16" InternationalConferencen PatternRecognition(ICPR), QuebedCity, QC, CanadaAugust11 - 15,2002,vol. 2, pp. 438- 443.

COMBINING STRUCTURE, COLOR AND TEXTURE FOR IMAGE RETRIEVAL:

A PERFORMANCE EVALUATION

QasimigbalandJ.K. Aggarwal
ComputerandVision ResearctCenter
Departmenbf ElectricalandComputerEngineering
The University of Texasat Austin
Austin, Texas78712,USA

f gqasim,aggarwaljk

ABSTRACT

In this paper we combinestructure, color and texture
for efcient image retrieval. Structue is extractedby the
applicationof perceptualgroupingprinciples. Color anal-
ysisis performedby mappingall pixelsin animage into a
xed color palettethat usedinguistic tagsto describecolor
content. Texture analysisis done using a bank of even-
symmetricGabor lter s. A methodolgy for performance
evaluationof theseanalyseds presentecbn a databaseof
color images. Thedatabasehasbeenpartitionedinto var-
ious classesand subclassesor quantifyingthe succesof
image queryand classi cation. It is demonstatedthat the
synegy resultingfrom the combinationof structuse, color
andtexture is superiorthanusingjust color andtexture.

1 INTRODUCTION

Content-baseiinageretrieval systemsave traditionally
usedcolor andtexture analyses.Theseanalyseshave not
always achiezed adequatdevel of performanceand user
satisiction. The growing needfor robustimageretrieval
systemshasled to a needfor additionalretrieval method-
ologies.In this paper we addresghisissueby usingimage

structuren additionto color andtexture. It is demonstrated
that the synegy resultingfrom the combinationof struc-

ture, color andtexture is superiorthanusingjust color and
texture. Evaluationof retrieval performances animportant
areain imageretrieval [1]. A goalof this paperis to present
amethodologyfor performancesvaluationusingstructure,

colorandtexture. . . )
Effort hasheermadein thepastto extendimageretrieval

methodologie®eyondcolor andtexture. Segmentatiorhas
beenusedto extractregion-basedlescriptionf animage
by somesystemssuchasNeTra, Blobworld andSIMPLIc-
ity [2, 3, 4]. NeTra andBlobworld presenia userwith the
segmentedregions of animage. The userselectsregions
to be matched togetherwith attributessuchas color and
texture. SIMPLIcity is ableto matchall sgmentedegions
automatically However, ausers semantiaunderstandingf
animageis ata higherlevel thantheregion representation.
Oftenit is dif cult for a userto selecta representate re-
gion for the entireimage; coupledwith the inaccurag of
automaticsegmentationthe retrieved resultsdo not match
users intuition, or understandin@f theimages.An object
is typically composedof multiple sggmentswith varying
color andtexture patterns.Oneor moresegmentedegions
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areusuallynot sufcient to addressemanticobjectrepre-

sentation. ) )
We useimagestructureas a higherlevel semanticcue

for retrieval. Perceptuafroupingis usedto extract struc-
ture. Perceptuagroupingrefersto the hierarchicalgroup-
ing of lower-level image features,such as edges,into a
meaningfulhigherlevel interpretation. This interpretation
helpsin extractingimagestructure. A key featureof our
approachs thatsegmentatioranddetailedobjectrepresen-
tation are not required. A techniquefor color analysisis
proposedhatgenerates lookuptablefor mappingall pix-
elsin animageto a paletteconsistingof 15 colors. A bank
of even-symmetridGabor lters are usedfor texture anal-
ysisin a channel-engy model. The performanceof the
systemis testedon animagedatabaseonsistingof 10,221
images,which hasbeenpartitionedinto 6 classesand 48

subclasses. ) ) )
Therestof the paperis organizedasfollows. Section2

brie y presentshe structureextractionprocessvia percep-
tualgrouping.Section3 illustratesthe color similarity tech-
nigue. Section4 brie y outlinesthetexture extractionpro-

cessvia a Gabor Iter bank. Section5 describeshe Gaus-
siannormalizationof the distancesn the productspaceof

structure,color andtexture. Section6 presentghe results
obtainedand nally, section7 providesthe conclusions.

2 STRUCTURE VIA PERCEPTUAL GROUPING

We extract the following featureshierarchicallyusing
theapproactdetailedin [5, 6]: line sggmentsjonger 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
generatechy manmadeobjects. We do not put ary con-
straints,suchasviewing angleand depth,on our system.

A 3- d|mensmnafeaturevectorls extractedfrom thesefea-
turesthatrepresentshe normalizednumberof linesin the

“L” junctions,“U” junctions, and the signi cant parallel
groupsandpolygons.

