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Abstract

We proposea novel approad for semanticgetrieval from
imagesin multimediadatabases.In our approad, we use
color-texture classificationto genemate the codebookwhich
is usedto sgmentimagesinto regions. The contentof a
region describeshe lowerlevel featues of the region, in-
cluding color andtexture. Thecontext of regionsin anim-
age describegheir relationshipsn the image. Thecontent
andcontext of image regionsprovidea wayfor semanticse-
trieval. Ontop of semanticsetrieval, high-level (semantics-
based)queryingand query-by-&ampleare supported.The
experimentaresultsdemonstatethat our approach outper
formsthetraditional CBIR approaches.

1 Intr oduction

Although content-basednageretrieval (CBIR) techniques
basednlow-level featuresuchascolor, texture,andshape
have beenextensiely explored,their effectivenessandeffi-
cieng/ arenot satishctory The ultimate goal of imagere-
trieval is to provide the userswith the facility to manage
largeimagedatabases anautomaticflexible andefficient
way. Thereforejmageretrieval systemsshouldbe armedto
supporthigh-level (semantics-basedyeryingandbrowsing
of images.Thebasicelementgo carrysemantiénformation
aretheimageregionswhich correspondo semantimbjects,
if theimagesegmentatioris effective. After theregionsare
obtained properrepresentatioof their contentandcontext
remainsa challenge.The extractionof contentand context
of imageregionsis a necessargtepfor semanticsetrieval.
Many methodshave beenproposedor region-basedm-
ageretrieval. Underkeyblock model[4], imagesare par
titioned into equal-sizedblocks and featuresare extracted
by training blocks to form the codebook. Imagesare in-
dexed using the codebook. Image retrieval is performed
basedon the indexed images. The equal-sizedblocks ig-
norethe boundaryof regions, thereforethey cannotrepre-
sentthe objectscorrectly Anotherimagequeryingsystem

*This researctwas supportedoy NSF Digital GovernmentGrantEIA-
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developedby Smithetal [7] first decomposeanimageinto
regionswith characterizationpre-definedn afinite pattern
library. With every patternlabeledby a symbol,imagesare
representedby region strings. Region stringsarecorverted
to descriptomatricesof compositeregion templates(CR),
which reflectthe relative orderingof symbols. The CRT li-
braryis solelydependenbncolorfeature.If textureor shape
featuresareaddedto distinguishpatternsthe sizeof library
will increasedramaticallywhich makestheretrieval process
inefficient. Li etal proposedRM [3] whichallowsmatching
a region of oneimageto several regions of anotherimage.
Thatis, theregion matchingbetweertwo imagesis amary-
to-mary relationship. As a result, the similarity between
two imagesis definedasthe weightedsumof distancesn
thefeaturespacebetweerall regionsfrom differentimages.
All theapproachesmtroducedabore could notintegratethe
semantiadescriptionsnto theregions(or blocks),therefore
cannotsupportthe high-level queryingof images.

Semanticsetrieval fromimagescanbeperformedy an-
notatingthe images. In [9, 8], the monotonictreeis used
asa hierarchicalrepresentationf imagestructures Micro-
structurecalled structural elementsare classifiedand clus-
teredusingmethodshasedon minimum spanningree. The
imagesare renderedwith semanticannotationkeywords.
The systemperformswell on sceneryimages. However, it
doesnot take the context of imageregionsinto considera-
tion.

In this paper we proposea novel approachfor seman-
tics retrieval from imagesbasedon the contentand context
of imageregions. Our methodconsistsof threelevels. At
pixellevel, color-textureclassifications usedo form these-
manticcodebook At regionlevel, thesemantiaccodebooks
usedto sgmenttheimagesinto regions. At imagelevel, the
contentandcontext of imageregionsaredefinedandrepre-
sentedo supportthe semanticgetrieval from images.The
contentof aregion describeghe lower-level featuresof the
region, including color andtexture. The context of regions
in animagedescribegheir relationshipgn theimage. The
threelevelsareillustratedin Figurel.

