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ABSTRACT
In this paper, we combinestructure, color and texture

for ef�cient image retrieval. Structure is extractedby the
applicationof perceptualgroupingprinciples.Color anal-
ysisis performedby mappingall pixelsin an image into a
�xed color palettethatuseslinguistic tagsto describecolor
content. Texture analysisis doneusing a bank of even-
symmetricGabor �lter s. A methodology for performance
evaluationof theseanalysesis presentedon a databaseof
color images. Thedatabasehasbeenpartitionedinto var-
ious classesand subclassesfor quantifyingthe successof
image queryandclassi�cation. It is demonstratedthat the
synergy resultingfrom the combinationof structure, color
andtexture is superiorthanusingjust color andtexture.

1 I NTRODUCTI ON
Content-basedimageretrieval systemshavetraditionally

usedcolor andtexture analyses.Theseanalyseshave not
always achieved adequatelevel of performanceand user
satisfaction. The growing needfor robust imageretrieval
systemshasled to a needfor additionalretrieval method-
ologies.In thispaper, weaddressthis issueby usingimage
structurein additionto colorandtexture. It is demonstrated
that the synergy resultingfrom the combinationof struc-
ture,color andtexture is superiorthanusingjust color and
texture.Evaluationof retrieval performanceis animportant
areain imageretrieval [1]. A goalof thispaperis to present
a methodologyfor performanceevaluationusingstructure,
colorandtexture.

Effort hasbeenmadein thepasttoextendimageretrieval
methodologiesbeyondcolorandtexture.Segmentationhas
beenusedto extract region-baseddescriptionsof animage
by somesystems,suchasNeTra,Blobworld andSIMPLIc-
ity [2, 3, 4]. NeTra andBlobworld presenta userwith the
segmentedregionsof an image. The userselectsregions
to be matched,togetherwith attributessuchas color and
texture.SIMPLIcity is ableto matchall segmentedregions
automatically. However, auser'ssemanticunderstandingof
animageis at a higherlevel thantheregion representation.
Often it is dif�cult for a userto selecta representative re-
gion for the entire image;coupledwith the inaccuracy of
automaticsegmentation,theretrievedresultsdo not match
user's intuition, or understandingof the images.An object
is typically composedof multiple segmentswith varying
color andtexturepatterns.Oneor moresegmentedregions

areusuallynot suf�cient to addresssemanticobjectrepre-
sentation.

We useimagestructureasa higher-level semanticcue
for retrieval. Perceptualgroupingis usedto extract struc-
ture. Perceptualgroupingrefersto the hierarchicalgroup-
ing of lower-level image features,such as edges,into a
meaningfulhigher-level interpretation.This interpretation
helpsin extracting imagestructure. A key featureof our
approachis thatsegmentationanddetailedobjectrepresen-
tation arenot required. A techniquefor color analysisis
proposedthatgeneratesa lookuptablefor mappingall pix-
elsin animageto a paletteconsistingof 15 colors.A bank
of even-symmetricGabor�lters areusedfor texture anal-
ysis in a channel-energy model. The performanceof the
systemis testedon animagedatabaseconsistingof 10,221
images,which hasbeenpartitionedinto 6 classesand48
subclasses.

Therestof thepaperis organizedasfollows. Section2
brie�y presentsthestructureextractionprocessvia percep-
tualgrouping.Section3 illustratesthecolorsimilarity tech-
nique.Section4 brie�y outlinesthetextureextractionpro-
cessvia a Gabor�lter bank. Section5 describestheGaus-
siannormalizationof thedistancesin theproductspaceof
structure,color andtexture. Section6 presentsthe results
obtained,and�nally , section7 providestheconclusions.
2 STRUCTURE VI A PERCEPTUAL GROUPI NG

We extract the following featureshierarchicallyusing
theapproachdetailedin [5, 6]: line segments,longer linear
lines, retainedlines, coterminations,“L ” junctions,“U”
junctions,parallel lines,parallel groups,“signi�cant” par-
allel groupsand polygons. Perceptualgroupingrules of
similarity, continuity, parallelismand closureare usedto
extract thesefeatures. The presenceof thesedistinguish-
ing featuresin an image follows the “principle of non-
accidentalness”[5] and, therefore,are more likely to be
generatedby manmadeobjects. We do not put any con-
straints,suchasviewing angleanddepth,on our system.
A 3-dimensionalfeaturevectoris extractedfrom thesefea-
turesthat representsthenormalizednumberof lines in the
“L” junctions, “U” junctions, and the signi�cant parallel
groupsandpolygons.
3 COL OR

