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Abstract. We proposea hen approactfor semantics-basechageretrieval. We
usecolor-textureclassificatiorto generatehecodebookwvhichis usedto segment
imagesinto regions. The contentof a region is characterizedby its self-salienyg

andthe lower-level featuresof the region, including color andtexture. The con-
text of regionsin animagedescribesheir relationshipswhich arerelatedto their
relative-salienciesHigh-level (semantics-basedueryingandquery-by-eample
aresupportedn the basisof the contentand context of imageregions. The ex-

perimentakesultsdemonstrat¢éhe effectivenesof our approach.

1 Intr oduction

Althoughthe content-basetmageretrieval (CBIR) techniquedasedn low-level fea-
turessuchascolor, texture,andshapehave beenextensiely explored,their effective-
nessandefficiengy arenotsatishictory Theultimategoalof imageretrieval is to provide
theuserswith thefacility to managdargeimagedatabase anautomaticflexible and
efficientway. Thereforejmageretrieval systemshouldbe armedto supporthigh-level
(semantics-basedjueryingandbrowsingof images.

Thebasicelementdo carry semantidnformationaretheimageregionswhich cor-
respondto semanticobjects,if the imagesegmentationis effective. Most approaches
proposedor region-basedmageretrieval, althoughsuccessfuin someaspects¢ould
not integratethe semanticdescriptionsinto the regions, thereforecannotsupportthe
high-level queryingof images After theregionsareobtained properrepresentationf
the contentandcontext remainsa challenge.

In our previouswork [7], we usedcolor-textureclassificatiorto generatéhe seman-
tic codebookwhichis usedto sggmentimagesinto regions.The contentandcontext of
regionswerethenextractedin a probabilisticmannerandusedto performtheretrieval.
The computationof the contentand context neededsomeheuristicweight functions,
which can be improved to combinevisual features.In addition, when retrieving im-
ages,usersmay be interestedn both semanticsaand somespecificvisual featuresof
images.Thusthe contentand context of imageregions shouldbe refinedto incorpo-
ratedifferentvisual featuresThe saliencieof theimageregions[2], [3], [6] represent
the importantvisual cuesof regions, thereforecan be usedto improve our previous
method.In this paper we will introducean improved image-retri#al method,which
incorporatesgegion salieng to the definition of contentandcontext of imageregions.



The salienciesof regions have beenusedto detectthe region of interest (ROI).
In [6], salieny was further categyorized as self-saliencyand relative-saliency Self-
salieny was definedas “what determineshow conspicuousa region is on its own”,
while relative-salieng wasusedto measureéhow distinctive the region appearamong
otherregions. Apparently salienciesof regionsrepresenthe intrinsic propertiesand
relationshipgor imageregions.

Our approactconsistof threelevels. At the pixel level, color-textureclassification
is usedto form the semanticcodebook At the region level, the semanticcodebookis
usedto segmentthe imagesinto regions. At the imagelevel, contentand context of
imageregionsaredefinedandrepresentedn the basisof their salienciedo supporthe
semanticsetrieval from imagesThethreelevelsareillustratedin Figurel.
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Fig. 1. Systemdesignof our approach.

Semantic . Content & Semantic
I | Regions

The remainderof the paperis organizedasfollows. From Section2 to Section5,
eachstepof our approachs elaboratedin Section6 experimentalresultswill be pre-
sentedandwe will concluden Section?.

2 Image segmentation

2.1 Generation of the semanticcodebook

We generatethe semanticcodebookby using color-texture classificationto classify
the color-texture featurevectorsfor pixelsin theimagesinto cellsin the color-texture
space About the colortexture featurevectorsfor eachpixel, the threecolor features
we choosearethe averagedRGB valuesin a neighborhoodandthe threetexture fea-
turesare anisotiopy, contrast and flowOrEdge. Anisotiopy measureshe enegy com-
parisonbetweerthedominantorientationandits orthogonalirection.Contrastreflects
the contrast,or harshnessf the neighborhoodFlowOrEdge candistinguishwhether
an 1D textureis a flow or an edge.(See[7] for detaileddescriptionof thesevalues).
The color andtexture featurevectorsare denotedasColorgy and Texturery, respec-
tively. Thereforefor eachpixel, we have a six-dimensionafeaturevectorwherethree
dimensionsarefor color, andthreefor texture. The color-texture classificationis per
formedin thefollowing way: by Colorgy, the color spaces uniformly quantizednto
4 x 4 x 4 = 64 classespy Texturery, texture spaceis classifiedinto 7 classesone
classfor low contrastand edge,respectiely; two classedor flow andthreefor 2D
texture. Formal definition of theseclassescan be found in [7]. Becauseedgescan-
not reflect the color-texture characteristicof image regions semantically we clas-
sify all the pixels, except thosepixels correspondingo edges,to 6 texture classes



LowContrag, 2Dy, 2D1,2D;,Flow, Flow;. Correspondingo T(T = 6) textureclasses
andC(C = 64) color classeswe now split the color-texturespacgdenotedasCT S, ex-
cludingthe pixelsontheedges)}o C x T cells.