The remainderof the paperis organizedas follows.
From Section2 to Section4, eachstepof our approachis
elaborated.In Section5 experimentalresultswill be pre-
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Figurel: Systemdesignof our approach.

sentedandwe will concludein Section6.

2 Semanticcodebookbasedon color-
texture classification

We intend to generatethe semanticcodebookto repre-
sentthe low level featuresncluding color andtexture such
that the high-level semanticdescriptioncan be supported.
The formationof semanticcodebookis basedon the color-
texturefeaturevectorsfor pixelsin theimages.

2.1 Color-texture feature vector
2.1.1 Color

We will usea featurevectorto representhe color-texture
featuresof eachpixel. For eachpixel, the threecolor fea-
tureswe choosearethe averagedRGBvaluesin aneighbor
hood.For ary pixel g, let Q beaneighborhoo&ndSbethe
areaof Q. We definethe colorfeaturesof g as
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whereRed p), Greer(p), andBlue(p) arethe RGBcompo-
nentsof pixel p, respectiely. For pixel g, the color feature
vectoris [Rey (0), Grv(q), Brv(Q)], denotedasColorgy .

2.1.2 Texture

To characterizgéhe texture patternswe usetexture features
basedon the secondmomentmatrix [1, 2, 5]. The second
momentmatrix canbe thoughtof asa covariancematrix of
a two-dimensionakandomvariable,or, with a mechanical
analogy asthe momentof inertia of a massdistribution in
the plane.lts eigervaluesrepresenthe amountof “enemgy”
in the two principle directionsin a neighborhood. When
oneeigervalueis larger thanthe other, the local neighbor
hoodpossessesdominantrientationandcanbecharacter
izedas 1D texture. Whenthe eigervaluesare comparable,
thereis no preferredorientation.Whenbotheigervaluesare

negligible in magnitudethelocal neighborhoods approxi-
matelya constanintensityand canbe characterizeéslow

contrast(e.g.,sky). For the caseof two significanteigerval-

ues,theregion is characterizeds 2D texture (e.g.,grass).
Pixelswith local texture characterize@s1D texture maybe
partof a patternin onedirection (called“flow”, e.g.,zebra
stripes),or anedge(seeFigure?).

Figure2: Differenttexturecharacteristicsromleft toright,
Flow, 2D pattern EdgeandLow Contrast.

Basedon thesetexture patterns,we use three values
to describethe texture characteristicof a certainpixel in
its neighborhood: anisotiopy, contrast and flowOrEdge.
Anisotiopy measureghe enegy comparisonbetweenthe
dominantorientationandits orthogonaldirection. Contrast
reflects the contrast, or harshnesof the neighborhood.
FlowOrEdge can distinguishwhetheran 1D texture is a
flow or an edge. In following discussionwe will give a
formal descriptionof thesevalues.

Let L : R> — R be the imagebrightnessandlet OL =
(Lx,Ly)T beits gradient. Thesecondnomentmatrix around
Wi =

apixel g is definedas:[2]
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whereEq denotesan averagingoperatort aroundpixel q =
(x,y)" € R2. LetA\1(q) andA2(q) denotethe eigervaluesof
e (q). Withoutlossof generalitywe assume\1(q) > A2(q).
For pixel g, anisotroly andcontrastredefinedrespectiely,
as

anisdropy(q) = 1—A2(g)/M1(q),
cortrag(q) = 2v/A1(q) +A2(q).

