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ABSTRACT

Herein, we proposea new contentbasedimage retrieval

method. The novelty of our approachlies in the applied
imagesimilarity measure Unlike traditionalfeaturedike

color, texture or shape,our measurds basedon a painted
representatiorof the original image. We use paintbrush
stroke parameterss features. Thesestrokes are produced
by astochastipaintbrustalgorithmwhichsimulatesapaint-
ing process. Stroke parametersnclude color, orientation
and location. Therefore,it providesinformation not only

aboutthe color contentbut also aboutthe structuralprop-
ertiesof animages. Experimentakresultson a databasef

more than 500 imagesshow that the CBIR methodusing
paintbrushfeatureshashigher retrieval rate than methods
usingcolor featuresonly.

1. INTRODUCTION

Content-baseiinageretrieval (CBIR) dealswith theindex-
ing and retrieval of imagesin a large databaseébasedon
somelow level visual features(so called visual content).
The main problemsin CBIR areasfollows: whatkind of
featuresdescribethe bestthe visual contentof an image
andhow to measurdhe similarity of two imageshasedon
thesefeatures. Color is one of the mostimportantaspect
of humanvisual perceptiorwhich canbe easily character
ized by a histogramand be comparedusing histogramin-
tersection1]. However, a histogramalonecannotprovide
informationaboutthe spatialdistribution of colors. An ap-
proachincorporatingspatial correlationof colorsin color
correlogramwas introducedin [2]. Texture [3, 4, 5] and
shape[6, 7] are also useful featureusedin CBIR. Shape
is especiallyusefulfor foreground/backgrand typeimages
(containingonewell definedobject)[6]. However, in case
of morecompleximaged(e.g. naturalscenes)shapematch-
ing canbeadifficult task.
Thebasicquestionwhendealingwith thevisualcontent
of animageis how humanscaninterpretanimage. In the
biological senseijt is not an easyquestion.Brain andeye-
researcherarelooking for theright answer[8]. However,

, jixiaowe@comp.nus.edu.sg

, Sziranyi@sztaki.hu

thereis an offering answerfrom an artistic point of view:
askatalentedpainterandhewill give a paintedinterpreta-
tion of the world: the sceneasthe artist seesit. Suchan
imageis madeof brush-stroksof differentcolors. Stochas-
tic PaintbrushTransformation(SPT) is a nev method[9]
to simulatesucha painting process.It is a completelyau-
tomatic(no humanintervention,no pre-processing)mage-
paintingalgorithmwhichis constructedn suchawaythatit
providesa multi-scalerepresentatiorof animagewhich is
closeto the humansensatiorof paintings(see[9] for some
imagequality measurements)In otherwords, it provides
aninterpretationof animage. Althoughthis interpretation
is quitespecific(seriesof brush-stroks),it cansuccessfully
be usedto capturethevisual contentof animage.

The next questionis how to measurehe similarity of
two imagesusing stroke parameters.In fact, the painting
procesgprovidesa semi-sgmentedmage:importantedges
arepreseredandtherearenofine detailsbelow alimit (de-
terminedby the brushsize). However, unlike real sggmen-
tation, objectsare usually coveredby several overlapping
strokes and the shapeof a stroke doesnot change. The
basicideahereis that similar imageshave similar painted
representationsHence,our measuréds basedon matching
brush-stroksusingtheir color, orientationandlocation.

2. THE PAINTBRUSH TRANSFORMATION

SPTis a stochasticprocesswhere brush strolkes are gen-
eratedrandomlyand are eitheracceptedr rejectedbased
on the changein distortion they introduce. Basically it
minimizesthe distortion at a given brushsize. The opti-
mizationalgorithmis very similar to a simulatedannealing
(SA) [10]. In its original formulation[9], SPTis a sequen-
tial multi-scalemagedecompositioomethod basednsim-
ulatedrectangulaishapedaintbrushstrokes. Theresulting
imageslook like good-qualitypaintingswith well-defined
contoursat anacceptablealistortioncomparedo the origi-
nalimage.Herein,we useaslightly modifiedversionof this
algorithm: First of all, we useanelliptical-shapedbrushbe-
causet providesbetteredgesatbiggerbrushsizes.Second,



Fig. 1. Paintingsproducedy 60x 15 elliptical brushstrokes
from 600 x 400 originals.

for indexing purposeswe only usethe largestbrushsize.
Henceotherscalesarenot generatedi.e. the algorithmis
mono-scale).lt is alsoimportantthat we usethe percep-
tually uniform CIE-L*u*v* color space. The algorithmto
producea paintedimageis asfollows:

Algorithm 1 (SPT)
@ Setbrushsizeto d andinitialize T, (SAtempeature).