We thendefinethe major semanticcategoriesbasedon the semanticconstraintof
theimagesn thedatabaseSC = {sq, ....,Sau }. For eachsemanticateyory SC, certain
numberof imagesarechoserto bethetrainingimagessuchthatthesemanticodebook
generatedrom themcanrepresenasmuchaspossiblethe color-texturecharacteristics
of all imagesin the databasdelongingto the SC. The setof all pixelsin the training
images,exceptthosein classEdge, is denotedas TrainingPixek. For eachpixel in
TrainingPixek, its featurevectorwill fall into onecell of CTS. After all the pixelsin
TrainingPixek are classified,for eachcell in CTS we countthe numberof pixelsin
it. Only thosecells whosenumberof pixels exceedsa thresholdwill be one entry of
the semanticcodebookof the that databaseThereforethe size of semanticcodebook
will belessor equalto C x T. In thefollowing discussionwe useSCDB to denotethe
semanticcodebookKor color-texture spaceandsupposats sizeis N.

2.2 Image segmentationbasedon semanticcodebook

We sggmentimagesby SCDB in thisway: for eachimagel, we extractthe color-texture
featurevectorfor eachpixel q of I. For eachfeaturevector, we find the cell in CTS
wherethe pixel belongsto. If the cell is oneof SCDB’s entries,q is replacedwith the
index of that entry; otherwiseits valueis setto C x T + 1 to distinguishit from ary
valid entry of the semanticcodebookAfter the process] becomes matrix of indices
correspondingo entriesin SCDB. Becausehe numberof valuableregionsin animage
is usually lessthan 5 in our experiments,we only choose5 most dominantindices
(referredasDOMINANT) anduseDOMINANT to re-index the pixelswith indicesnot
presentin DOMINANT 1. Finally we run the encodedmagesthrougha connected-
componentslgorithmandremove the smallregions(with arealessthan200 pixels).

3 Representationof saliencyfor regionsand semanticcategories

As statedbefore,salieny featuresof theregionscanbeeitherself-salieng or relative-

salieng. Self-salieng featuresare computedby the visual featuresof the regions.
Relative-salienyg featuresare computedby taking the value of a featurefor the cur-

rentregion andcomparingit with the averagevalue of thatfeaturein the neighboring
regions.GaussiarandSigmoidfunctionsareusedio mapthefeaturevaluesto theinter

val [0, 1] for thepurposeof normalizationandintegrationof differentsalieng features.
Selfandrelative-salieng featureswve areusinginclude:

(1) Self-saliencyeaturesof image regions

— Size(Ssizd: SizdR) = maK%,l.O). HereA(R) istheareaof region R andAnax
is a constantusedpreventexcessve salieny beinggivento very large regions. It

1 re-index meanso find theclosesttodeboolentryin DOMINANT, notin thewhole SCDB.



wasshawn in [3] thatlargerregionsaremorelik ely to have larger salieng. How-
ever a saturatiorpointsexists,afterwhich the sizesalieny levelsoff. Amaxis setto
the 5% of thetotalimagearea.Thevalueis in theinterval [0, 1].

— Eccentricity(Secce for shape): Seccd R) = %ﬁm A Gaussiariunctionmaps
thevalueto theinterval [0, 1].

— Circularity (Sirc, for shape): Sirc(R) = Pe/f(%)z. HerePeri(R)) is the perimeternf

theregion R anda Sigmoidfunctionmapsthevalueto theinterval [0, 1].

— Perpendicularity (Sperp, for shape): Spem(R) = w. A Sigmoid
functionmapsthevalueto theinterval [0, 1].

— Location(Soca): Soca(R) = %&fﬁ). Herecerter(R;) is the numberof pixelsin
region R; whicharealsoin the center25% of theimage.

