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Abstract

We proposea novel approach for semanticsretrieval from
imagesin multimediadatabases.In our approach, we use
color-texture classificationto generate the codebookwhich
is usedto segmentimages into regions. The contentof a
region describesthe lower-level featuresof the region, in-
cludingcolor and texture. Thecontext of regionsin an im-
age describestheir relationshipsin the image. Thecontent
andcontextof imageregionsprovidea wayfor semanticsre-
trieval. Ontopof semanticsretrieval, high-level(semantics-
based)queryingandquery-by-exampleare supported.The
experimentalresultsdemonstratethatour approach outper-
formsthetraditionalCBIRapproaches.

1 Intr oduction

Althoughcontent-basedimageretrieval (CBIR) techniques
basedonlow-level featuressuchascolor, texture,andshape
havebeenextensively explored,their effectivenessandeffi-
ciency arenot satisfactory. The ultimategoal of imagere-
trieval is to provide the userswith the facility to manage
largeimagedatabasesin anautomatic,flexible andefficient
way. Therefore,imageretrieval systemsshouldbearmedto
supporthigh-level(semantics-based)queryingandbrowsing
of images.Thebasicelementsto carrysemanticinformation
aretheimageregionswhichcorrespondto semanticobjects,
if theimagesegmentationis effective. After theregionsare
obtained,properrepresentationof their contentandcontext
remainsa challenge.Theextractionof contentandcontext
of imageregionsis a necessarystepfor semanticsretrieval.

Many methodshavebeenproposedfor region-basedim-
ageretrieval. Under keyblock 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. Another imagequeryingsystem�
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developedby Smithetal [7] first decomposesanimageinto
regionswith characterizationspre-definedin a finite pattern
library. With every patternlabeledby a symbol,imagesare
representedby region strings.Region stringsareconverted
to descriptormatricesof compositeregion templates(CRT),
which reflecttherelative orderingof symbols.TheCRT li-
braryissolelydependentoncolorfeature.If textureorshape
featuresareaddedto distinguishpatterns,thesizeof library
will increasedramaticallywhichmakestheretrieval process
inefficient.Li etal proposedIRM [3] whichallowsmatching
a region of oneimageto several regionsof anotherimage.
Thatis, theregionmatchingbetweentwo imagesis amany-
to-many relationship. As a result, the similarity between
two imagesis definedasthe weightedsumof distancesin
thefeaturespacebetweenall regionsfrom differentimages.
All theapproachesintroducedabovecouldnot integratethe
semanticdescriptionsinto theregions(or blocks),therefore
cannotsupportthehigh-level queryingof images.

Semanticsretrieval from imagescanbeperformedbyan-
notatingthe images. In [9, 8], the monotonictree is used
asa hierarchicalrepresentationof imagestructures.Micro-
structurecalledstructural elementsareclassifiedandclus-
teredusingmethodsbasedon minimumspanningtree.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 thecontentandcontext
of imageregions. Our methodconsistsof threelevels. At
pixel level,color-textureclassificationis usedto formthese-
manticcodebook.At region level, thesemanticcodebookis
usedto segmenttheimagesinto regions.At imagelevel, the
contentandcontext of imageregionsaredefinedandrepre-
sentedto supportthesemanticsretrieval from images.The
contentof a region describesthelower-level featuresof the
region, includingcolor andtexture. Thecontext of regions
in an imagedescribestheir relationshipsin the image. The
threelevelsareillustratedin Figure1.

The remainderof the paper is organizedas follows.
From Section2 to Section4, eachstepof our approachis
elaborated.In Section5 experimentalresultswill be pre-



Image Pixels

Image
Level

Region
Level

Semantic
Codebook

Content &
Context

Semantic
Retrieval

Regions

Pixel
Level

Figure1: Systemdesignof ourapproach.

sented,andwewill concludein Section6.

2 Semanticcodebookbasedon color-
textureclassification

We intend to generatethe semanticcodebookto repre-
sentthe low level featuresincludingcolor andtexturesuch
that the high-level semanticdescriptioncan be supported.
Theformationof semanticcodebookis basedon thecolor-
texturefeaturevectorsfor pixelsin theimages.

2.1 Color-texture feature vector

2.1.1 Color

We will usea featurevector to representthe color-texture
featuresof eachpixel. For eachpixel, the threecolor fea-
tureswechoosearetheaveragedRGBvaluesin aneighbor-
hood.For any pixel q, let Ω bea neighborhoodandSbethe
areaof Ω. We definethecolor featuresof q as

RFV
�
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nentsof pixel p, respectively. For pixel q, thecolor feature
vectoris �RFV

�
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�
q� � BFV

�
q�
	 , denotedasColorFV .

