
Semantics-basedImageRetrieval by RegionSaliency

Wei Wang,YuqingSongandAidongZhang

Departmentof ComputerScienceandEngineering,
StateUniversityof New York atBuffalo,

Buffalo,NY 14260,USA�
wwang3, ys2, azhang � @cse.buffalo.edu

Abstract. We proposea new approachfor semantics-basedimageretrieval. We
usecolor-textureclassificationto generatethecodebookwhichis usedto segment
imagesinto regions.Thecontentof a region is characterizedby its self-saliency
andthe lower-level featuresof theregion, includingcolor andtexture.Thecon-
text of regionsin animagedescribestheir relationships,whicharerelatedto their
relative-saliencies.High-level (semantics-based)queryingandquery-by-example
aresupportedon thebasisof thecontentandcontext of imageregions.Theex-
perimentalresultsdemonstratetheeffectivenessof ourapproach.

1 Intr oduction

Althoughthecontent-basedimageretrieval (CBIR) techniquesbasedon low-level fea-
turessuchascolor, texture,andshapehave beenextensively explored,their effective-
nessandefficiency arenotsatisfactory. Theultimategoalof imageretrieval is to provide
theuserswith thefacility to managelargeimagedatabasesin anautomatic,flexible and
efficientway. Therefore,imageretrieval systemsshouldbearmedto supporthigh-level
(semantics-based)queryingandbrowsingof images.

Thebasicelementsto carrysemanticinformationaretheimageregionswhich cor-
respondto semanticobjects,if the imagesegmentationis effective. Most approaches
proposedfor region-basedimageretrieval, althoughsuccessfulin someaspects,could
not integratethe semanticdescriptionsinto the regions,thereforecannotsupportthe
high-level queryingof images.After theregionsareobtained,properrepresentationof
thecontentandcontext remainsachallenge.

In ourpreviouswork [7], weusedcolor-textureclassificationto generatetheseman-
tic codebookwhich is usedto segmentimagesinto regions.Thecontentandcontext of
regionswerethenextractedin aprobabilisticmannerandusedto performtheretrieval.
The computationof the contentandcontext neededsomeheuristicweight functions,
which canbe improved to combinevisual features.In addition,when retrieving im-
ages,usersmay be interestedin both semanticsandsomespecificvisual featuresof
images.Thusthe contentandcontext of imageregionsshouldbe refinedto incorpo-
ratedifferentvisual features.Thesalienciesof theimageregions[2], [3], [6] represent
the importantvisual cuesof regions, thereforecan be usedto improve our previous
method.In this paper, we will introducean improved image-retrieval method,which
incorporatesregionsaliency to thedefinitionof contentandcontext of imageregions.



The salienciesof regions have beenusedto detectthe region of interest (ROI).
In [6], saliency was further categorized as self-saliencyand relative-saliency. Self-
saliency wasdefinedas “what determineshow conspicuousa region is on its own”,
while relative-saliency wasusedto measurehow distinctive theregion appearsamong
other regions.Apparently, salienciesof regions representthe intrinsic propertiesand
relationshipsfor imageregions.

Ourapproachconsistsof threelevels.At thepixel level, color-textureclassification
is usedto form the semanticcodebook.At the region level, the semanticcodebookis
usedto segmentthe imagesinto regions.At the imagelevel, contentandcontext of
imageregionsaredefinedandrepresentedon thebasisof their salienciesto supportthe
semanticsretrieval from images.Thethreelevelsareillustratedin Figure1.
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Fig.1. Systemdesignof ourapproach.

The remainderof the paperis organizedasfollows. From Section2 to Section5,
eachstepof our approachis elaborated.In Section6 experimentalresultswill bepre-
sented,andwe will concludein Section7.