(2) Relative-saliencfeatuiesof imageregions similarto [2], relative-salieng features
arecomputeds:

(Relative— saliency)

feaure _ || feaurer, — feaurer ||
R RieNRjiz0 feaurer

Here NR refersto the neighboringregions. We use Brightnessand Location as the
featuresandcomputeRelativebrightnessandrelative location asthe relative-salieng
featuresn thesystemThevaluesaremappedo interval [0, 1] usingSigmoidfunctions.

(3) Combiningself and relative-saliencyto genemate the saliencyof the regions and
semanticcategories It is not necessaryhat all the salieny featureswill be usedfor
eachsemanticatgyories We chooseparticularsalieny feature(s}o representhemost
dominantvisualfeaturesof eachsemanticcategories,if possible For instanceassume
we have a category “waterfalls”. We will useEccentricityandPerpendicularityaswell
as Relativebrightnessfor the salieny featuresbecauseausually “waterfalls” will be
long andnarrav, andcanbe approximatelydescribedasperpendiculato the ground.
Anotherexampleis the catggory “flower”, the Circularity andLocationaswell asRel-
ative brightnessare usedsinceusually flower will be roundandin the middle of the
imagesand brightercomparedwith surroundingscenesA tablein Sectioné6 lists the
selectionof the salieny featuredor all the semanticcateyorieswe have in the system.

Becausall theselfandrelative-salieng valuesarenormalizedo theintenval [0, 1],
we cansimply addthemtogetherasthe Saliencyof the region with regardto a certain
semanticcateyory, denotedasSal(R;, SCj), for theregion R, andthe semanticcategory
SC;. For all theregionsin trainingimagesthatrepresenthe semanticategory SCj, we
calculatethe meanandvarianceof their salieny andstorethemasthe Saliencyof the
semanticcategory, denotedasy; andaj for the ;.

4 Representationof contentand context of regions

By collectingthe statisticaldatafrom thetrainingimageswe derive thelogic to repre-
sentthecontentandcontext for all theimagesn thedatabaséor thesemanticsetrieval.
We first generatehe statisticaldatafrom the training images.For eachentry g in the



semanticcodebookCDB, andeachsemanticatgory SCj, we countthenumberof re-
gionsRin thetrainingimagessuchthat(i) thepixelsin Rbelongto g (g is acellin the
CTS); and(ii) theregion R representsin objectbelongto the catgyory SC;. Theresult
is storedin atablecalledcell-catgory statisticstable. In addition,we countthetimes
thattwo or threedifferentcategyoriespresenin the sametrainingimages.Theresultis
storedin atable,calledcategory-category statisticstable

Basedon the cell-cateyory statisticstable, for eachcodebookentry of SCDB, we
cancalculateits probability of representing certainsemanticcategory. Let N be the
sizeof SCDB, M bethe numberof SC, i — SCj,i € [0..N—1], ] € [0...M — 1] denote
theeventthatindex of SCDB i representsemanticslescribedn SC;. Theprobabilityof
theeventi — SCj isP(i - ) = T('T_’(ﬁcj), whereT (e) representgvente’s presence
timesin thetrainingimages.

Basedon the category-catgory statisticstable,we definethe Bi-correlationfactor
andTri-correlationfactor, for representinghe context of regions.

Definition 1 For ary two differentsemanticcategoriesSC; and Cj, we definethe Bi-
. D . n"‘

correlation factor B; j as:B; j = m

Definition 2 For ary threedifferentsemanticcategoriesSC;, SC; and SCy, we define
. . . _ n»y“k . -

the Tri-corr e_Iatl_on factor T jk as:Tijk = ni'f‘nj_'f'nk—ni,jI—Jni.|_<—nj,k+ni,_j,k. Herer_1|, n,j and

ni,j x areentriesin the category-cateory statisticstable.Bi and Tri-correlationfactors

reflect the correlationbetweentwo or three different categorieswithin the scopeof

trainingimageslf thetrainingimagesareselecteduitably they reflecttherelationship

of pre-definedsemantiacatgyorieswe areinterestedn.