2.1.2 Texture

To characterizethetexturepatterns,we usetexturefeatures
basedon the secondmomentmatrix [1, 2, 5]. The second
momentmatrix canbethoughtof asa covariancematrix of
a two-dimensionalrandomvariable,or, with a mechanical
analogy, asthe momentof inertia of a massdistribution in
theplane.Its eigenvaluesrepresenttheamountof “energy”
in the two principle directionsin a neighborhood. When
oneeigenvalueis larger thanthe other, the local neighbor-
hoodpossessesadominantorientationandcanbecharacter-
ized as1D texture. Whenthe eigenvaluesarecomparable,
thereis nopreferredorientation.Whenbotheigenvaluesare

negligible in magnitude,thelocal neighborhoodis approxi-
matelya constantintensityandcanbecharacterizedaslow
contrast(e.g.,sky). For thecaseof two significanteigenval-
ues,the region is characterizedas2D texture (e.g.,grass).
Pixelswith local texturecharacterizedas1D texturemaybe
partof a patternin onedirection(called“flow”, e.g.,zebra
stripes),or anedge(seeFigure2).

Figure2: Differenttexturecharacteristics.Fromleft to right,
Flow, 2D pattern,EdgeandLow Contrast.

Basedon thesetexture patterns,we use three values
to describethe texture characteristicsof a certainpixel in
its neighborhood: anisotropy, contrast and flowOrEdge.
Anisotropy measuresthe energy comparisonbetweenthe
dominantorientationandits orthogonaldirection. Contrast
reflects the contrast, or harshnessof the neighborhood.
FlowOrEdge can distinguishwhetheran 1D texture is a
flow or an edge. In following discussion,we will give a
formaldescriptionof thesevalues.

Let L : R2 � R be the imagebrightness,and let ∇L ��
Lx � Ly � T beits gradient.Thesecondmomentmatrixaround

a pixel q is definedas:[2]
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whereEq denotesanaveragingoperator1 aroundpixel q ��
x � y� T � R2. Let λ1

�
q� andλ2

�
q� denotetheeigenvaluesof
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�
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�
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�
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Forpixelq, anisotropy andcontrastaredefined,respectively,
as
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�
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�
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�
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�
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�
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In [5], a methodis provided to distinguishwhethera 1D
texture is an edgeor a flow by looking at the sign of the
gradientvectors.Basedonthemethod,let E� � q� andE � � q�
representhow many gradientvectorsin the neighborhood
areon the “positive” and“negative” sidesof the dominant
orientation,respectively. we defineflowOrEdgeof pixel q
as2:

f lowOrEdge
�
q��� 1 � min

�
E� � q� � E� � q���

max
�
E� � q� � E� � q��� �1weuseGaussiansmoothingkernel.

2Definitionsof E� andE � arenotintroducedheredueto thespacelimit.
Referto [5].



The texture feature vector for pixel q is� anisotropy
�
q� � contrast

�
q� � f lowOrEdge

�
q�
	 , denoted

as TextureFV . For eachpixel, we have a six-dimensional
featurevector where three dimensionsare for color, and
threefor texture.

2.2 Color-texture classification

We intendto classifythe pixelsbasedon their featurevec-
tors. For color, we uniformly quantizethecolor spaceinto
4  4  4 � 64cells.For texture,weclassifythetexturepat-
ternsinto 7 classes:oneclassfor low contrastandedge,re-
spectively; two classesfor flow andthreefor 2D texture.The
classificationillustratedin Figure3 is basedon TextureFV .
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Figure3: TextureClassification

Basedon texture featurevectordefinedfor eachpixel,
wegive thedefinitionsof thetextureclassesbelow. We first
defineLowContrast � Flow� Edge� and2D pattern:
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wherewe chooseε � 0 � 01, η � 0 � 75 andδ � 0 � 5. We split
Flow into two classes:

Flow0 � < q = q � Flow� f lowOrEdge
�
q� � � 0 � δ � 2�J@ �

Flow1 � < q = q � Flow� f lowOrEdge
�
q� � � δ � 2 � δ �J@K�

For Flow0, thebiggervalueof E� andE � is relatively close
to the smaller value. Flow0 representsthin flows, while
Flow1 representsfat flows. We split 2D pattern into three

classes:

