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ABSTRACT
Herein, we proposea new contentbasedimage retrieval
method. The novelty of our approachlies in the applied
imagesimilarity measure: Unlike traditionalfeatureslike
color, texture or shape,our measureis basedon a painted
representationof the original image. We use paintbrush
stroke parametersasfeatures.Thesestrokesareproduced
byastochasticpaintbrushalgorithmwhichsimulatesapaint-
ing process. Stroke parametersinclude color, orientation
and location. Therefore,it provides informationnot only
aboutthe color contentbut alsoaboutthe structuralprop-
ertiesof an images.Experimentalresultson a databaseof
more than 500 imagesshow that the CBIR methodusing
paintbrushfeatureshashigher retrieval rate than methods
usingcolor featuresonly.

1. INTRODUCTION

Content-basedimageretrieval (CBIR) dealswith theindex-
ing and retrieval of imagesin a large databasebasedon
somelow level visual features(so called visual content).
The main problemsin CBIR areasfollows: what kind of
featuresdescribethe best the visual contentof an image
andhow to measurethe similarity of two imagesbasedon
thesefeatures. Color is oneof the most importantaspect
of humanvisual perceptionwhich canbe easilycharacter-
ized by a histogramandbe comparedusinghistogramin-
tersection[1]. However, a histogramalonecannotprovide
informationaboutthespatialdistribution of colors. An ap-
proachincorporatingspatialcorrelationof colors in color
correlogramwas introducedin [2]. Texture [3, 4, 5] and
shape[6, 7] are also useful featureusedin CBIR. Shape
is especiallyusefulfor foreground/background typeimages
(containingonewell definedobject)[6]. However, in case
of morecomplex images(e.g.naturalscenes),shapematch-
ing canbea difficult task.

Thebasicquestionwhendealingwith thevisualcontent
of an imageis how humanscaninterpretan image. In the
biological sense,it is not aneasyquestion.Brain andeye-
researchersarelooking for the right answer[8]. However,

thereis an offering answerfrom an artistic point of view:
aska talentedpainterandhewill give a paintedinterpreta-
tion of the world: the sceneas the artist seesit. Suchan
imageis madeof brush-strokesof differentcolors.Stochas-
tic PaintbrushTransformation(SPT) is a new method[9]
to simulatesucha paintingprocess.It is a completelyau-
tomatic(no humanintervention,no pre-processing)image-
paintingalgorithmwhichis constructedin suchawaythatit
providesa multi-scalerepresentationof an imagewhich is
closeto thehumansensationof paintings(see[9] for some
imagequality measurements).In otherwords, it provides
an interpretationof an image. Althoughthis interpretation
is quitespecific(seriesof brush-strokes),it cansuccessfully
beusedto capturethevisualcontentof animage.

The next questionis how to measurethe similarity of
two imagesusingstroke parameters.In fact, the painting
processprovidesasemi-segmentedimage:importantedges
arepreservedandtherearenofinedetailsbelow alimit (de-
terminedby thebrushsize). However, unlike realsegmen-
tation, objectsare usually coveredby several overlapping
strokes and the shapeof a stroke doesnot change. The
basicideahereis that similar imageshave similar painted
representations.Hence,our measureis basedon matching
brush-strokesusingtheir color, orientationandlocation.

2. THE PAINTBRUSH TRANSFORMATION

SPT is a stochasticprocesswherebrushstrokes are gen-
eratedrandomlyandareeitheracceptedor 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-scaleimagedecompositionmethod,basedonsim-
ulatedrectangular-shapedpaintbrushstrokes.Theresulting
imageslook like good-qualitypaintingswith well-defined
contours,at anacceptabledistortioncomparedto theorigi-
nal image.Herein,weuseaslightly modifiedversionof this
algorithm:Firstof all, weuseanelliptical-shapedbrushbe-
causeit providesbetteredgesatbiggerbrushsizes.Second,
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for indexing purposes,we only usethe largestbrushsize.
Henceotherscalesarenot generated(i.e. the algorithmis
mono-scale).It is also importantthat we usethe percep-
tually uniform CIE-L � u � v � color space.The algorithmto
producea paintedimageis asfollows:

Algorithm 1 (SPT)�
1 Setbrushsizeto � andinitialize ��� (SAtemperature).�
2 Producethe distortion map ��� which is the difference

image betweenthe original image � and the current
painting ��� : ���������� !���� ( ��� is anemptypainting).