@ Producethe distortion map A,, which is the difference
image betweenthe original image Z and the current
painting®P,,: A, =| Z—"P, | (Po isanemptypainting).

® Computethe error image &,, which is a smoothedrer
sion of A,,, whele the smoothingat eac pixel is per
formedin a circle of diameterd.

(@ Computethe histagram of £,, and setthresholde suc
that the frequencyof higher valuesequalsto a prede-
finedF.

® Randomlychoosea position s and brush orientation
¢ € {0°,22.5°,45°,67.5°,90°,117.5°,135°,157.5°}
sud that £,(s) > € (i.e. thedistortion at s is high
enough). Setthe brush color C' to the majority vote
of the original pixel colors falling insidethe new brush
stroke B(d, s, ¢, C).

® Computethe new distortion D' and the previous (i.e.
withoutB(d, s, ¢, C)) distortion D overthestroke area.
Thenew stroke is thenacceptedwith a probability
min{1,(D/D")"/T},

@ Updatedistortion map A,,. If the numberof strokes
genertedat the currenttempeature 7, is lessthana
thresholdthengoto Step(®).

Tht1 = 0.8T,,n =n+1. Goto Step®) until theaver
age A, in thelast 10iterationsis lessthana predefined
value$.

Theabove algorithmproducesa seriesof brushstrolkes,
eachof themis determinedoy five parametersshapesize

d, positions, orientationg, andcolor C. The first two pa-

rametergshapeandsize)do notchangéan ourimplementa-
tion. Strokescompletelycoveredby successie strokes(i.e.

invisible ones)are removed beforesimilarity is computed.
Fig. 1 shavs someexamplesof paintedimages.

3. SSMILARITY MEASURE

We definesimilarity by matchingstrokesin thequeryimage
@ anda candidatdmageR from the databaseThe match-
ing is basedon the color, orientationandlocationof a pair
of strokes. Thealgorithmis asfollows:

Algorithm 2 (Stroke M atching)

@ Pick the next stroke fromthe list of () and selectthose
strokesfrom R whosecolor distancefromthequerystroke
is lessthan a thresholdC. Notethat color distancein
CIE-L*u*v* color spaceis obtainedas the Eucledian
distanceof thetwo color vectos.

(@ Outofthecandidateselectedn thepreviousstep,choose
the oneswith the sameorientationasthe querystroke.

® Out of the strokes selectedn the previous step, select
the closesineto the querystroke. If a matding stroke
is foundthenremoreit fromthelist of R.

@ Remaethe stroke fromthelist of Q and go to Step®
until list of @) is empty

We startthe matchingwith the color parametebecause
it is themostimportantfeature. Thenwe matchthe orienta-
tion which characterizethe structureof theimage. Finally
thelocationof the strokesarematchedwhich tells usabout
the spatiallocationof a stroke. The algorithm produces:
matchingpairsof brushstrokes: {(Bg, Bk), - - -, {{B&, BR) }-
We expectthat eachpair have similar color, sameorienta-
tion andthey arecloseto eachother Note thatwe do not
requireanexactmatchingandnotall strokeshave a match-
ing pair. Thesimilarity S of two imagess definedas

1<, (B, BY)

S=% Z; 1 5 (1)
whered() denoteshe distancebetweerthelocationof two
strokes, N is the numberof strokesin the queryimageq@,
andD is thelargestdistancdn the queryimage. Therefore
thevalueS € [0,1] dependon the numberof matching
pairs (controlledby Step® and Step(®) and the distance
betweerthepairs.

