further studied.

5.1. Querylanguage design

Query mechanismslay an importantrole in bridging
the ssemanticgape.A specializedjuerylanguagedesigned
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for CBIR could provide a meansof addressingmary of
the problemsassociatedvith corventionalqueryparadigms
suchas query-by-&ample and query-by-slketch. However,
therehaslittle recentwork addressinghis issue[125].

In Ref. [125], the authorsarmue that query languages
constitutean importantavenuefor further work in devel-
oping CBIR query mechanisms.Zhey designa retrieval
language,the OQUEL querylanguageThe retrieval pro-
cesstakesplaceentirely within the ontologydomainandis
de“ned by the syntaxand semanticof the query The for-
matof text queriesis highly "exible asthe systemdoesnot
reply on the pre-annotatiorof images.The vocahulary has
400 wordsrelatingto the semanticdescriptorgassignedo
segmentedregions on the basisof low-level features)in-
cluding synoryms obtainedby WordNet[112]. Query ex-
ample,ssomegreencoloredvegetationin the centerwhich
is of similar sizeasblue sky at the top.ZThe OQUEL lan-
guagesupportsquerieswith eithersimplekeyword phrases
or complex compound.

In Ref. [51], a natural query languageis designedfor
querying image databasesThe vocalulary of the query
languageis basedon the conceptof ssemanticindicatorse
(elementansemanticateyories,suchassky, "o wer), while
the syntaxcaptureghe basicpatternsin humanperception
of semanticcategories(suchasecrowvdse, soutdoorscenese)
[51]. The languages claimedto be simpleyet expressie.
It is simple aghewordsof the languagearealmostlimited
to the namesof the semanticindicators which are often
describedwith a singleword (e.g.,snaw, mountain).These
words can be usedto constructsentencexpressingan as-
sertionaboutthe image.For instance sthe numberof skin
regionsis greaterthan5Z. During retrieval processall the
databasémagesaretestedagainsthe queryandonly those
satisfyingthe assertiorare selected.

In Ref.[126], the authorsusesub-imageo representhe
semanticcontentof the queryin a SearchandRetrieve Web
(SRW) servicefor searching databaseentainingmetadata
andobjects.Thesemanticontentis capturedusingthemul-
tiscale color coherentvector and the texture featurescom-
puted from wavelet decomposition.The user can usethe
sub-imagequery to expresss“nd a picture with personor
objectlike thise, «“nd a paintingwith this classof crackse,
etc.

Comparedwith the other methodsin reducingthe ese-
manticgape,querylanguagses relatively ill-understoodand
deseresgreaterattention[125].

5.2. High-dimensionalndexingof image featues

As the size of image databases increasingrapidly, re-
trieval speedwill be animportantfactorto be concerned.
Hence off-line multi-dimensionalimage data indexing is
more and more necessaryAmong the suneyed papers,
only a few include multi-dimensionalfeatureindexing as
an integratedpart of their CBIR systemsFor example,in

Ref. [127], ak-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 the dimensionalityof imagefeaturesare usually high
(up to tensor hundreds) traditional indexing algorithms
suchask-d-b tree[131], quad-tred132], and R-tree[130]
arenotsuitablefor imagefeaturespaceandexing, dueto the
well-known scurseof dimensionalitysproblem[133]. That
is, the performanceof theseindexing algorithmsdegrades
as the dimensionalityof featurespaceincreaseslt is re-
portedthatwhenthe dimensionalityis above 10, the perfor
manceis no betterthana simple sequentiakcan[134]. To
relieve this problem,high-dimensionaindexing algorithms
suchas X-tree [135], VA-“le [134], andi-Distance[136]
have beenintroduced However, suchalgorithmsfocusonly
on haow to index but not whatto index. Thatis, they arede-
signedwithout consideringthe speci“c propertiesof image
features.

Some effort has beenmadein 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-bonegriangle inequality
algorithmis usedto index imagedataandto sharplyreduce
the numberof imagesneededo be directly comparedo a
queryimagefor a givendistancemeasureFIDS systemal-
lows usergreat”e xibility in run-timeto “nd similarimages
using complex combinationsof mary pre-de“neddistance
measures. IrRef. [138], a RBIR systemusing index is
designed.In this system,the regions in the databasém-
agesareindexed using an algorithm namedA‘éVS to speed
up the evaluationof k-nearestneighborqueries.This algo-
rithm computesthe optimal matchingbetweenregions in
the queryimageandregionsin a databaseémage,so asto
maximizethe overall similarity scorebetweenmages.