�
3 Computethe error image "#� which is a smoothedver-

sion of ��� , where the smoothingat each pixel is per-
formedin a circle of diameter� .�

4 Computethe histogram of "#� and setthreshold $ such
that the frequencyof higher valuesequalsto a prede-
fined % .�

5 Randomlychoosea position & and brush orientation')(+* ��,	-/.
.#01��,	-2����,3-/��4#0 �
,	-25
�
,	-6���	4#0 �
,3-7�38
��,3-6�3��4901��,6:
such that "#�<;=&	>@?A$ (i.e. the distortion at & is high
enough). Set the brush color B to the majority vote
of theoriginal pixel colors falling insidethenew brush
stroke CD;=� - & - ' - BE> .�

6 Computethe new distortion FHG and the previous (i.e.
without CI;J� - & - ' - BE> ) distortion F overthestrokearea.
Thenew stroke is thenacceptedwith a probabilityK�LNM * ��- ;JFOPF G >/QSR/T	U : .�

7 Updatedistortion map � � . If the numberof strokes
generatedat the current temperature � � is lessthan a
thresholdthengo to Step

�
5 .�

8 � �PV Q � �W0 X � � , YZ�[YI\ � . Goto Step
�
3 until theaver-

age � � in thelast10 iterationsis lessthana predefined
value ] .
Theabovealgorithmproducesaseriesof brushstrokes,

eachof themis determinedby five parameters:shape,size

� , position & , orientation
'
, andcolor B . Thefirst two pa-

rameters(shapeandsize)donotchangein our implementa-
tion. Strokescompletelycoveredby successivestrokes(i.e.
invisible ones)areremovedbeforesimilarity is computed.
Fig. 1 showssomeexamplesof paintedimages.

3. SIMILARITY MEASURE

Wedefinesimilarity by matchingstrokesin thequeryimage^
anda candidateimage _ from thedatabase.Thematch-

ing is basedon thecolor, orientationandlocationof a pair
of strokes.Thealgorithmis asfollows:

Algorithm 2 (Stroke Matching)�
1 Pick the next stroke from the list of

^
and selectthose

strokesfrom _ whosecolordistancefromthequerystroke
is lessthan a threshold ` . Note that color distancein
CIE-L � u � v� color spaceis obtainedas the Eucledian
distanceof thetwo color vectors.�

2 Outof thecandidatesselectedin thepreviousstep,choose
theoneswith thesameorientationasthequerystroke.�

3 Out of the strokesselectedin the previousstep,select
theclosestoneto thequerystroke. If a matching stroke
is foundthenremoveit fromthelist of _ .�

4 Removethe stroke from the list of
^

andgo to Step
�
1

until list of
^

is empty.

We startthematchingwith thecolor parameterbecause
it is themostimportantfeature.Thenwematchtheorienta-
tion which characterizesthestructureof theimage.Finally
thelocationof thestrokesarematchedwhich tells usabout
the spatiallocationof a stroke. The algorithmproducesY
matchingpairsof brushstrokes:

*�a C Qb - C Qced -6070706- *9a C �b - C �ced : .
We expectthat eachpair have similar color, sameorienta-
tion andthey arecloseto eachother. Note that we do not
requireanexactmatchingandnot all strokeshavea match-
ing pair. Thesimilarity f of two imagesis definedas

fg� �h �i j
k Q
�  ]#;lC

j
b - C

j
c >F (1)

where ]#;=> denotesthedistancebetweenthelocationof two
strokes,

h
is the numberof strokesin the queryimage

^
,

and F is thelargestdistancein thequeryimage.Therefore
the value f (nm �o-7�7p

dependson the numberof matching
pairs(controlledby Step

�
1 andStep

�
2 ) and the distance

betweenthepairs.