A traditional global color distribution (histogram)[7]
doesnot takeinto accountthefactsthatonly a limited num-
berof color shadesaresuf�cient for visualdiscrimination,
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Black Pink Red Orange
Brown Olive Yellow Green
BlueGreen Sky Blue Blue Purple
Magenta Gray White

Table1: Colorpalette.

andthat the adjacenthistogrambins might actuallyrepre-
sentroughly thesamecolor. We believe that the linguistic
tags, whichidentify acolorwith aname,will bemorehelp-
ful in describingthecolor contentof animage.To account
for thesefacts,we proposea color matchingtechniquethat
is an improvementover theapproachusedin [8]. We pro-
vide a betterutilization of the luminanceinformation,and
usemorechrominanceranges.Thebasicideais toconstruct
equivalenceclassesof color which arede�ned by linguis-
tic tags,i.e., color names,suchaspink, brown, etc.,where
the color remainsperceptuallythe same,and is distinctly
differentfrom that of neighboringsubspaces.We provide
a much�ner partitioningof theLAB spaceby using2520
partitions.Similar systemsarepresentedin [9, 10].

We de�ne a color paletteof 15 colorsshown in table1.
Let C = fCj g2520

j =1 denotetheCIE LAB color space,where
L de�nes lightness,A denotesred/greenchrominanceand
B the yellow/blue chrominance. The dimensionsof C
areobtainedby consideringeachpoint in C as the triplet
f L; r; � g, wherer =

p
A2 + B 2, and� = tan � 1(B =A).

A function � : C ! � is de�ned, where� = f � i g15
i =1 , and

each� i representsacolor shown in thepalettein Table1.
Each partition, Cj , is obtained by dividing L into

equally-distant10 ranges,r into equally-spaced14 ranges,
and� into equi-angular18 ranges.Thecolorsin the2520
(= 10 � 14 � 18) partitionsare assignedby looking at
the color at the centerof eachpartition and then giving
the whole partition a �x ed color � i chosenfrom table 1.
Eachof thesecolor valuesweremutually agreeduponby
at leasttwo observers. In a sense,a lookuptablewasgen-
eratedfor eachpoint in the color space.Then� mapsall
xk = f L k ; r k ; � k g that aremembersof the j th partition,
Cj , into a �x edcolor � i , i.e., � (xk ) = � i ; 8xk 2 Cj . A 15-
dimensionalfeaturevector is obtainedby operating� on
eachpixel in an imageandconstructinga 15-bin normal-
izedhistogram.

4 TEXTURE
A multiresolutionchannel-energy modelis employedfor

texture analysis. Gabor�lters have beenfrequentlyused
asa texture-basedsimilarity measurein imageretrieval. A
bankof 48 even-symmetricGabor�lters is used.A total of
16 �lters operatein eachof the3 channelsof theCIE LAB
space– 4 �lters in differentscalesand4 �lters in different
equi-angularorientations.A 48-dimensionalfeaturevector
is extractedfrom eachimagethatrepresentsthenormalized
energy afterconvolving with the�lter bank.Thedetailsof
thisapproachmaybefoundin [11].

5 GAUSSI AN NORM AL I ZATI ON
Distancesin thestructureandtexturefeaturespaceswere

calculatedusingthe Euclideannorm. Histogramintersec-
tion measurewasusedfor color. Distanceswereproperly
normalizedto takeintoaccountthedifferencein imagesize.
We useda weightedlinear combinationof the distances

Class #
Manmade 1908
Birds 811
Bugs 1134
Mammals 2496
Flowers 1161
Landscapes 2711
Total 10,221

Table2: Classi�cationof thedatabase.

Manmade #
Aircraft 228
Bikes 33
Bridges 362
Buildings 603
Buses 179
Cars 139
Misc. 230
Ships 134
Total 1908

(a)
Birds #
Ducks 38
Geese 31
Gulls 38
Misc. 425
Parrots 55
Swans 39
WaterBirds 185
Total 811

(b)
Bugs #
Beetles 64
Butter�ies 397
Dragon�ies 62
Flies 40
Misc. 440
Spiders 131
Total 1134

(c)

Mammals #
Bears 149
Cattle 157
Deer 260
Elephants 52
Foxes 137
Giraffes 54
Horses 258
Lions 430
Mice 202
Misc. 38
Monkeys 55
Rabbits 92
SeaCreatures 501
Sheep 48
Wolves 63
Total 2496