In [5], a methodis provided to distinguishwhethera 1D
texture is an edgeor a flow by looking at the sign of the
gradientvectors.Basedonthemethod/et E, (q) andE_(q)
represenhonv mary gradientvectorsin the neighborhood
areon the “positive” and“negative” sidesof the dominant
orientation,respectiely. we defineflowOrEdgeof pixel q
as:

min(E (a),E-(a))
maxE(q),E-(q))’

1we useGaussiarsmoothingkernel.
2Definitionsof E, andE_ arenotintroducecheredueto thespacdimit.
Referto [5].

flowOrEdge(q) = 1—




The texture feature vector for pixel q is
[anisdropy(q), cortrad(q), flowOrEdge(q)], denoted
as Texturery. For eachpixel, we have a six-dimensional
feature vector where three dimensionsare for color, and
threefor texture.

2.2 Color-texture classification

We intendto classifythe pixels basedon their featurevec-
tors. For color, we uniformly quantizethe color spaceinto
4 x 4 x 4 = 64cells. For texture,we classifythetexture pat-
ternsinto 7 classesponeclassfor low contrastandedge re-
spectvely; two classegor flow andthreefor 2D texture. The
classificationillustratedin Figure3 is basedn Texturegy .
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Figure3: Texture Classification

Basedon texture featurevector definedfor eachpixel,
we give the definitionsof thetexture classedelow. We first
defineLowContrag, Flow, Edge, and2D pattern:

LowContrag = {g|cortrag(q) < €},

cortrag(q)
anisdaropy(q)
flowOrEdge(q)
cortrag(q)
anisdaropy(q)
flowOrEdge(q)
cortrag(q) > ¢
anisdropy(q) < n [’

Flow =

{a

Edge = {q
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wherewe choosee = 0.01,n = 0.75andd = 0.5. We split
Flowinto two classes:

Flowgy =
F|OW1

{da| g€ Flow, flowOrEdge(q) € [0,5/2)},
{q] q € Flow, flowOrEdge(q) € [0/2,0)}.

For Flowp, thebiggervalueof E;. andE_ is relatively close
to the smallervalue. Flowy representghin flows, while
Flow; represent$at flows. We split 2D pattern into three

classes:
2D = {q|qe 2D,anisdropy(q) € [0,n/3)},
2Dl = {q | qe 2D7ani5dr0py(q) € [n/?’) 2'1/3)},
2D, = {q|ge 2D,anisaropy(q) € [2n/3,n)}.

2D¢ representshe texture patternswith random2D struc-
ture. 2D refersto the texture patternssimilar to a flow but
major orientationis not dominant. 2D is the middle case
between2Dg and 2D,. We now have 7 fine-tunedtexture
classes:

LowCortrag, 2Dg, 2D1,2D2, Edge, Flowg, Flowy

as showvn in Figure 3. Because edges cannot re-

flect the colortexture characteristicsof image regions
semantically (although it does have important cue in

the perception),we classify all the pixels, except those
pixels correspondingto edges, to 6 texture classes
LowContrag, 2Dg,2D1,2D2, Flowy, Flows. In the remain-
ing partof this paper we will focuson pixels which don't

belongto the classEdge.

2.3 Generation of semanticcodebook

We definethemajorsemanticateyoriesandselecthetrain-
ing imagesfor eachcategory. Thencolor-texture classifica-
tion is appliedto the trainingimagesto form the codebook.
The concepbf codebooks from thevectorquantizationln
generalavectorquantizerQ of dimensiork andsizeN is a
mappingfrom a vectorin k dimensionakpaceinto a finite
setC, Q: R — C. ThesetC is calledthe codebook
Basedon the semanticconstraintsof the imagesin the
databasemajorsemanticcategoriesareselecteds:

L= {Xo,...., Tw_1}-

For example,if we areinterestedn the sceneryimages,SC

might include “Sky”, “Tree”, “Flower”, “Water”, etc. For

our experimentsn Section5, we defineSC of 10 different
catgyories. For eachsemanticcatggory SC;, certainnumber
of imagesarechoserto bethetrainingimages.Thetraining
imagesare carefully selectedsuchthat the semanticcode-
book generatedrom themcanrepresenasmuchaspossi-
ble the color-texture characteristicef all imagesbelonging
to the SC. Thesetof all pixelsin thetrainingimagesgxcept
thosein classEdge, is denotedasTrainingPixek.