4. EXPERIMENTS

Theproposedmethodhasbeentestedonadatabaseof more
than500imagescontainingnaturalscenes,city scenes,build-
ings,humanportraits,syntheticimages,etc.. .Thesizeof an
imageis around

�
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���
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First 5 imagesretrievedby strokematching

First 5 imagesretrievedby histogramintersection

Fig. 2. Retrieval resultsusingstrokematchingandhistogramintersection.

Method Best Worst Found

Histogramintersection 221 211 67%
Proposedalgorithm 339 93 74%

Table 1. Performanceof eachexperiments. Found gives
theaveragepercentageof similar imagesretrievedby each
methodin the first 20 images. Bestgives the numberof
imagesfor whichthegivenmethodgavethebestretrieval in
termsof thenumberof similar imagesfoundand theorder
of theseimages.

We haveusedthefollowing parametersin Algo. 1: The
brushsize � was

�
���r�	�
, initial temperature�s�t� �o0 X

, fre-
quency threshold%u� �W0 �

, thenumberof strokesgenerated
at a given temperaturewasgivenby

�6� FOv� ( F is the size
of theimage),and ] was20.0.Thecolordistancethreshold` in Algo. 2 hasbeensetto

�#0 �
. We tunedthesevalueson a

smallsetof trainingimagesandthenusedthemduringour
tests.

For the evaluation,we have useda groundtruth pro-
ducedby manualclassificationof images. For eachim-
age, the groundtruth datacontainsall of the similar im-
agesfound in the database.Similarity is judgedby a user.
Althoughthis is inherentlysubjective,thegroundtruthdata
showsaratherstrictsimilarity requirement.Thewholedatabase
togetherwith thegroundtruth areavailableon ourwebsite
(www.cs.ust.hk/˜kato/reserach/spt/cbir / ).

For comparison,we have alsoimplementedglobalhis-
togramintersection[1]. For this purpose,the CIE-L � u � v �
color spaceis quantizedsuchthat theL channelis divided

into 6 intervals, the U channelis divided into 14 intervals,
andtheV channelis dividedinto 10 intervals.Thesevalues
have beenmanuallytunedbasedon thequality of retrieval.
The histogramof an imageis thencomputedin this quan-
tizedspace.

For eachquery image,we retrieved the 20 most sim-
ilar images,orderedby similarity, from the database.To
measuretheperformanceof thealgorithm,two criteriaare
considered:1) How many similar imagesareretrieved; 2)
the orderof the retrieved similar images(i.e. whetherthe
similar imagescanbe found at the beginning of the list).
For all methods,theevaluationis basedon thesameground
truth data. Table 1 shows that similarity basedon stroke
parametershashigher retrieval rate than traditional color-
basedsimilarity. It is alsoclearthat theSPT-basedmethod
returnsrelevant imagesat the beginning of the list (it has
beenoutperformedin only 93cases,andit performedbetter
in morethan200 cases).This is an importantissuewhen
lessthan20 imagesareretrieved.

ConcerningthecomputingtimeonaPentiumIII 930MHz
PC,bothmethodsneedless1 secto decidewhethertwo im-
agesaresimilar. Thereforeretrieval timeis quitefast.How-
ever, indexing time is higherasthe SPTalgorithmis quite
CPUintensive. It takesabout20-30minuteson

���
���q�
���
images.We alsonotethat indexing canbedoneon a small
thumbnail(with proportionallysmallerbrushes)insteadof
the original imagewhich requiresconsiderablylessCPU
time: about4.6 secfor imagesof

���r�[�P�
, 15.6 secfor�3.�X��r�	.PX

and145.6secfor
.��P���q.��P�

. Theretrieval qual-
ity of the thumbnailimagesis the sameasfor the original���
��������

images.
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Fig. 3. Retrieval resultsusingstrokematchingandhistogramintersection.

5. CONCLUSION

Wehavepresentedanew imagesimilarity measurebasedon
a paintedrepresentationof the original image. Unlike tra-
ditional CBIR methods,we usebrush-stroke parametersas
featuresandour measureis computedby matchingstrokes
in a pair of images.Theadvantageof our methodis that it
providesinformationaboutboth color andstructuralprop-
ertiesof an image. The algorithmhasconsiderablyhigher
retrieval ratecomparedto traditionalcolor-basedfeatures.
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