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

5.3. Standad DBMS extendedfor image retrieval

In mary imageretrieval systemssuchasPhotobook[5],
the dataandfeaturesaretypically storedin “les addressed
by namesWhentrying to scaleup to alarge databaseanda
largenumberof usersthisapproachs likely to runinto data
integrity and performanceproblems.It is clear that when
large image databasecomeinto view, the connectionbe-
tweenCBIR and databasenanagemensystem(DBMS) is
inevitable.

QBIC [4] andVirage[6] systemdave takenonestepbe-
yond the read-onlydatabasend extendedstandardDBMS
for imageretrieval. In Ref. [139], a relationaldatabaseys-
tem POSTGRESSs usedfor storing and managingdigital
imagesandtheir associatedextual data.
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Making imageretrieval as a plug-in modulein an exist-
ing DBMS not only solves the image dataintegrity prob-
lem andallows dynamicupdateshut also provides natural
integration with featuresderived from other sources[15].
A truly integrated CBIR systemwould require the inte-
gration of content-basedimilarity, interactionwith users,
visualizationof image databasegatabaseananagementor
retrieval relevantimages.etc.[15].

5.4. Standad image testbedand performanceevaluation
model

Though mary researcherghooseto use Corel images
astestdatato evaluatetheir CBIR systemsthereis so far
no standardestbed anddifferentsubsetof Corelimages
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
the samesetof performanceneasuresthe authorsevaluate
theretrieval performanceof sameCBIR systemin different
ways, by submittingdifferentqueryimagesand by setting
differentgroundtruth data.The resultsshow thatit is very
easyto get differentretrieval performance gven with the
samemagecollection,the sameCBIR systemandthesame
performancaneasuredt demonstratethatit is impossible
to objectively comparethe performance®sf differentCBIR
systemsunlesst is clearlystatedvhichimageswvereusedas
testdata,which wereusedasqueriesandwhich parameters
have beenusedto measureperformance.

Hence,a standardmage databasevith a query setand
correspondingerformanceneasurenodelis highly in need
for objective performancesvaluationof CBIR systems.

6. Conclusions

Researchn content-baseimageretrieval (CBIR) in the
pasthasbeenfocusedon image processinglow-level fea-
tureextraction,etc.Extensve experimenton CBIR systems
demonstrat¢hatlow-level imagefeaturescannotalwaysde-
scribehigh-level semanticconceptsn the usersmind. It is
believed that CBIR systemsshouldprovide maximumsup-
portin bridgingthe ssemantigap<betweerow-level visual
featuresandthe richnessof humansemantics.

This paper provides a comprehense surey of recent
work towards narraving down the esemantic gape. We
have identi“ed “ve major catgories of state-of-the-art
techniquesi(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 userseintention;

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

Focusingon the differencesbetweenCBIR with high-
level semanticsandtraditional systemswith low-level fea-
tures, this paperalso provides useful insights intohow to
obtainsalientlow-level featuregto facilitate <semantiogape
reductionIn addition,currenttechniquesn imagesimilarity
measureredescribedAs conventionalMinkowski metric-
basedsimilarity measurecannoteffectively model human
perception,perceptualimage similarity measureis to be
further studied.Testdatasetand performancesvaluationof
CBIR systemsaarealsodiscussedWe believe thatestablish-
ing astandardestsetandevaluationmodelis necessaryor
objective performancecomparison.

Basedon the currenttechnologiesavailable and the de-
mandfrom practicalapplicationsafew openissuesreiden-
ti“ed from systempoint of view, including query-language
design,ntegrationof imageretrieval with databasenanage-
mentsystem high-dimensionalmagefeatureindexing, etc.

To implementa full-"edged imageretrieval systemwith
high-level semanticsequiresthe integrationof salientlow-
level featureextraction, effective learningof high-level se-
matics, friendly userinferface,and ef‘ceint indexing tool.
Mostsystemsunderstandabliymit their contributionsto one
or two of thesecomponentsA CBIR frameavork providing
a morebalancedview of all the constituentcomponentss
in need.
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