(d)
Flowers #
Cactus 31
Misc. 841
Mushrooms 106
Orchids 52
Roses 98
Tulips 33
Total 1161

(e)
Landscapes #
Clouds 428
Coastlines 710
Misc. 450
Rocks& Mount. 563
Trees& Leaves 543
Water 17
Total 2711

(f)

Table3: Subclassi�cationof thedatabase.
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Class # S % C % T % C+T % S+C+T %
Manmade 1908 26842 70.34% 18220 47.75% 20308 53.22% 22877 59.95% 29523 77.37%
Birds 811 1452 8.95% 2330 14.36% 1945 11.99% 2525 15.57% 2636 16.25%
Bugs 1134 3440 15.17% 6049 26.67% 5280 23.28% 7752 34.18% 7854 34.63%
Mammals 2496 14078 28.20% 18503 37.07% 19162 38.39% 22521 45.11% 24195 48.47%
Flowers 1161 4167 17.95% 6762 29.12% 8330 35.87% 8371 36.05% 8467 36.46%
Landscapes 2711 22869 42.18% 21901 40.39% 25225 46.52% 27207 50.18% 31743 58.54%

Table4: Classi�cationresults.S = Structure.C = Color. T = Texture. C + T = Color andtexture,generatedwith weights:
S = 0.0,C = 0.5,T = 0.5,L, A, B channels.S + C + T = Structure,color andtexturegeneratedwith weights:S = 0.33,C =
0.33,T = 0.33,L, A, B channels.

in the productspaceof structure,color andtexture for re-
trieval. Thedistancesin thesespaceswerepre-normalized
in therange[0; 1]. However, it maybepossiblethata rela-
tively largervaluein a featurespacebiasesthecalculation
of the weighteddistance. To overcomethis problem,we
have usedthe following Gaussiannormalizationthat puts
equalemphasisonthedistancesin theeachof thethreefea-
ture spaces[12], beforetaking a weightedlinear (convex)
combination.

Let d = f di g be a sequenceof distancesin any of the
above-mentionedthreefeaturespaces.Gaussiannormal-
ization resultsin themapping:di ! (di � � )=3� . where
� and� representthe meanandthe standarddeviation of
di . Let �di = (di � � )=3� . This normalizationensures
that probability of the normalizedvalue, �di , being in the
range[� 1; 1], is 99%. Valuesoutsidethis rangemay be
forced to map to either -1 or 1. To map the normalized
distancesin the [0; 1], the following mappingis applied:
�di ! ( �di + 1)=2. This ensuresthat the normalizedvalue
is in [0; 1]. Before applying Gaussiannormalization,the
texturefeaturevectorcomponentswerenormalizedby sub-
tractingthemean,anddividing by thestandarddeviationof
aparticularcomponent.Thiswasdoneto putequalempha-
sisonall components(�lters) while calculatingdistances.

6 RESULTS OBTAI NED
A total of 10,221imagesin our databaseweremanually

classi�edasshown in table2. Theseimageswerecollected
from varioussourcesindicatedin [13]. Table3 displaysthe
subclassi�cation. The classi�cation and subclassi�cation
wereperformedby asubjectotherthantheauthors.

Results were obtained using image query and clas-
si�cation. For this purpose we have used our im-
age retrieval system CIRES: Content-based Image
REtrieval System. CIRES is available at http://
amazon.ece.utexas.edu/ ~qasim/research.htm
6.1 Imagequery

Experimentswereconductedusingcombinedstructure,
color andtexture analyses.The systemis capableof per-
forming the texture analysisin either the L channelonly
(grayscaletexture), or in all threechannelsof the LAB
space.

Figure1displaysfourqueriesandthecorresponding�rst
16 most similar imagesretrieved. The weightsusedfor
structure,color andtexturearelisted in the �gures. Addi-
tionally, the�gures alsoindicateif thetextureanalysiswas
performedin theL channelonly. Figure1(a)showsatotally
structuralobject,abuilding, andit is satisfactoryto seethat
theretrievedresultsmatchstronglyin content.Figure1(b)

showsaqueryfor abus.Theretrievedresultsmatchin con-
tent again. Figures1(c) and1(d) show completelynatural
queries,tigers,and�o wers,respectively. Theretrievedre-
sultsaresimilar in content. Figure2 displaystwo queries
consistingof airplanes,and ships in harbor, respectively.
Theretrievedresultagreewith thequerycontentstrongly.