2 Image segmentation

2.1 Generationof the semanticcodebook

We generatethe semanticcodebookby using color-texture classificationto classify
thecolor-texturefeaturevectorsfor pixels in the imagesinto cells in thecolor-texture
space.About the color-texture featurevectorsfor eachpixel, the threecolor features
we choosearethe averagedRGBvaluesin a neighborhoodandthe threetexture fea-
turesareanisotropy, contrast and flowOrEdge. Anisotropy measuresthe energy com-
parisonbetweenthedominantorientationandits orthogonaldirection.Contrastreflects
the contrast,or harshnessof the neighborhood.FlowOrEdge candistinguishwhether
an 1D texture is a flow or an edge.(See[7] for detaileddescriptionof thesevalues).
The color andtexture featurevectorsaredenotedasColorFV andTextureFV , respec-
tively. Thereforefor eachpixel, we have a six-dimensionalfeaturevectorwherethree
dimensionsarefor color, andthreefor texture.The color-textureclassificationis per-
formedin thefollowing way: by ColorFV , thecolor spaceis uniformly quantizedinto
4 � 4 � 4 � 64 classes;by TextureFV , texture spaceis classifiedinto 7 classes:one
classfor low contrastand edge,respectively; two classesfor flow and threefor 2D
texture. Formal definition of theseclassescan be found in [7]. Becauseedgescan-
not reflect the color-texture characteristicsof image regions semantically, we clas-
sify all the pixels, except thosepixels correspondingto edges,to 6 texture classes



LowContrast � 2D0 � 2D1 � 2D2 � Flow0 � Flow1. Correspondingto T � T � 6� textureclasses
andC � C � 64� colorclasses,wenow split thecolor-texturespace(denotedasCTS, ex-
cludingthepixelson theedges)to C � T cells.

We thendefinethemajorsemanticcategoriesbasedon thesemanticconstraintsof
theimagesin thedatabase:SC ��� sc1 �
	�	�	�	�� scM 
 	 ForeachsemanticcategorySCi , certain
numberof imagesarechosento bethetrainingimagessuchthatthesemanticcodebook
generatedfrom themcanrepresentasmuchaspossiblethecolor-texturecharacteristics
of all imagesin the databasebelongingto the SC. The setof all pixels in the training
images,except thosein classEdge, is denotedas TrainingPixels. For eachpixel in
TrainingPixels, its featurevectorwill fall into onecell of CTS. After all the pixels in
TrainingPixels areclassified,for eachcell in CTS we count the numberof pixels in
it. Only thosecells whosenumberof pixels exceedsa thresholdwill be oneentry of
the semanticcodebookof the thatdatabase.Thereforethe sizeof semanticcodebook
will belessor equalto C � T. In thefollowing discussion,we useSCDB to denotethe
semanticcodebookfor color-texturespace,andsupposeits sizeis N.

2.2 Imagesegmentationbasedon semanticcodebook

Wesegmentimagesby SCDB in thisway: for eachimageI , weextractthecolor-texture
featurevector for eachpixel q of I . For eachfeaturevector, we find the cell in CTS
wherethepixel belongsto. If thecell is oneof SCDB’s entries,q is replacedwith the
index of that entry; otherwiseits value is set to C � T � 1 to distinguishit from any
valid entryof thesemanticcodebook.After theprocess,I becomesa matrix of indices
correspondingto entriesin SCDB. Becausethenumberof valuableregionsin animage
is usually lessthan 5 in our experiments,we only choose5 most dominantindices
(referredasDOMINANT) anduseDOMINANT to re-index thepixelswith indicesnot
presentin DOMINANT 1. Finally we run the encodedimagesthrougha connected-
componentsalgorithmandremovethesmallregions(with arealessthan200pixels).