2D0 � < q = q � 2D � anisotropy
�
q� � � 0 � η � 3�L@ �

2D1 � < q = q � 2D � anisotropy
�
q� � � η � 3 � 2η � 3�L@ �

2D2 � < q = q � 2D � anisotropy
�
q� � � 2η � 3 � η �L@M�

2D0 representsthe texture patternswith random2D struc-
ture. 2D2 refersto thetexturepatternssimilar to a flow but
major orientationis not dominant. 2D1 is the middle case
between2D0 and2D2. We now have 7 fine-tunedtexture
classes:

LowContrast � 2D0 � 2D1 � 2D2 � Edge� Flow0 � Flow1

as shown in Figure 3. Because edges cannot re-
flect the color-texture characteristicsof image regions
semantically (although it does have important cue in
the perception),we classify all the pixels, except those
pixels corresponding to edges, to 6 texture classes
LowContrast � 2D0 � 2D1 � 2D2 � Flow0 � Flow1. In the remain-
ing part of this paper, we will focuson pixels which don’t
belongto theclassEdge.

2.3 Generation of semanticcodebook

Wedefinethemajorsemanticcategoriesandselectthetrain-
ing imagesfor eachcategory. Thencolor-textureclassifica-
tion is appliedto thetrainingimagesto form thecodebook.
Theconceptof codebookis from thevectorquantization.In
general,a vectorquantizerQ of dimensionk andsizeN is a
mappingfrom a vectorin k dimensionalspaceinto a finite
setC, Q : Rk � � C. ThesetC is calledthecodebook.

Basedon the semanticconstraintsof the imagesin the
database,majorsemanticcategoriesareselectedas:

SC �N< SC0 � �O�2�O� � SCM � 1 @K�
For example,if we areinterestedin thesceneryimages,SC
might include “Sky”, “Tree”, “Flower”, “Water”, etc. For
our experimentsin Section5, we defineSC of 10 different
categories.For eachsemanticcategory SCi , certainnumber
of imagesarechosento bethetrainingimages.Thetraining
imagesarecarefully selectedsuchthat the semanticcode-
bookgeneratedfrom themcanrepresentasmuchaspossi-
ble thecolor-texturecharacteristicsof all imagesbelonging
to theSC. Thesetof all pixelsin thetrainingimages,except
thosein classEdge, is denotedasTrainingPixels.

As statedbefore,we uniformly quantizethe RGBcolor
spaceto C

�
C � 64� cells. Therefore, correspondingto

T
�
T � 6� texture classes,we now split the color-texture

space(denotedasCTS, excluding the pixels on the edges)
to C  T cells. For eachpixel in TrainingPixels, its 6-
dimensionalcolor-texture featurevector will fall into one
cell of CTS. After all thepixelsin TrainingPixelsareclassi-
fied,for eachcell in CTSwecountthenumberof pixelsin it.



Only thosecellswhosenumberof pixelsexceedsathreshold
will be oneentryof the semanticcodebook.Thereforethe
sizeof semanticcodebookwill belessor equaltoC  T, no
matterhow largetheimagedatabasemight be. In this way,
the semanticcodebookrepresentsthe color-texturecharac-
teristicsof the training imageswhich in turn representthe
wholedatabase,effectively andefficiently. In following dis-
cussion,we useSCDB to denotethesemanticcodebookfor
color-texturespace,andsupposeits sizeis N.

3 Image segmentation based on the
semanticcodebook

We segment imagesby the semanticcodebook. For each
imageI , we extractthecolor-texturefeaturevectorfor each
pixel q of I . For eachfeaturevector, we find thecell in CTS
wherethepixel belongs.If thecell is oneof SCDB’sentries,
q is replacedwith the index of thatentry;otherwiseits value
is setto C  T � 1 to distinguishit from any valid entryof
thesemanticcodebook.After theprocess,I becomesa ma-
trix of indicescorrespondingto entriesin SCDB. Because
the numberof valuableregionsin an imageis usually less
than5 in ourexperiments,we only choose5 mostdominant
indices(referredasDOMINANT) anduseDOMINANT to
re-index thepixelswith indicesnot presentin DOMINANT
3. Finally we run theencodedimagesthrougha 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 fr om train-
ing images

For eachentryei in thesemanticcodebookSCDB, andeach
semanticcategorySCj , wecountthenumberof regionsR in
thetrainingimagessuchthat(i) thepixelsin R belongto ei ;
and(ii) the region R representsan objectbelongingto the
semanticcategorySCj . Theresultis storedin a table,called
cell-categorystatisticstable. For example,supposewehave
four semanticcategories < Sky� Tree� Flower� Water @ , and
thetableof thecell-categorystatisticsis givenbelow. From
the table, we can seethat the first codebookentry (with
index 0) haslarge probability to representsky regions,the
secondentrymostlyrepresentstreeregions,andsoon.