Perceptualgroupingplaysa strongrole in thecombined
retrieval framework. Structurevia perceptualgrouping
helpsnot only in retrieving imagesfor queriescontaining
strongmanmadeobject/ structuralcontent,suchas�gure
1(a),it helpsin servingquerieswith purelynaturalobjects,
suchas�gure 1(d), by eliminatingimagesthathave struc-
tural content.The judicioususeof structuregivesour sys-
temanedgeovercontent-basedimageretrieval systemsthat
retrieve imagescontainingstructuralobjectsbasedpurely
uponcolor andtexture. Resultsobtainedshow theef�cacy
of combiningstructure,colorandtexturefor retrieval.
6.2 Imageclassi�cation

Thefollowing two experimentswereconducted.
Experiment1:
A classi�cation experimentwas performedthat mea-

suredthe accuracy of classifying all 10,221 imagesinto
oneof thebroadercategoriesshown in table2: Manmade,
Birds, Bugs, Mammals,Flowers, and Landscapes.Each
test image was presentedas a query to the system,and
the �rst 20 retrieved imageswere collected. The classes
to which these20 imagesbelongedwererecorded.Clas-
si�cation accuracy for theabove-mentionedcategorieswas
thencomputedusingtheclassfor thetestqueryimage.The
given test imagewas not usedin the computationof the
systemperformance.

Table 4 presentsresultsfor this experiment. The �rst
andsecondcolumnsdisplaytheclasses,andthetotal num-
ber of imagesin a particular class, respectively. In the
idealcase,for eachtestimage,the�rst 20 retrievedimages
shouldbelongto the correctclass. For example, for the
Manmadeclass,1908 � 20 = 38160imagesshouldhave
beenreturned.However, for theexperimentconductedus-
ing structureonly, 26842imageswereretrieved, resulting
in a retrieval performanceof 26842/ 38160= 70.34%.

The above-mentionednotion of systemperformanceis
usedfor the resultsdisplayedin table4. Startingfrom the
third columnin the table,the numberof imagesretrieved,
and the retrieval performanceare displayedfor structure
only (S), color only (C), texture only (T), color and tex-
tureonly (C + T), andstructure,color andtexture(S + C +
T). For color andtexture only, equalemphasiswasplaced
on both. Similarly, for structure,color and texture, equal
emphasiswasplacedonall three.
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Queryimage:Building
Weights:S= 0.5,C = 0.3,T = 0.2,L, A, B channels.

Queryimage:Bus
Weights:S= 0.33,C = 0.33,T = 0.33,L, A, B channels.

(a) (b)

Queryimage:Tigers
Weights:S= 0.33,C = 0.33,T = 0.33,L, A, B channels.

Queryimage:Flower
Weights:S= 0.2,C = 0.4,T = 0.4,L, A, B channels.

(c) (d)

Figure1: Fourqueriesandthecorresponding�rst 16mostsimilar imagesretrieved.S= Structure.C = Color. T = Texture.
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Queryimage:Airplanes
Weights:S= 0.4,C = 0.2,T = 0.4,L channelonly.

Queryimage:Ships/ Harbor
Weights:S= 0.4,C = 0.2,T = 0.4,L channelonly.

(a) (b)

Figure2: Two queriesandthecorresponding�rst 16mostsimilar imagesretrieved.S = Structure.C = Color. T = Texture.

Subclass # C+T % S+C+T %
Aircraft 228 1344 29.47% 1661 36.43%
Bikes 33 37 5.61% 71 10.76%
Bridges 362 2040 28.18% 2263 31.26%
Buildings 603 4153 34.44% 5206 43.17%
Buses 179 1703 47.57% 1952 54.53%
Cars 139 1100 39.57% 1210 43.53%
Ships 134 477 17.80% 594 22.16%

Table5: Subclassi�cationresults:Manmade. C + T = Color andtexture,generatedwith weights:S = 0.0,C = 0.5,T = 0.5,
L, A, B channels.S + C + T = Structure,color andtexturegeneratedwith weights:S = 0.33,C = 0.33,T = 0.33,L, A, B
channels.