As statedbefore,we uniformly quantizethe RGB color
spaceto C(C = 64) cells. Therefore, correspondingto
T(T = 6) texture classeswe now split the colortexture
space(denotedasCT S, excluding the pixels on the edges)
to C x T cells. For eachpixel in TrainingPixek, its 6-
dimensionalcolor-texture featurevector will fall into one
cellof CTS. After all thepixelsin TrainingPixekareclassi-
fied,for eachcellin CT Swe countthenumberof pixelsin it.



Only thosecellswhosenumberof pixelsexceedsathreshold
will be oneentry of the semanticcodebook.Thereforethe
sizeof semanticcodeboolwill belessor equaltoC x T, no

matterhow large theimagedatabasenight be. In this way;,

the semanticcodebookrepresentshe color-texture charac-
teristicsof the training imageswhich in turn representhe
wholedatabasegffectively andefficiently. In following dis-
cussionwe useSCDB to denotethe semantiaccodebookfor

color-texturespaceandsupposeéts sizeis N.

3 Image segmentation based on the
semanticcodebook

We segmentimagesby the semanticcodebook. For each
imagel, we extractthe color-texturefeaturevectorfor each
pixel q of I. For eachfeaturevector, we find thecellin CTS
wherethepixel belongs If thecellis oneof SCDB’sentries,
g is replacedwith theindex of thatentry; otherwiseits value
is setto C x T + 1 to distinguishit from ary valid entry of

i SCDB'sentryindex

0 1|2 ]..[N=-1
Sky 1341 0| 0 | ... 54
Tree 0 86| 0 | .. 0
Flower | 0 0|15 .. 0
Water 40 | O 0 12

Tablel: StatisticsthatcertainSCDB's entry
representsertainsemanticategory

In addition,we countthetimesthattwo or threedifferent
catgyoriespresenin thesametrainingimages.Theresultis
storedin a table, called category-cateyory statisticstable.
For example, let the numberof categyoriesin SC be 4, and
theindex for eachcategory of Cis 0, 1, 2, 3, respectiely.
Supposeave have suchatableafterthe counting:

No ny no n3 No,1 No2 | No3
465 | 327 | 104 | 258 | 298 76 | 201
N2 | M3 | N23 | No12 | Noa3 | Ni23

87 | 178 | 54 43 102 25

the semanticcodebook After the process) becomesama- Table2: timesthatcertaincombinationof semanticcateyories

trix of indicescorrespondingo entriesin SCDB. Because
the numberof valuableregionsin animageis usuallyless
than5 in our experimentswe only chooses mostdominant
indices(referredasDOMINANT) anduseDOMINANT to
re-index the pixelswith indicesnot presentn DOMINANT
3. Finally we run the encodedmagesthrougha connected-
componentsalgorithmandremove the small regions (with
arealessthan200pixels).

4 Representation of Content and
Context of regions and semantics
retrieval of images

4.1 Generation of statistical data from train-
ing images

For eachentryg in thesemanticcodebook3CDB, andeach
semanticatgyory SC;, we countthenumberof regionsRin

thetrainingimagessuchthat(i) thepixelsin R belongto g;;

and (ii) the region R representsn objectbelongingto the
semanticatgory SCj. Theresultis storedin atable,called
cell-cateyory statisticstable. For example supposeve have
four semanticcategories {Sky, Tree FlowerWater}, and
thetableof the cell-catgyory statisticss givenbelow. From
the table, we can seethat the first codebookentry (with

index 0) haslarge probability to represensky regions, the
secondentrymostlyrepresentsreeregions,andsoon.