3 Representationof saliencyfor regionsand semanticcategories

As statedbefore,saliency featuresof theregionscanbeeitherself-saliency or relative-
saliency. Self-saliency featuresare computedby the visual featuresof the regions.
Relative-saliency featuresarecomputedby taking the valueof a featurefor the cur-
rent region andcomparingit with theaveragevalueof that featurein the neighboring
regions.GaussianandSigmoidfunctionsareusedto mapthefeaturevaluesto theinter-
val [0, 1] for thepurposeof normalizationandintegrationof differentsaliency features.
Self andrelative-saliency featuresweareusinginclude:

(1) Self-saliencyfeaturesof imageregions:

– Size(Ssize): Ssize� Ri ��� max� A � Ri �
Amax

� 1 	 0� . HereA � Ri � is theareaof regionRi andAmax

is a constantusedpreventexcessive saliency beinggiven to very large regions.It

1 re-index meansto find theclosestcodebookentryin DOMINANT, not in thewholeSCDB.



wasshown in [3] that largerregionsaremorelikely to have largersaliency. How-
everasaturationpointsexists,afterwhich thesizesaliency levelsoff. Amax is setto
the5% of thetotal imagearea.Thevalueis in theinterval [0, 1].

– Eccentricity(Secce, for shape):Secce� Ri ��� major axis� Ri �
minor axis� Ri � . A Gaussianfunctionmaps

thevalueto theinterval [0, 1].

– Circularity (Scirc, for shape):Scirc � Ri ��� Peri � Ri � 2
A � Ri � . HerePeri � Ri � is theperimeterof

theregionRi anda Sigmoidfunctionmapsthevalueto theinterval [0, 1].
– Perpendicularity(Sperp, for shape): Sperp � Ri ��� angle� major axis� Ri ���

π � 2 . A Sigmoid
functionmapsthevalueto theinterval [0, 1].

– Location(Sloca): Sloca � Ri ��� center � Ri �
A � Ri � . Herecenter � Ri � is thenumberof pixelsin

regionRi whicharealsoin thecenter25%of theimage.

(2) Relative-saliencyfeaturesof imageregions: similar to [2], relative-saliency features
arecomputedas:

� Relative � saliency� f eature
Ri

� ∑
Ri � NR� i �� 0

���
f eatureR0 � f eatureRi

���
f eatureRi

Here NR refers to the neighboringregions.We useBrightnessand Location as the
featuresandcomputeRelativebrightnessandrelativelocationastherelative-saliency
featuresin thesystem.Thevaluesaremappedto interval [0, 1] usingSigmoidfunctions.

(3) Combiningself and relative-saliencyto generate the saliencyof the regionsand
semanticcategories: It is not necessarythat all the saliency featureswill be usedfor
eachsemanticcategories.Wechooseparticularsaliency feature(s)to representthemost
dominantvisual featuresof eachsemanticcategories,if possible.For instance,assume
wehaveacategory“waterfalls”. Wewill useEccentricityandPerpendicularityaswell
asRelativebrightnessfor the saliency featuresbecauseusually “water falls” will be
long andnarrow, andcanbe approximatelydescribedasperpendicularto the ground.
Anotherexampleis thecategory “flower”, theCircularity andLocationaswell asRel-
ative brightnessareusedsinceusuallyflower will be roundandin the middle of the
imagesandbrightercomparedwith surroundingscenes.A tablein Section6 lists the
selectionof thesaliency featuresfor all thesemanticcategorieswehave in thesystem.

Becauseall theselfandrelative-saliency valuesarenormalizedto theinterval [0, 1],
we cansimply addthemtogetherastheSaliencyof theregion with regardto a certain
semanticcategory, denotedasSal � Ri � SCj � , for theregionRi andthesemanticcategory
SCj . For all theregionsin trainingimagesthatrepresentthesemanticcategorySCj , we
calculatethemeanandvarianceof their saliency andstorethemastheSaliencyof the
semanticcategory, denotedasµj andσ j for theSCj .