3 CoLOR

A traditional global color distribution (histogram)[7]
doesnottakeinto accounthefactsthatonly alimited num-
berof color shadesaresufcient for visual discrimination,



Black Pink Red Orange
Brown Olive Yellow | Green
Blue Green| Sky Blue | Blue Purple
Magenta Gray White

Tablel: Color palette.

andthatthe adjacenthistogrambins might actually repre-
sentroughly the samecolor. We believe thatthe linguistic
tags whichidentify acolorwith anamewill bemorehelp-
ful in describingthe color contentof animage. To account
for thesefacts,we proposea color matchingtechniquethat
is animprovementover the approachusedin [8]. We pro-
vide a betterutilization of the luminanceinformation,and
usemorechrominanceanges.Thebasicideais to construct
equivalenceclassesf color which arede ned by linguis-
tic tags,i.e., color namessuchaspink, brown, etc.,where
the color remainsperceptuallythe same,andis distinctly
differentfrom that of neighboringsubspacesWe provide
amuch ner partitioningof the LAB spaceby using2520
partitions.Similar systemsarepresentedhn [9, 10].

We de ne acolor paletteof 15 colorsshawvn in table1.
LetC= fCj g?2%° denotethe CIE LAB color spacewhere

L de neslightness,A denoteged/greerchrominanceand
B the yellow/blue chrominance. The dimensionsof C
are obtainedby consigeringeachpoint in C asthe triplet
fL;r; g wherer = A2+ B2 and = tan (B=A).
A function : C! is de ned, where = f ;g5 , and
each ; represents color shavn in thepalettein Tablel.

Each partition, G, is obtained by dividing L into
equally-distantlO rangesy into equally-spaced4 ranges,
and into equi-angularl8 ranges.The colorsin the 2520
(= 10 14 18 partitionsare assignedoy looking at
the color at the centerof eachpartition and then giving
the whole partition a x ed color ; chosenfrom table 1.
Eachof thesecolor valueswere mutually agreedupon by
atleasttwo obserers. In a sensealookuptablewasgen-
eratedfor eachpointin the color space.Then mapsall
Xk = fly;rk; kg thataremembersof thej™ partition,
G,intoa x edcolor j,i.e., (Xk) = i;8xk 2 G.A 15-
dimensionalfeaturevector is obtainedby operating on
eachpixel in animageand constructinga 15-bin normal-
izedhistogram.

4 TEXTURE

A multiresolutionchannel-engyy modelis employedfor
texture analysis. Gabor Iters have beenfrequentlyused
asatexture-basedimilarity measuren imageretrieval. A
bankof 48 even-symmetricGabor lters is used.A total of
16 lters operatdan eachof the3 channelof the CIE LAB
space-4 lters in differentscalesand4 lIters in different
equi-angulaorientations A 48-dimensionafeaturevector
is extractedfrom eachimagethatrepresentthenormalized
enegy aftercorvolving with the Iter bank. The detailsof
thisapproachmaybefoundin [11].

5 GAUSSIAN NORMALIZATION

Distancesn thestructureandtexturefeaturespacesvere
calculatedusingthe Euclideannorm. Histogramintersec-
tion measurevasusedfor color. Distanceswvere properly
normalizedo takeinto accounthedifferencen 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.
| Mammals | # |
Bears 149
Cattle 157
| Manmade | # | Deer 260
Aircraft 228 Elephants 52
Bikes 33 Foxes 137
Bridges 362 Giraffes 54
Buildings 603 Horses 258
Buses 179 Lions 430
Cars 139 Mice 202
Misc. 230 Misc. 38
Ships 134 Monkeys 55
| Total | 1908| Rabbits 92
(@) SeaCreatures| 501
[ Birds [ #] Sheep 48
Ducks 38 Wolves 63
Geese 31 | Total ‘ 2496|
Gulls 38 (d)
Misc. 425 | Flowers | # |
Parrots 55 Cactus 31
Swans 39 Misc. 841
WaterBirds | 185 Mushrooms| 106
‘ Total | 811| Orchids 52
(b) Roses 98
’ Bugs | # ’ TU"pS 33
Beetles 64 | Total | 1161 |
Butter ies 397 (e)
Dragonies | 62| |Llandscapes | #]
Flies 40 Clouds 428
Misc. 440 Coastlines 710
Spiders 131 Misc. 450
‘ Total | 1134| Rocks& Mount. | 563
() Trees& Leaves 543
Water 17
| Total | 2711

()

Table3: Subclassi catiorof thedatabase.



[Class | #] S| %[ €| %[ T[] %[ CT| %[ 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, generatedvith weights:
S=0.0,C=0.5T=0.5L, A BchannelsS+ C + T = Structure color andtexture generatedvith weights:S=0.33,C =

0.33,T=0.33,L, A, B channels.

in the productspaceof structure,color andtexture for re-
trieval. The distancesn thesespacesverepre-normalized
in therange[0; 1]. However, it may be possiblethata rela-
tively largervaluein a featurespacebiaseshe calculation
of the weighteddistance. To overcomethis problem,we
have usedthe following Gaussiamormalizationthat puts
equalemphasi®nthedistancesn the eachof thethreefea-
ture spaceq12], beforetaking a weightedlinear (corvex)
combination.