SRe-inde meansto find the closestcodebookentry in DOMINANT,
notin thewhole SCDB.

presentsogetherin sameimages

In this table,n; representhion mary times SC; presentsn
trainingimagesn; j represenhow mary timesSC; and C;i
bothpresenin thesamemagesandsoon.

Basedonthecell-catgyory statisticstable,for eachcode-
bookentryof SCDB, we cancalculateits probability of rep-
resentinga certain semanticcategory. Let N be the size
of SCDB, M be the number of the semanticcateories,
i = SCj,i €[0...N—1],j € [0...M — 1] denotethe eventthat
index of SCDB i representsemanticslescribedn SC;. The
probability of theeventi — SCj is

. L T(i—>C)
P(I — $J) = T,
where T(e) representsevent €'s presencetimes in the
trainingimages.

Based on the categyory-catgory statistics table, we
define the Bi-correlation factor and Tri-correlation factor,
for representinghe context of regions.

Definition 1 For ary two different semantic categories
SCi andSCj, we definethe Bi-corr elation factor B; j as:
N
Bij= .
Mi +Nj — i, |

Definition 2 For ary threedifferentsemanticateyoriesSC;,
Cj andCy, we definethe Tri-corr elation factor T;  « as:

B M, jk
M+ Nj+ Nk —Ni j — Nik— Njk+ Nijj k

Tijjx



In above definitions,n;, nj j andn; j x arethe entriesin the
catgyory-catgory statisticstable. Bi and Tri-correlation
factorsreflectthe correlationbetweerntwo or threedifferent
catgyorieswithin the scopeof trainingimages.If thetrain-
ing imagesareselectedsuitably they reflecttherelationship
of pre-definedsemanticateyorieswe areinterestedn.

Sofarwe did not mentionhow shapeand/orspatialde-
scriptionof the imageregionsplay a role in our approach.
Dueto the extremedifficulty of sgmentatiorandcomplex-
ity of objects’shapesno singleshapeor spatialdescriptor
cangenerallysatisfytherequirementsf recognition.There-
fore,for eachsemanticateyory, we adopta particularshape
and/orspatialdescriptor For instanceassumeve have ase-
manticcategory “waterfalls”, we canuseEccentricity(mi-
nor axis/majoraxis)andPrincipleaxis (angleof majoraxis)
asthe shapedescriptorbecauseusually “water falls” will
belong andnarrowv, andcanbe approximatelydescribedas
perpendiculato theground.Thereforefor all theregionsin
thetrainingimageghatrepresentwaterfalls”, we calculate
themeansandstandardieviationsof EccentricityandPrin-
ciple axisandstorethemasthe shapedescriptorfor “water
falls”. For catgyoriesthat do not have describableshapes
suchas“sky”, therewill notbeany shapedescriptorassoci-
atedwith them. Currentlywe storethe centroidsof the re-
gionsandthe (hnumberof boundarypixelswhich areimage
boundary)/(wholeegion boundary)asspatialdescriptorof
theregions.

4.2 Representationof Content and Context of
regions

Armedwith the statisticaldatawe have generatedrom the
trainingimageswe candefineandextract contentandcon-
text of regionsfor all the imagesin the database Assume
we have animagel with numberof Q regions. The SCDB'’s
codebookindicesof regionsareC;,i € [0...Q— 1], andre-
gionsarerepresentetly R;,i € [0...Q— 1], andeachC; is as-
sociatedwith iy possiblesemantiocategoriesSCij(i),ij(i) €

[0...N—1],j(i) € [0...ix — 1]. For I, let Py be the setof

all possiblecombinationsof indicesof semanticcateyories
representedly regionsR;,i € [0...Q — 1]. We have

have
B(k) = Bpas K € Pai,
P,a€Kp<q
andfor Q >= 3 we have
T(k) = Tpar, K€ Pal.

p,Q,r €K, p<g<r

Here p,q,r are the indices belonging to tuple K, B(k)
representshe sum of Bi-correlation factors of different
semantic catgories with regard to tuple K, and T(k)
representghe sum of Tri-correlation factors of different
semanticcategorieswith regardto tuplek.