3Re-index meansto find the closestcodebookentry in DOMINANT,
not in thewholeSCDB.

SCi SCDB’sentryindex
0 1 2 ... N � 1

Sky 134 0 0 ... 54
Tree 0 86 0 ... 0
Flower 0 0 15 ... 0
Water 40 0 0 ... 12

Table1: StatisticsthatcertainSCDB’sentry
representscertainsemanticcategory

In addition,wecountthetimesthattwo or threedifferent
categoriespresentin thesametrainingimages.Theresultis
storedin a table, called category-category statisticstable.
For example,let the numberof categoriesin SC be 4, and
the index for eachcategory of SC is 0, 1, 2, 3, respectively.
Supposewe havesucha tableafterthecounting:

n0 n1 n2 n3 n0 P 1 n0 P 2 n0 P 3
465 327 104 258 298 76 201
n1 P 2 n1 P 3 n2 P 3 n0 P 1 P 2 n0 P 1 P 3 n1 P 2 P 3
87 178 54 43 102 25

Table2: timesthatcertaincombinationof semanticcategories
presentstogetherin sameimages

In this table,ni representshow many timesSCi presentsin
trainingimages,ni P j representhow many timesSCi andSCj

bothpresentin thesameimages,andsoon.

Basedonthecell-categorystatisticstable,for eachcode-
bookentryof SCDB, wecancalculateits probabilityof rep-
resentinga certainsemanticcategory. Let N be the size
of SCDB, M be the numberof the semanticcategories,
i � SCj � i � � 0 �O�2�N � 1	 � j � � 0 �2�O�M � 1	 denotetheeventthat
index of SCDB i representssemanticsdescribedin SCj . The
probabilityof theevent i � SCj is

P
�
i � SCj �?� T

�
i � SCj �
T
�
i � �

where T
�
e� representsevent e’s presencetimes in the

trainingimages.

Based on the category-category statistics table, we
define the Bi-correlation factor and Tri-correlation factor,
for representingthecontext of regions.

Definition 1 For any two different semanticcategories
SCi andSCj , wedefinetheBi-corr elation factor Bi P j as:

Bi P j � ni P j
ni � n j � ni P j �

Definition 2 For any threedifferentsemanticcategoriesSCi,
SCj andSCk, we definetheTri-corr elation factor Ti P j P k as:

Ti P j P k � ni P j P k
ni � n j � nk � ni P j � ni P k � n j P k � ni P j P k �



In above definitions,ni, ni P j andni P j P k arethe entriesin the
category-category statisticstable. Bi and Tri-correlation
factorsreflectthecorrelationbetweentwo or threedifferent
categorieswithin thescopeof training images.If the train-
ing imagesareselectedsuitably, they reflecttherelationship
of pre-definedsemanticcategorieswe areinterestedin.

So far we did not mentionhow shapeand/orspatialde-
scriptionof the imageregionsplay a role in our approach.
Dueto theextremedifficulty of segmentationandcomplex-
ity of objects’shapes,no singleshapeor spatialdescriptor
cangenerallysatisfytherequirementsof recognition.There-
fore,for eachsemanticcategory, weadoptaparticularshape
and/orspatialdescriptor. For instance,assumewehavease-
manticcategory “waterfalls”, we canuseEccentricity(mi-
noraxis/majoraxis)andPrincipleaxis(angleof majoraxis)
as the shapedescriptorbecauseusually “water falls” will
belong andnarrow, andcanbeapproximatelydescribedas
perpendicularto theground.Thereforefor all theregionsin
thetrainingimagesthatrepresent“waterfalls”, wecalculate
themeansandstandarddeviationsof EccentricityandPrin-
ciple axisandstorethemastheshapedescriptorfor “water
falls”. For categoriesthat do not have describableshapes
suchas“sky”, therewill notbeany shapedescriptorassoci-
atedwith them. Currentlywe storethe centroidsof the re-
gionsandthe(numberof boundarypixelswhich areimage
boundary)/(wholeregionboundary)asspatialdescriptorsof
theregions.