4 Representationof contentand contextof regions

By collectingthestatisticaldatafrom thetrainingimages,we derive thelogic to repre-
sentthecontentandcontext for all theimagesin thedatabasefor thesemanticsretrieval.
We first generatethe statisticaldatafrom the training images.For eachentryei in the



semanticcodebookSCDB, andeachsemanticcategorySCj , wecountthenumberof re-
gionsR in thetrainingimagessuchthat(i) thepixelsin Rbelongto ei (ei is acell in the
CTS); and(ii) theregion R representsanobjectbelongto thecategory SCj . Theresult
is storedin a tablecalledcell-category statisticstable. In addition,we countthetimes
that two or threedifferentcategoriespresentin thesametrainingimages.Theresultis
storedin a table,calledcategory-categorystatisticstable.

Basedon the cell-category statisticstable,for eachcodebookentry of SCDB, we
cancalculateits probability of representinga certainsemanticcategory. Let N be the
sizeof SCDB, M be thenumberof SC, i � SCj � i �! 0 	�	�	N � 1"#� j �! 0 	�	�	M � 1" denote
theeventthatindex of SCDB i representssemanticsdescribedin SCj . Theprobabilityof

theevent i � SCj is P � i � SCj �$� T � i % SCj �
T � i � � whereT � e� representsevente’s presence

timesin thetrainingimages.
Basedon thecategory-categorystatisticstable,we definetheBi-correlationfactor

andTri-correlationfactor, for representingthecontext of regions.

Definition 1 For any two differentsemanticcategoriesSCi andSCj , we definetheBi-
correlation factor Bi � j as:Bi � j � ni & j

ni ' n j ( ni & j 	
Definition 2 For any threedifferentsemanticcategoriesSCi , SCj andSCk, we define
theTri-corr elation factor Ti � j � k as:Ti � j � k � ni & j & k

ni ' n j ' nk ( ni & j ( ni & k ( n j & k ' ni & j & k 	 Hereni , ni � j and

ni � j � k areentriesin thecategory-categorystatisticstable.Bi andTri-correlationfactors
reflect the correlationbetweentwo or threedifferent categorieswithin the scopeof
trainingimages.If thetrainingimagesareselectedsuitably, they reflecttherelationship
of pre-definedsemanticcategoriesweareinterestedin.

Armed with the statisticaldatawe have generatedfrom training images,we can
defineand extract contentand context of regions for all the imagesin the database.
Assumewe have animageI with numberof Q regions.TheSCDB’s codebookindices
of regionsareCi � i �) 0 	�	�	Q � 1" , andregionsarerepresentedby Ri � i �! 0 	�	�	Q � 1" , and
eachCi is associatedwith iN possiblesemanticcategoriesSCi j * i + � i j � i � �, 0 	�	�	N � 1"#� j � i ��� 0 	�	�	 iN � 1" 2. For I , let Pall bethesetof all possiblecombinationsof indicesof semantic
categoriesrepresentedby regionsRi � i �- 0 	�	�	Q � 1" . We have

Pall �.�/� 0 j � 0� �0	�	�	�� i j � i � �0	�	�	�� Q � 1j � Q ( 1� � �21 i � P � Ci � SCi j * i + ��3 0 � i �- 0 	�	�	Q � 1"4�
i j � i � �5 0 	�	�	N � 1"#� j � i �6�- 0 	�	�	 iN � 1" 


Notetherearetotally ∏Q ( 1
i � 0 iN possiblecombinationsfor Pall , thereforePall has∏Q ( 1

i � 0 iN
tuplesof semanticcategoriesindices,with eachtuplehaving Q fields.

Correspondingtoeachtupleκ � Pall , for Q 37� 2wehaveB � κ �8� ∑p � q � κ � p 9 qBp � q � κ �
Pall � andfor Q 37� 3 we have T � κ �:� ∑p � q � r � κ � p 9 q 9 r Tp � q � r � κ � Pall 	 Here p � q � r are
the indicesbelongingto tuple κ, B � κ � representsthe sumof Bi-correlationfactorsof
differentsemanticcategorieswith regard to tuple κ, andT � κ � representsthe sumof
Tri-correlationfactorsof differentsemanticcategorieswith regardto tupleκ.