Definition 3 we defineContext Cscoe(K) Of | as:

1

CScoe(K) = W

(B(K) +BT(K)), K€ Pay
hereNorm(k) is the normalizationfunctionwith tuplek,
is the weight for T(k), sinceT(k) will be more effective
in distinguishing contexts of imagesthan B(k) 4. We
normalize the Cscoe becausesereral region indices may
point to the samesemanticcateyory, we needto guarantee
that removal the redundantsemantic category will not
influencethe effectivenesof Cscge.

Definition 4 we defineProbScor Pscoe(k) 0f | as:
Q
Pscoe(K) = ZLW(R’$J)P(Q — SCij),ij € K,K € Pay
i=

Pscoe(K) representsthe probability score corresponding
to tuple k, here w(R;,SCj;) is the weight function with
regardto region R, andsemanticx:ategory&:ij. W(R;,SDJ)
is relevant to the shapeand/or spatial descriptorsof R..
Supposethe region R’s shapeand/or spatial descriptors
with regardto SC;; is compatiblewith SCj;’s storedshape
and/or spatial descriptors,w(R;,SCj;) will be increased,
otherwiseit will bedecreased.

Definition 5 We definethe TotalScore Tscoe Of imagel as

Tscoe = Max{Pscoe(K) + YCscoe(K) | K € Pai}

whereMax{t} representthe maximumvalueof valuet.

Definition 6 We definethe Content of imagel asthe se-

Pai = {(0j(0)s-++»1j(i)»+» Q= Ljiq-1) | Vi,P(Ci = SCij;) > O, mantic categories correspondingo Tscoe. By computing
i €[0...Q—1] the maximumvalueof Pscoe(K) + YCscor(K) overall tuples

ij(i) S [0...N - 1]

"in Py, we find the semanticcategyoriesthat bestinterpret
> the semanticof the regionsin imagel astheContert of I.

j(i) € [0...in — 1]} We storethe Contert, Tscoe andeachregion’s SCDB code-

Notetherearetotally |'|iQ:1iN possiblecombinationdor Py,
thereforePy) has|‘|iQ:1iN tuplesof semanticcategoriesin-
dices,with eachtuple having Q fields.

Correspondingo eachtuple k € Py, for Q >=2 we

bookindex asthe final featuresfor I. Note that for those
regionswhosecodebookindicesare invalid corresponding
to semanticcodebookwe will mark its semanticcategory

as“UNKNOWN?".

4In our experimentswe select3 = 10.




4.3 SemanticsRetrieval

Our approachsupportsboth semantickeyword query and
query-by-example. Accordingto the submittedsemantic
keywords (correspondingo semanticcatayories), the sys-
tem will first find out thoseimagesthat containall of the

catgyories(denotedassetRlI), thenrank the documentdy

sortingthe Tscoe Storedfor eachimagein the databaseFor

thoseimagesbelongingto Rl thathas“UNKNOWN?” cate-
gory, its Tscoe Will bemultipliedadiminishingfactor When
theusersubmitsthequery-by-example jf thequeryimageis

in the databaseits Contert will be usedasquerykeywords
to performtheretrieval, otherwisadt will first gothroughthe

above stepsto obtaintheContert andTscoe.