4.2 Representationof Content and Context of
regions

Armedwith thestatisticaldatawe have generatedfrom the
trainingimages,we candefineandextractcontentandcon-
text of regionsfor all the imagesin the database.Assume
wehaveanimageI with numberof Q regions.TheSCDB’s
codebookindicesof regionsareCi � i � � 0 �2�O�Q � 1	 , andre-
gionsarerepresentedby Ri � i � � 0 �O�2�Q � 1	 , andeachCi is as-
sociatedwith iN possiblesemanticcategoriesSCi j Q i R � i j S i T �� 0 �O�2�N � 1	 � j � i � � � 0 �O�2� iN � 1	 . For I , let Pall be the set of
all possiblecombinationsof indicesof semanticcategories
representedby regionsRi � i � � 0 �O�2�Q � 1	 . We have

Pall �N< � 0 j S 0T � �2�O� � i j S i T � �O�2� � Q � 1j S Q � 1T �U=LV i � P � Ci
� SCi j Q i R �WB 0 �
i � � 0 �2�O�Q � 1	 �

i j S i T � � 0 �O�2�N � 1	 �
j
�
i � � � 0 �O�2� iN � 1	X@

Notetherearetotally ∏Q
i Y 1 iN possiblecombinationsfor Pall ,

thereforePall has∏Q
i Y 1 iN tuplesof semanticcategoriesin-

dices,with eachtuplehaving Q fields.
Correspondingto eachtuple κ � Pall , for Q BZ� 2 we

have
B
�
κ �?� ∑

p P q � κ P p [ q
Bp P q � κ � Pall �

andfor Q BZ� 3 we have

T
�
κ ��� ∑

p P q P r � κ P p [ q [ r
Tp P q P r � κ � Pall �

Here p � q � r are the indices belonging to tuple κ, B
�
κ �

representsthe sum of Bi-correlation factors of different
semantic categories with regard to tuple κ, and T

�
κ �

representsthe sum of Tri-correlation factorsof different
semanticcategorieswith regardto tupleκ.

Definition 3 wedefineContext CScore
�
κ � of I as:

CScore
�
κ �?� 1

Norm
�
κ � � B � κ �\� βT

�
κ ��� � κ � Pall

hereNorm
�
κ � is thenormalizationfunctionwith tupleκ, β

is the weight for T
�
κ � , sinceT

�
κ � will be more effective

in distinguishing contexts of images than B
�
κ � 4. We

normalize the CScore becauseseveral region indices may
point to the samesemanticcategory, we needto guarantee
that removal the redundantsemantic category will not
influencetheeffectivenessof CScore.

Definition 4 wedefineProbScorePScore
�
κ � of I as:

PScore
�
κ �?� Q

∑
i Y 1

w
�
Ri � SCi j � P � Ci

� SCi j � � i j
� κ � κ � Pall

PScore
�
κ � representsthe probability score corresponding

to tuple κ, here w
�
Ri � SCi j � is the weight function with

regardto region Ri andsemanticcategory SCi j . w
�
Ri � SCi j �

is relevant to the shapeand/or spatial descriptorsof Ri.
Supposethe region Ri ’s shapeand/or spatial descriptors
with regard to SCi j is compatiblewith SCi j ’s storedshape
and/or spatial descriptors,w

�
Ri � SCi j � will be increased,

otherwiseit will bedecreased.

Definition 5 We definetheTotalScoreTScore of imageI as

TScore � Max< PScore
�
κ �\� γCScore

�
κ �U= κ � Pall @

whereMax< t @ representsthemaximumvalueof valuet.

Definition 6 We definethe Content of imageI as the se-
mantic categoriescorrespondingto TScore. By computing
themaximumvalueof PScore

�
κ �\� γCScore

�
κ � overall tuples

in Pall , we find the semanticcategoriesthat best interpret
thesemanticsof theregionsin imageI astheContent of I .
We storetheContent, TScore andeachregion’sSCDB code-
book index as the final featuresfor I . Note that for those
regionswhosecodebookindicesare invalid corresponding
to semanticcodebook,we will mark its semanticcategory
as“UNKNOWN”.

4In our experiments,we selectβ ] 10.



4.3 SemanticsRetrieval

Our approachsupportsboth semantickeyword query and
query-by-example. According to the submittedsemantic
keywords (correspondingto semanticcategories),the sys-
tem will first find out thoseimagesthat containall of the
categories(denotedassetRI), thenrank the documentsby
sortingtheTScore storedfor eachimagein thedatabase.For
thoseimagesbelongingto RI thathas“UNKNOWN” cate-
gory, its TScore will bemultipliedadiminishingfactor. When
theusersubmitsthequery-by-example,if thequeryimageis
in thedatabase,its Content will beusedasquerykeywords
to performtheretrieval, otherwiseit will first gothroughthe
abovestepsto obtaintheContent andTScore.