Armed with the statisticaldatawe have generatedrom training images,we can
defineand extract contentand context of regionsfor all the imagesin the database.
Assumewe have animagel with numberof Q regions. The SCDB’s codebookindices
of regionsareC;,i € [0...Q — 1], andregionsarerepresentethy R;,i € [0...Q— 1], and
eachC; isassociatewvith iy possibleemanticcat@ories&)ij(i) sy €[0..N=1], j(i) €
[0...in— 1]2. Forl, let Py bethesetof all possiblecombinationf indicesof semantic
catgoriesrepresentedly regionsR;,i € [0...Q— 1]. We have

Pail = {(0j(0), --»1jiy>--»Q— Lj(@-1) | Vi,P(CG = i )) > 0,i € [0...Q— 1],
ij(i) € [O...N - 1],](|) € [0...iN - 1]}

Notetherearetotally |'|iQ:_01iN possiblecombinationgor Py, thereforePy hasﬂi(i_oliN
tuplesof semanticcategoriesindices,with eachtuple having Q fields.

Correspondingo eachtuplek € Py, for Q>=2wehaveB(K) = ¥ ; gex,p<qBpa» K€
Pair, andfor Q >= 3 we have T(K) = ¥, qrex,p<q<r Tpar, K € Pai. Herep,q,r are
the indicesbelongingto tuple k, B(k) representshe sumof Bi-correlationfactorsof
differentsemanticcategorieswith regardto tuple k, and T (k) representshe sum of
Tri-correlationfactorsof differentsemanticcateyorieswith regardto tuplek.

2 N is thesizeof SCDB



Definition 3 We defineContextCscoe(K) 0f | as:Cscor(K) = W(B(K)+BT(K)), K€
P hereNorm(k) is the normalizationfunctionwith tuplek, (3 is theweightfor T (k),
sinceT (k) will bemoreeffectivein distinguishingcontexts of imagesthanB(k) 3. We
normalizethe Cscoe becauseseveral region indicesmay point to the samesemantic
catagyory, we needto guaranteehatremoval the redundansemanticcategory will not

influencethe effectivenesof Cscoe.

Definition 4 WedefineProbScorePscoe(K) 0of | as:Pscoe(K) = ziQ:_olw(Ri,SCij)P(Q —
Ci)),ij € K, K € Pai Pscor(K) representtheprobability scorecorrespondingo tuplek,
herew(R;, SCj;) is the weightfunctionwith regardto region R; andsemanticcategory
i, , it canbedeterminedy usingthesalieng of theregionandthesemanticategory:

1 o (SalR,Cij)— Wj)?/207

0i,v2 n

whereSal(R;,SCj;) is the salieng of region R with regardto the semanticcategory
Ci;, W; ando;; arethesalieny of thesemanticcategory SCi.

wW(R;, Cij) =

Definition 5 We definethe TotalScore Tscoe Of imagel asTscoe = Max{Pscoe(K) +
YCscor(K) | K € Paii} whereMax{t} representthe maximumvalueof valuet.

Definition 6 We definethe Content of imagel asthe semanticcategoriescorrespond-
ing to Tscoe. By computingthe maximumvalueof Pscoe(K) + YCscor(K) overall tuples
in Py, we find the semanticcategyoriesthat bestinterpretthe semanticof the regions
in imagel astheCortert of |. We storetheCortent, Tscoe andtheeachregion’s SCDB
codebookindex and salieng asthe final featuresfor |. Note that for thoseregions
whosecodebookindicesareinvalid correspondingo semanticodebookwe will mark
its semanticatgory as“UNKNOWN?".

5 Semanticsretrieval

Both semantickeyword query and query-by-eampleare supportedn our approach.
Accordingto the submittedsemantikeywords(correspondingo semanticategories),
the systemwill first find out thoseimagesthat containall of the cateyories(denoted
assetRlI), thenrank the documentdy sortingthe Tscoe Storedfor eachimagein the
databaseror thoseimagesbelongingto RI thathas*UNKNOWN” category, itS Tscoe
will bemultiplied by adiminishingfactor Whenusersubmitsthe query-by-eample jif
the queryimageis in the databaseits Contert will be usedasquerykeywordsto per
formtheretrieval, otherwisdt will firstgothroughtheabove stepgo obtaintheContert
and Tscoe- Whenusersareinterestedn retrieving imageswith not only sameseman-
tics, but also the similar visual featuresas the query Euclideandistanceof salieny
valuewill be calculatecbetweerthe queryimageQ andimagel in RI:

d(1,Q) = \/W (Sal(Iri, SCj) — Sal(Qri, Cj))?

3 In our experimentsyve select3 = 10.



HereassumeQ hasW regionsandl’s region Ir; hassamesemantiacategory SCj with
Q'sregionQg;. d(I, Q) indicateghedistanceof salieny betweerl andQ andtherefore
canbeusedto fine tuneTscoe.