Subclass # C+T % S+C+T %
Clouds 428 2617 30.57% 2849 33.28%
Coastlines 710 4630 32.61% 5624 39.61%
Rocks& Mount. 563 3803 33.77% 4552 40.43%
Trees& Leaves 543 2960 27.26% 3059 28.17%

Table6: Subclassi�cationresults:Landscapes.C + T = Color andtexture,generatedwith weights:S = 0.0, C = 0.5, T =
0.5,L, A, B channels.S+ C + T = Structure,colorandtexturegeneratedwith weights:S= 0.33,C = 0.33,T = 0.33,L, A, B
channels.
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Much better retrieval of the Manmadeclass is ob-
tainedusing the combinationof structure,color and tex-
ture,closelyfollowedby theresultsobtainedusingstructure
only. For Birds,Bugs,Mammals,FlowersandLandscapes,
thecombinationof thethreemethodologiesis slightly bet-
ter thanusingcolorandtextureonly.

Perceptualgrouping,color andtextureanalysesareper-
formedglobally over animage.Higherperformanceis ob-
tainedfor ManmadeandLandscapeclassesbecauseimages
in theseclassesare better suited for theseglobal analy-
ses.Many imagesin Birds, Bugs,Mammals,andFlowers
classesconsistof a smallforegroundobjectof interest,and
a similar backgroundthat coversmostof an image,which
resultsin misclassi�cation.

In addition,in our extensive experiments[13], we have
observed that if weightswerechangedto matchthe image
contentbetter(insteadof putting equalemphasison per-
ceptualgrouping,color andtexture) thenthe retrieval per-
formanceincreases.Thequeriesshown in �gures 1 - 2 were
obtainedusingdifferentweightsto illustratethis.

Experiment2:
A subclassi�cationexperimentwasperformedthatmea-

suredthe accuracy of classifying imagesinto one of the
�ner categoriesshown in table 3. Similar to experiment
# 1, eachtestimage,outof a totalof 10,221,waspresented
asa query to the systemandthe �rst 20 retrieved images
werecollected. The subclassesto which these20 images
belongedwererecorded.Subclassi�cationaccuracy for the
above-mentionedcategorieswas thencomputedusing the
subclassfor the test image. Again in this experiment,the
given test imagewas not usedin the computationof the
systemperformance.

Tables5 and6 displaysubclassi�cationresultsfor the
subclassesin theManmadeandLandscapesclasses,respec-
tively. Equalemphasiswasplacedon structure,color and
texture. The methodologyusedto obtainthe performance
statisticsis thesameasexplainedin experiment# 1. Space
limitation precludesdisplayingdetailedresultsfor theother
subclasses.Detailsof all experimentsmaybefoundin [13].

In experiment# 1 we areableto successfullydifferenti-
ateimagesin differentclasses.The resultsfor experiment
# 2 indicatethat with the possibleexceptionof subclasses
in the Manmadeand Landscapesclasses,it is dif�cult to
differentiateimagesin othersubclasses.For example,it is
dif�cult to distinguishimagesof foxesfrom thoseof wolves
anddeer. However, we have observedin queryingwith our
systemthatimagesin subclassesthathavelow classi�cation
ratescanresultin betterretrieval if theweightsareadjusted
to representimagecontent.Additionally, somesubclasses
havelow retrieval ratebecausethey containrelatively fewer
imagescomparedto othersubclasses.

7 CONCL USI ONS
In this paper, we combinedstructure,color andtexture

for ef�cient imageretrieval. Structurewasextractedvia hi-
erarchicalperceptualgroupingprinciples.An approachfor
color analysiswasproposedthat mappedall colors in the
colorspaceinto a�x edcolorpalette.Textureanalysisusing
abankof even-symmetricGabor�lters wasalsoemployed.
A methodologyfor performanceevaluationwaspresented
on a databaseof color images.Thedatabasehadbeenpar-
titionedinto variousclassesandsubclassesfor quantifying
successof imagequeryandclassi�cation.

The judicious use of structure,color and texture has
provided us with a robust imageretrieval systemthat can
servequeriesrangingfrom imagesdepictingconspicuously
structural(manmade)contentto imagesdepictingscenesof
purely naturalobjects. The framework hasan edgeover
traditionalimageretrieval systemsthatretrieveimagescon-
tainingmanmadestructure(or purelynaturalobjects)solely
on thebasisof colorandtexture.

Good classi�cation performancewas obtainedin the
broaderclasses.Subclassi�cationachievedlimited success.
Furtherresearchis neededto obtainabetterperformancein
subclassi�cation.However, it wasobserved that changing
the weightscorrespondingto structure,color and texture,
improved performance.Automaticadjustmentof weights
accordingto imagecontentis an ongoingareaof our re-
search.In addition,our currentresearchfocuseson thede-
velopmentof anef�cient indexing structureusingdatabase
managementtechniques.
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