5 Experiments

We conductedexperimentsto comparethe performance
betweenour approachand traditional CBIR techniques
including Keyblock [4], color histogram[10], color coher-
ent vector [6]. The comparisonis madeby the precisions
andrecallsof eachmethodon all the semanticcategories.
Following is the statisticsof the10 semanticcategorieswe
defined5:

Category 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 Mountaincomposedof

ICE SNOW Iceor Snow or 204
MOUNTAIN Mountaincomposedof

SUNSET Sunsetscene 619
NIGHT Night scene 171
SHADING Shading 1709

We used an image databasewith name COREL and
size 3865. The COREL images can be consideredas
sceneryand non-scenery. Scenerypart has 2639 images
consisting imagescontaining the defined semanticcate-
gories,while non-scenerypart has1226 imagesincluding
differentkindsof textures,indoor, animals,molecules,etc.
We choose251 training imagesfrom sceneryimagesas
training imagesandform the semanticcodebookwith size
149. For eachsemanticcategory SCi , we calculateandplot
the precision-recallof our approachin the following way.
Let RETRIEVELIST denotetheimagesretrievedwith SCi.

5For now we only generatethe semanticcategories in the image
databasethatsceneryimagesconsistsamajorpercentage.Wewill certainly
enrollmoresemanticcategoriesinto oursystemin thefuture.

SupposeRETRIEVELIST hasn images.We calculatethe
precisionsandrecallsof first n

30, 2n
30, .... , andn imagesin

RETRIEVELIST, respectively. The precisionsandrecalls
areplottedto show theperformanceof our approach.

SincetraditionalCBIR approachesacceptsonly query-
by-example,wehaveto solve theproblemof comparingthe
approachof query-by-semanticswith query-by-example.
Let ustake Keyblock astheexampleof traditionalCBIR to
show how wechoosequerysetsandcalculatetheprecision-
recall for thesemethods.Supposeusersubmitsa semantic
keyword queryof semanticcategory of Sky. Therearetotal
of 1323imagesin COREL containingSky. For eachimage
containingSky, we useit as a query on COREL to select
top 100 imagesby Keyblock, andcountthenumberof im-
agescontainingSky in the retrieved set. Thenwe sort the
1323 imagesdescendinglyby the numbersof Sky images
in their correspondingretrievedsets. Let the sortedlist be
SKYLIST. Thenweselectthefirst 5%of SKYLIST asquery
set,denotedasQUERYSET. Thenfor eachCOREL image
I , we calculateshortestdistanceto QUERYSET � < I @ by
Keyblock 6. TheCOREL imagesaresortedascendantlyby
thisdistance.Top1323COREL imagesareretrievedandwe
calculateandplot the precision-recallof Keyblock on Sky,
aswedid for ourapproach.

Theprecision-recallfor eachsemanticcategoryis shown
in Figure 5, 6 and the averageprecision-recallon all se-
mantic categoriesis in Figure 4. We can seeour method
outperformstraditionalapproaches.In theexperiments,tra-
ditional approachesbenefitfrom the way of comparisonin
that only top 5% are selectedas query set in their own
way. Furthermore,theoverlapof boundariesof differentse-
manticcategoriesdegradestheourmethod’sperformanceto
someextent.Examplesinclude“sunset”with “night”, “sky”
with “water” and “snowmountain” with “snowmountain-
like cloud in the sky”. Our approachperformsstill pretty
well undersuchcircumstances.

6 Conclusion

A new approachis proposedfor semanticallyretrieving im-
agesbasedon contentandcontext of imageregions.By se-
manticcodebookbasedon color-textureclassification,im-
agesaresegmentedinto regions,whosecontentandcontext
areextractedandrepresented.The contentandcontext of
imageregions provide a way to bridge the high-level se-
manticsand low-level features. The experimentalresults
show that our approachoutperformsthe traditional CBIR
approacheswe comparedwith.

6imagesin the QUERYSET will have distancezero to QUERYSET.
Thus the query imageswill be automaticallybe retrieved as the top 5%
images,which is unfair whenmakingcomparison.
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Figure6: Performanceof (a)Keyblockresult1, (b) Keyblockresult2, (c) ColorCoherentVectorresult1, (d) ColorCoherent
Vectorresult2, (e)Color Histogramresult1, (f) Color Histogramresult2