5 Experiments

We conductedexperimentsto comparethe performance
betweenour approachand traditional CBIR techniques
including Keyblock [4], color histogram[10], color coher

entvector [6]. The comparisons madeby the precisions
andrecallsof eachmethodon all the semanticcateories.
Following is the statisticsof the 10 semanticcateyorieswe

defined®:

Cateory Explanation No. in db
SKY Sky (no sunset) 1323
WATER Water 474
TREE.GRASS | Treeor Grass 778
FALLS_RIVER | Fallsor Rivers 144
FLOWER Flower 107
EARTH_ROCK | Earthor Rocksor 998
_MOUNTAIN Mountaincomposeaf
ICE_.SNOW Ice or Snow or 204
_MOUNTAIN Mountaincomposeaf

SUNSET Sunsescene 619
NIGHT Night scene 171
SHADING Shading 1709

We used an image databasewith name COREL and
size 3865. The COREL imagescan be consideredas
sceneryand non-scenery Scenerypart has 2639 images
consistingimages containing the defined semanticcate-
gories,while non-scenenpart has1226 imagesincluding
differentkinds of textures,indoor, animals,moleculesgtc.
We choose251 training imagesfrom sceneryimagesas
training imagesand form the semanticcodebookwith size
149. For eachsemanticcategory SC;, we calculateandplot

the precision-recallof our approachin the following way.

Let RETRIEVELIST denotetheimagesretrievedwith SC.

SFor now we only generatethe semanticcateories in the image
databaséhatscenenimagesconsisteamajorpercentageWewill certainly
enrollmoresemanticcateoriesinto our systemin thefuture.

SupposeRETRIEVELIST hasn images.We calculatethe
precisionsandrecallsof first g, % .... , andn imagesin
RETRIEVELIST, respectiely. The precisionsandrecalls

areplottedto show the performancef our approach.

Sincetraditional CBIR approachescceptsonly query-
by-example we have to solve the problemof comparingthe
approachof query-by-semanticsvith query-by-example.
Let ustake Keyblock asthe exampleof traditional CBIR to
shav how we choosequerysetsandcalculatethe precision-
recall for thesemethods.Supposeausersubmitsa semantic
keyword queryof semanticcateyory of Sky. Therearetotal
of 1323imagesin COREL containingSky. For eachimage
containingSky, we useit asa query on COREL to select
top 100 imagesby Keyblock, and countthe numberof im-
agescontainingSky in the retrieved set. Thenwe sortthe
1323 imagesdescendinglyby the numbersof Sky images
in their correspondingetrieved sets. Let the sortedlist be
SKYLIST. Thenwe selectthefirst 5% of SKYLIST asquery
set,denotedasQUERYSET. Thenfor eachCOREL image
I, we calculateshortestdistanceto QUERYSET — {I} by
Keyblock ®. The COREL imagesaresortedascendantlyy
thisdistance Top 1323COREL imagesareretrievedandwe
calculateandplot the precision-recalbf Keyblock on Sky,
aswe did for our approach.

Theprecision-recalfor eachsemanticategoryis shavn
in Figure 5, 6 and the averageprecision-recallon all se-
mantic categoriesis in Figure4. We can seeour method
outperformdraditionalapproachedn the experimentstra-
ditional approachegenefitfrom the way of comparisonn
that only top 5% are selectedas query setin their own
way. Furthermoretheoverlapof boundarie®f differentse-
manticcategyoriesdegradeshe our methods performancéo
someextent. Examplednclude“sunset”with “night”, “sky”
with “water” and “snowmountain” with “snowmountain-
like cloudin the sky”. Our approachperformsstill pretty
well undersuchcircumstances.

6 Conclusion

A new approaclhis proposedor semanticallyretrieving im-

ageshasedn contentandcontext of imageregions. By se-
mantic codebookbasedon color-texture classification,im-

agesaresggmentednto regions,whosecontentandcontext

are extractedandrepresented.The contentand contet of

image regions provide a way to bridge the high-level se-
manticsand low-level features. The experimentalresults
shav that our approachoutperformsthe traditional CBIR

approachese comparedvith.

Simagesin the QUERYSET will have distancezeroto QUERYSET.
Thusthe queryimageswill be automaticallybe retrieved asthe top 5%
imageswhichis unfair whenmakingcomparison.
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Figure6: Performancef (a) Keyblockresultl, (b) Keyblockresult2, (c) Color Coherenwectorresultl, (d) Color Coherent
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