2 N is thesizeof SCDB



Definition 3 WedefineContextCScore � κ � of I as:CScore � κ �8� 1
Norm� κ � � B � κ �;� βT � κ �0�<� κ �

Pall hereNorm� κ � is thenormalizationfunctionwith tupleκ, β is theweightfor T � κ � ,
sinceT � κ � will bemoreeffective in distinguishingcontextsof imagesthanB � κ � 3. We
normalizethe CScore becauseseveral region indicesmay point to the samesemantic
category, we needto guaranteethat removal the redundantsemanticcategory will not
influencetheeffectivenessof CScore.

Definition 4 WedefineProbScorePScore � κ � of I as:PScore � κ �=� ∑Q ( 1
i � 0 w � Ri � SCi j � P � Ci �

SCi j �<� i j � κ � κ � Pall PScore � κ � representstheprobabilityscorecorrespondingto tupleκ,
herew � Ri � SCi j � is theweight functionwith regardto region Ri andsemanticcategory
SCi j , it canbedeterminedby usingthesaliency of theregionandthesemanticcategory:

w � Ri � SCi j �$� 1

σi j > 2π
e( � Sal� Ri � SCi j �?( µi j � 2 � 2σ2

i j

whereSal � Ri � SCi j � is the saliency of region Ri with regardto the semanticcategory
SCi j , µi j andσi j arethesaliency of thesemanticcategorySCi j .

Definition 5 We definethe TotalScore TScore of imageI asTScore � Max� PScore � κ �@�
γCScore � κ � � κ � Pall 
 whereMax� t 
 representsthemaximumvalueof valuet.

Definition 6 We definetheContent of imageI asthesemanticcategoriescorrespond-
ing to TScore. By computingthemaximumvalueof PScore � κ �A� γCScore � κ � overall tuples
in Pall , we find thesemanticcategoriesthatbestinterpretthesemanticsof the regions
in imageI astheContent of I . We storetheContent, TScore andtheeachregion’sSCDB
codebookindex and saliency as the final featuresfor I . Note that for thoseregions
whosecodebookindicesareinvalid correspondingto semanticcodebook,wewill mark
its semanticcategoryas“UNKNOWN”.

5 Semanticsretrieval

Both semantickeyword queryandquery-by-examplearesupportedin our approach.
Accordingto thesubmittedsemantickeywords(correspondingto semanticcategories),
the systemwill first find out thoseimagesthat containall of the categories(denoted
assetRI), thenrank the documentsby sortingthe TScore storedfor eachimagein the
database.For thoseimagesbelongingto RI thathas“UNKNOWN” category, its TScore

will bemultipliedby adiminishingfactor. Whenusersubmitsthequery-by-example,if
thequeryimageis in thedatabase,its Content will beusedasquerykeywordsto per-
form theretrieval,otherwiseit will first gothroughtheabovestepsto obtaintheContent
andTScore. Whenusersareinterestedin retrieving imageswith not only sameseman-
tics, but also the similar visual featuresas the query, Euclideandistanceof saliency
valuewill becalculatedbetweenthequeryimageQ andimageI in RI:

d � I � Q�B�
C

W ( 1

∑
i � 0

� Sal � IRi � SCj �8� Sal � QRi � SCj �
� 2
3 In ourexperiments,we selectβ D 10.



HereassumeQ hasW regionsandI ’s region IRi hassamesemanticcategory SCj with
Q’s regionQRi. d � I � Q� indicatesthedistanceof saliency betweenI andQ andtherefore
canbeusedto fine tuneTScore.