6 Experiments

To testthe effectivenesof our approachn retrieving the imageswe conductexperi-

mentsto comparethe performanceébetweenour approachiwith andwithout usingthe

salieny features)andthe traditional CBIR techniquesncluding Keyblock [1], color

histogran{5], color coherentrector[4]. The comparisornis madeby theprecisionsand

recallsof eachmethodon all the semanticcateyories.In thefollowing table,we define
10semanticategoriesandlist the salieny featuresadoptedor eachsemanticateyory

as"Y”, otherwiseas“N". Abbreviationsrepresenthe salieny features:S—-Size,E—

Eccentricity C—Circularity P—PerpendicularityL-Location, RB—Relatve brightness,
RL-Relatve location.

Cateory Explanation No. in db|S|E|C|P|L |RB|RL
SKY Sky (nosunset) 1323 |NIN|NIN|Y| N |Y
WATER Water 474 ININ|NIN|Y| N | Y
TREE.GRASS|Treeor Grass 778 |Y|NIN|NIN| Y | N
FALLS_RIVER|Falls or Rivers 144 INJY|N|Y|N| Y | N
FLOWER Flower 107 |N|N|Y|N|Y|Y | N
EARTH_ROCK|Earthor Rocksor

_MOUNTAIN |Mountaincomposedff 998 |Y|NIN|N|N|N |Y
ICE_.SNOW Ice or Snow or

_MOUNTAIN |Mountaincomposedfl 204 |Y|NIN|N|N|N |Y
SUNSET Sunsescene 619 |N|N|N|N|N|Y | N
NIGHT Night scene 171 |Y|N|NIN|Y| N | N
SHADING Shading 1709 |NIN|NIN|N| N | N

We useanimagedatabasevith nameCOREL andsize3865.The COREL imagescan
beconsideredssceneryandnon-sceneryScenerparthas2639imagesconsistingm-
agescontainingthe definedsemanticcateyories,while non-sceneryparthas1226im-
agesincluding differentkinds of textures,indoor, animals,moleculesgtc. We choose
251 training imagesfrom sceneryimagesas training imagesand form the semantic
codebookwith size 149. For eachsemanticcategory SC;, we calculateand plot the
precision-recalbf our approachin thefollowing way. Let RETRIEVELIST denotethe
imagesretrieved with SC;. SupposeRETRIEVELIST hasn images.We calculatethe
precisionsandrecallsof first 5, %—g, ..., andn imagesin RETRIEVELIST, respec-
tively.

SincetraditionalCBIR approacheaccept®nly query-by-example we haveto solve
theproblemof comparinghe approactof query-by-semanticwith query-by-example.
Let ustake Keyblock asthe exampleof traditional CBIR to shov how we choosequery
setsand calculatethe precision-recalfor thesemethods.Supposeusersubmitsa se-
mantickeyword queryof semanticcategory of Sky. Therearetotal of 1323imagesin



COREL containingSky. For eachimagecontainingSky, we useit asaqueryon COREL

to selecttop 100imagesby Keyblock, andcountthe numberof imagescontainingSky

in theretrievedset. Thenwe sortthe 1323imagesdescendinglyy the numbersof Sky

imagesin their correspondingetrieved sets.Let the sortedlist be SKYLIST. Thenwe

selectthe first 5% of SKYLIST asqueryset,denotedasQUERYSET. Thenfor each
COREL imagel, we calculateshortestdistanceto QUERYSET — {1} by Keyblock 4.

The COREL imagesaresortedascendantlypy this distance Top 1323COREL images
areretrievedandwe calculateandplot the precision-recalbf Keyblock on Sky, aswe

did for our approach.

Theaverageprecision-recalbnall semanticateyoriesis shovnin Figure2. We can
seeour methodoutperformdraditionalapproacheandretrieval performancémproves
whensalieny featuresareused.

Average Precision-Recall on COREL
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Fig. 2. AveragePrecision-recalbn all the Cs

7 Conclusion

The salieny of imageregions,which describeshe perceptuaimportanceof the re-
gions,is usedfor the semantics-baseithageretrieval. It helpsrefinethe contentand
context of regionsto representhe semanticof regions more precisely The experi-
mentalresultsshow thatour approactoutperformghetraditional CBIR approachewe
comparedvith.

4 imagesn theQUERYSET will havedistancezeroto QUERY SET. Thusthequeryimageswill
beautomaticallyberetrievedasthetop 5% imageswhichis unfair whenmakingcomparison.
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