Letd = fdjg be asequencef distancesn ary of the
abore-mentionedhree featurespaces. Gaussiamormal-
izationresultsin the mapping:d; ! (d; )=3 . where

and representhe meanandthe standarddeviation of
di. Letdi = (di )=3 . This normalizationensures

that probability of the normalizedvalue, d;, beingin the
range[ 1;1], is 99%. Valuesoutsidethis rangemay be
forcedto mapto either-1 or 1. To map the normalized
distancesdn the [0; 1], the following mappingis applied:

di ! (d + 1)=2. This ensureghatthe normalizedvalue
is in [0;1]. Before applying Gaussiamormalization,the
texturefeaturevectorcomponentsverenormalizedby sub-
tractingthemean,anddividing by the standardieviation of
aparticularcomponentThiswasdoneto putequalempha-
sisonall componentg lters) while calculatingdistances.

6 RESULTS OBTAINED

A total of 10,221limagesin our databaseveremanually
classi edasshavn in table2. Theseéimageswerecollected
from varioussourcesndicatedin [13]. Table3 displaysthe

subclassi cation. The classi cation and subclassi cation
wereperformedby a subjectotherthanthe authors.

Results were obtained using image query and clas-
sication. 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/ ~gasim/research.htm

6.1 Image query

Experimentswvereconductedusingcombinedstructure,
color andtexture analyses.The systemis capableof per
forming the texture analysisin eitherthe L channelonly
g%ré‘ié/escalet@(ture), or in all three channelsof the LAB

Figureldisplaysfour queriesandthecorrespondingst
16 most similar imagesretrieved. The weightsusedfor
structure color andtexture arelistedin the gures. Addi-
tionally, the gures alsoindicateif thetexture analysiswas
performedn theL channebnly. Figurel(a)shovsatotally
structuralobject,abuilding, andit is satishctoryto seethat
theretrievedresultsmatchstronglyin content.Figure1(b)

shavsaqueryfor abus. Theretrievedresultsmatchin con-
tentagain. Figures1(c) and1(d) shov completelynatural
queriestigers,and o wers,respectiely. Theretrievedre-
sultsaresimilar in content. Figure 2 displaystwo queries
consistingof airplanes,and shipsin harbor respectrely.
Theretrievedresultagreewith the querycontentstrongly

Perceptuagroupingplaysa strongrole in the combined
retrieval framewvork. Structurevia perceptualgrouping
helpsnot only in retrieving imagesfor queriescontaining
strongmanmadeobject/ structuralcontent,suchas gure
1(a),it helpsin servingquerieswith purelynaturalobjects,
suchas gure 1(d), by eliminatingimagesthat have struc-
tural content. Thejudicioususeof structuregivesour sys-
temanedgeover content-baseinageretrieval systemghat
retrieve imagescontainingstructuralobjectsbasedpurely
uponcolor andtexture. Resultsobtainedshav the ef cacy
of combiningstructure color andtexturefor retrieval.

6.2 Image classi cation

Thefollowing two experimentsvereconducted.

Experimentl:

A classi cation experimentwas performedthat mea-
suredthe accurag of classifyingall 10,221imagesinto
oneof the broadercateyoriesshavn in table2: Manmade,
Birds, Bugs, Mammals, Flowers, and Landscapes.Each
testimage was presentedas a query to the system,and
the rst 20 retrieved imageswere collected. The classes
to which these20 imagesbelongedwere recorded. Clas-
si cation accurayg for theabore-mentionedateyorieswas
thencomputedisingtheclassfor thetestqueryimage.The
given testimage was not usedin the computationof the
systemperformance.

Table 4 presentgesultsfor this experiment. The rst
andsecondcolumnsdisplaythe classesandthetotal num-
ber of imagesin a particular class, respectiely. In the
idealcasefor eachtestimage,the rst 20retrievedimages
shouldbelongto the correctclass. For example, for the
Manmadeclass,1908 20 = 38160imagesshouldhave
beenreturned.However, for the experimentconductedus-
ing structureonly, 26842imageswere retrieved, resulting
in aretrieval performancef 26842/ 38160= 70.34%.

The abare-mentionechotion of systemperformances
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, equalemphasisvasplaced
on both. Similarly, for structure,color andtexture, equal
emphasisvasplacedonall three.



Queryimage:Building
Weights:S=0.5,C=0.3,T=0.2,L, A, B channels.