6 Experiments

To testthe effectivenessof our approachin retrieving the images,we conductexperi-
mentsto comparetheperformancebetweenour approach(with andwithout usingthe
saliency features)and the traditionalCBIR techniquesincluding Keyblock [1], color
histogram[5], colorcoherentvector[4]. Thecomparisonis madeby theprecisionsand
recallsof eachmethodon all thesemanticcategories.In thefollowing table,we define
10semanticcategoriesandlist thesaliency featuresadoptedfor eachsemanticcategory
as “Y”, otherwiseas “N”. Abbreviations representthe saliency features:S–Size,E–
Eccentricity, C–Circularity, P–Perpendicularity, L-Location, RB–Relative brightness,
RL–Relative location.

Category Explanation No. in db S E C P L RB RL
SKY Sky (nosunset) 1323 N N N N Y N Y
WATER Water 474 N N N N Y N Y
TREE GRASS Treeor Grass 778 Y N N N N Y N
FALLS RIVER Fallsor Rivers 144 N Y N Y N Y N
FLOWER Flower 107 N N Y N Y Y N
EARTH ROCK Earthor Rocksor
MOUNTAIN Mountaincomposedof 998 Y N N N N N Y

ICE SNOW Iceor Snow or
MOUNTAIN Mountaincomposedof 204 Y N N N N N Y

SUNSET Sunsetscene 619 N N N N N Y N
NIGHT Night scene 171 Y N N N Y N N
SHADING Shading 1709 N N N N N N N

We useanimagedatabasewith nameCOREL andsize3865.TheCOREL imagescan
beconsideredassceneryandnon-scenery. Sceneryparthas2639imagesconsistingim-
agescontainingthe definedsemanticcategories,while non-sceneryparthas1226im-
agesincludingdifferentkindsof textures,indoor, animals,molecules,etc.We choose
251 training imagesfrom sceneryimagesas training imagesand form the semantic
codebookwith size 149. For eachsemanticcategory SCi , we calculateand plot the
precision-recallof ourapproachin thefollowing way. Let RETRIEVELIST denotethe
imagesretrievedwith SCi . SupposeRETRIEVELIST hasn images.We calculatethe
precisionsandrecallsof first n

30, 2n
30, .... , andn imagesin RETRIEVELIST, respec-

tively.
SincetraditionalCBIRapproachesacceptsonlyquery-by-example,wehaveto solve

theproblemof comparingtheapproachof query-by-semanticswith query-by-example.
Let ustakeKeyblockastheexampleof traditionalCBIR to show how wechoosequery
setsandcalculatethe precision-recallfor thesemethods.Supposeusersubmitsa se-
mantickeyword queryof semanticcategory of Sky. Therearetotal of 1323imagesin



COREL containingSky. For eachimagecontainingSky, weuseit asaqueryonCOREL
to selecttop 100imagesby Keyblock,andcountthenumberof imagescontainingSky
in theretrievedset.Thenwe sortthe1323imagesdescendinglyby thenumbersof Sky
imagesin their correspondingretrievedsets.Let thesortedlist beSKYLIST. Thenwe
selectthe first 5% of SKYLIST asqueryset,denotedasQUERYSET. Thenfor each
COREL imageI , we calculateshortestdistanceto QUERYSET �!� I 
 by Keyblock 4.
TheCOREL imagesaresortedascendantlyby this distance.Top 1323COREL images
areretrievedandwe calculateandplot theprecision-recallof Keyblock on Sky, aswe
did for our approach.

Theaverageprecision-recallonall semanticcategoriesis shown in Figure2.Wecan
seeourmethodoutperformstraditionalapproachesandretrieval performanceimproves
whensaliency featuresareused.
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7 Conclusion

The saliency of imageregions,which describesthe perceptualimportanceof the re-
gions,is usedfor the semantics-basedimageretrieval. It helpsrefinethe contentand
context of regions to representthe semanticsof regionsmore precisely. The experi-
mentalresultsshow thatourapproachoutperformsthetraditionalCBIR approacheswe
comparedwith.

4 imagesin theQUERYSET will havedistancezeroto QUERYSET. Thusthequeryimageswill
beautomaticallyberetrievedasthetop5%images,which is unfair whenmakingcomparison.
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