4. EXPERIMENTS

Theproposednethodhasbeentestedonadatabasef more
than500imagescontainingnaturalscenesgity sceneshuild-
ings,humanportraits synthetidmagesegtc... Thesizeof an
imageis around600 x 400.
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Fig. 2. Retrieval resultsusingstroke matchingandhistogramintersection.

| Method | Best| Worst || Found |
Histogramintersection|| 221 | 211 67%
Proposedlgorithm 339 93 74%

Table 1. Performanceof eachexperiments. Found gives
the averagepercentag®f similarimagesretrieved by each
methodin the first 20 images. Bestgives the numberof

imagedor whichthegivenmethodgave the bestretrieval in

termsof the numberof similarimagesfound andthe order
of theseimages.

We have usedthe following parameterin Algo. 1: The
brushsized was60 x 15, initial temperaturdy = 0.8, fre-
gueng thresholdF' = 0.6, thenumberof strokesgenerated
ata giventemperaturevasgivenby 10D /d (D is the size
of theimage),andé was20.0. The color distancethreshold
C in Algo. 2 hasbeensetto 5.0. We tunedthesevalueson a
small setof trainingimagesandthenusedthemduring our
tests.

For the evaluation, we have useda groundtruth pro-
ducedby manualclassificationof images. For eachim-
age, the groundtruth datacontainsall of the similar im-
agesfoundin the database Similarity is judgedby a user
Althoughthisis inherentlysubjectve, the groundtruth data

into 6 intervals,the U channelis dividedinto 14 intervals,
andtheV channeis dividedinto 10intervals. Thesevalues
have beenmanuallytunedbasedon the quality of retrieval.
The histogramof animageis thencomputedn this quan-
tizedspace.

For eachquery image, we retrieved the 20 most sim-
ilar images,orderedby similarity, from the database.To
measurdhe performanceof the algorithm,two criteriaare
considered:1) How mary similar imagesareretrieved; 2)
the order of the retrieved similar images(i.e. whetherthe
similar imagescan be found at the beginning of the list).
For all methodsthe evaluationis basednthe sameground
truth data. Table 1 shaws that similarity basedon stroke
parameterdiashigherretrieval rate thantraditional color-
basedsimilarity. It is alsoclearthatthe SPTbasedmethod
returnsrelevantimagesat the beginning of the list (it has
beenoutperformedn only 93 casesandit performedbetter
in morethan 200 cases).This is animportantissuewhen
lessthan20imagesareretrieved.

Concerninghecomputingime onaPentiumlll 930MHz
PC,bothmethodseedessl secto decidewhethertwo im-
agesaresimilar. Thereforeretrieval timeis quitefast.How-
ever, indexing time is higherasthe SPTalgorithmis quite
CPUintensve. It takesabout20-30minuteson 600 x 400
images.We alsonotethatindexing canbe doneon a small

ShONSaratherstriCtSimilarity reqUirementTheWhOledatabase thumbna||(w|th proportiona”ysma”erbrushes)nsteadof

togethemwith thegroundtruth areavailableon our website
(www.cs.ust.hk/"kato/reserach/spt/chir ).

For comparisonwe have alsoimplementedglobal his-
togramintersection[1]. For this purposethe CIE-L*u*v*
color spaceis quantizedsuchthatthe L channelis divided

the original image which requiresconsiderablyless CPU
time: about4.6 secfor imagesof 64 x 64, 15.6 secfor
128 x 128 and145.6secfor 256 x 256. Theretrieval qual-
ity of the thumbnailimagesis the sameasfor the original
600 x 400 images.
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Fig. 3. Retrieval resultsusingstroke matchingandhistogramintersection.

5. CONCLUSION

We have presented new imagesimilarity measurédasecn
a paintedrepresentatiof the original image. Unlike tra-
ditional CBIR methodswe usebrush-strok parametergas
featuresandour measuras computecby matchingstrokes
in a pair of images. The advantageof our methodis thatit
providesinformationaboutboth color and structuralprop-
ertiesof animage. The algorithmhasconsiderablyhigher
retrieval ratecomparedo traditionalcolor-basedeatures.
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