@

Queryimage:Tigers

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

(©

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

(b)

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

(d)

Figurel: Four queriesandthecorrespondingrst 16 mostsimilarimagesretrieved. S = Structure.C = Color. T = Texture.



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

(@) (b)

Figure2: Two queriesandthe correspondingrst 16 mostsimilarimagesretrieved. 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 catiorresults:Manmade. C + T = Color andtexture,generatedvith weights:S=0.0,C=0.5,T = 0.5,
L, A, B channels.S + C + T = Structurecolor andtexture generatedvith 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, generatedvith weights:S=0.0,C=0.5,T =
0.5,L, A, B channelsS + C + T = Structure color andtexture generatedvith weights:S=0.33,C=0.33,T=0.33,L, A, B
channels.



Much better retrieval of the Manmadeclassis ob-
tained using the combinationof structure,color and tex-

ture closelyfollowedbytheresultsobtamedjsmgstructure
only. For Birds, Bugs,Mammals FlowersandLandscapes,
the combinationof the threemethodologiess slightly bet-
terthanusingcolor andtexture only.

Perceptuagrouping,color andtexture analysesreper
formedglobally over animage. Higher performances ob-
tainedfor ManmadeandLandscapelassedecausémages
in theseclassesare better suited for theseglobal analy-
ses.Many imagesin Birds, Bugs,Mammals,and Flowers
classegonsistof a smallforegroundobjectof interest,and
a similar backgroundhat coversmostof animage,which
resultsin misclassi cation.

In addition,in our extensve experimentg13], we have
obseredthatif weightswerechangedo matchtheimage
contentbetter (insteadof putting equalemphasison per
ceptualgrouping,color andtexture) thenthe retrieval per
formanceincreasesThequeriesshovnin gures 1-2were
obtainedusingdifferentweightsto illustratethis.

Experimeng:

A subclassi catiorexperimentwasperformedhatmea-
suredthe accurag of classifyingimagesinto one of the

ner catgoriesshavn in table 3. Similar to experiment
# 1, eachtestimage,out of atotal of 10,221 waspresented
asa queryto the systemandthe rst 20 retrieved images
were collected. The subclasse$o which these20 images
belongedvererecorded.Subclassi catioraccurag for the

abore-mentionectatgyorieswas then computedusing the

subclasdor the testimage. Again in this experiment,the

given testimagewas not usedin the computationof the

systemperformance.

Tables5 and 6 display subclassi cationresultsfor the
subclassem theManmadeandLandscapeslassestespec-
tively. Equalemphasisvasplacedon structure,color and
texture. The methodologyusedto obtainthe performance
statisticds the sameasexplainedin experiment# 1. Space
limitation precludeglisplayingdetailedresultsfor theother
subclassedetailsof all experimentamaybefoundin [13].

In experiment# 1 we areableto successfullydifferenti-
ateimagesin differentclasses.The resultsfor experiment
# 2 indicatethat with the possibleexceptionof subclasses
in the Manmadeand Landscapesglassesit is dif cult to
differentiateimagesin othersubclasseskor example,it is
dif cult todistinguishimagesof foxesfrom thoseof wolves
anddeer However, we have obsenedin queryingwith our
systenthatimagesn subclassethathave low classi cation
ratescanresultin betterretrieval if theweightsareadjusted
to representmagecontent. Additionally, somesubclasses
have low retrieval ratebecausehey containrelatively fewer
imagescomparedo othersubclasses.

7 CONCLUSIONS

In this paper we combinedstructure,color andtexture
for ef cient imageretrieval. Structurewasextractedvia hi-
erarchicalperceptuagroupingprinciples.An approacHor
color analysiswas proposedhat mappedall colorsin the
colorspacento a x edcolorpalette. Textureanalysisusing
abankof even-symmetricGabor lters wasalsoemployed.
A methodologyfor performanceevaluationwas presented
on adatabasef colorimages.The databaséadbeenpar
titionedinto variousclassesandsubclassefor quantifying
succes®f imagequeryandclassi cation.

The judicious use of structure,color and texture has
provided us with a robustimageretrieval systemthat can
sene queriegangingfrom imagesdepictingconspicuously
structural(manmadegontentto imagesdepictingscene®f
purely naturalobjects. The framevork hasan edgeover
traditionalimageretrieval systemghatretrieve imagescon-
tainingmanmadestructurgor purelynaturalobjects)solely
onthebasisof color andtexture.

Good classi cation performancewas obtainedin the
broaderclassesSubclassi catiorachiezedlimited success.
Furtherresearchs neededo obtainabetterperformancen
subclassi cation.However, it wasobsened thatchanging
the weightscorrespondingo structure,color and texture,
improved performance.Automatic adjustmenif weights
accordingto image contentis an ongoingareaof our re-
search.In addition,our currentresearctiocuseson the de-
velopmenof anefcient indexing structureusingdatabase
managemertechniques.
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