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Abstract

In this article the use of shape features in content-based
image retrieval is studied. The emphasis is on such tech-
niques which do not demand object segmentation. Pic-
SOM, the image retrieval system used in the experiments,
requires that features are represented by constant-sized fea-
ture vectors for which the Euclidean distance can be used
as a similarity measure. The shape features suggested here
are edge histograms and Fourier-transform-based features
computed for an edge image in Cartesian and polar coor-
dinate planes. The results show that both local and global
shape features are important clues of shapes in an image.

1. Intr oduction

Content-basedimage retrieval has been an active re-
searchareasincethe early 1990’s. Many imageretrieval
systems,both commercialand research,have beenbuilt.
The bestknown areQueryBy ImageContent(QBIC) [3]
andPhotobook[10] and its new versionFourEyes. Other
well-known systemsare the searchengine family Visu-
alSEEk, MetaSEEkand WebSEEk[1, 11], NETRA [9],
MultimediaAnalysisandRetrieval System(MARS) [4].

In the above systems,imagecontentis storedin visual
featureswhichcanbedividedinto four classesaccordingto
thepropertiesthey describe.Theclassesarecolor, texture,
shape,andstructure. Color andtexture containimportant
informationbut, for instance,two imageswith similarcolor
histogramscanrepresentvery different things. Therefore
the useof shape-describingfeaturesis essentialin an effi-
cientcontent-basedimageretrieval system.Althoughshape
descriptionhasbeenintensively researched,thereexistsno
directanswerasto which kind of shapefeaturesshouldbe
incorporatedinto suchasystem.

A majorproblemin automaticfeatureextractionis seg-
mentation.Evenif it wereknown that thereis a singleob-
ject in the image,it is in generala non-trivial problemto

locateit. On theotherhand,whenthereareno specificob-
jectstheresultof segmentationis probablyanirrelevantpart
of theoriginal image.For theuseof a generaldatabaseof
images,suchastheWorld Wide Web,it might thenberea-
sonableto usesomestatisticalshapefeaturesfor thewhole
imageinstead.However, in thecurrentliteraturethesekinds
of shapefeaturesareanexception(see[2] for athoroughre-
view). Indeed,all theabove systemshaving shapefeatures
rely onmanualsegmentation.Only NETRA hasa fully au-
tomatedsegmentationalgorithm,whoseresultsindicatethe
extremedifficulty of theproblem.

Anotherbasicconceptto be consideredin selectingan
appropriateshapedescriptiontechniqueis whethersomein-
variantpropertiessuchastransformation,rotation,andscal-
ing invariancesareneeded.Theuseof theseis not always
beneficialbecausethey reducethediscriminationpower of
thefeatures.

2. PicSOM

Theaim of this work wasto designshapefeaturesfor a
content-basedimageretrieval systemPicSOM[7, 8] which
is goingto beusedasanimagesearchenginefor large-scale
databaseslike the World Wide Web. The systemis based
on theTreeStructuredSelfOrganizingMaps[6] which are
usedastheindexingstructureof theimages.Ideally, images
thataresimilarto eachotherwith respectto aparticularfea-
tureextractionmethod,shouldclustertogetheron the cor-
respondingmap. The responseson the differentmapsare
combinedin sucha way that themostrelevantfeaturesare
automaticallyweightedasthequeryproceeds.Theincorpo-
ratedrelevancefeedbackmechanismthusadaptsthesystem
to theuser’spreferencesuntil he/shefindsthepreferredim-
agesfrom thedatabase.An on-lineversionof PicSOMcan
befoundathttp://www.cis.hut.fi/picsom/.

In this paper, dueto thegeneralcharacteristicsof shape
features,thefeatureextractionmethodsweretesteddirectly
in the featurespace,ratherthanexperimentingon themin
thePicSOMsystem.



3. Statistical ShapeFeatures

Theexperimentsstudya few kindsof statisticalfeatures
which do not requiresegmentationbut arecomputedfrom
the shapepropertiesof the whole image. The question
whethertheinvarianceto theaffine transformationsis ben-
eficialor not is alsoaddressed.

3.1. Histogram of EdgeDir ections

The first experimentson shapefeatureswere madeby
usingthehistogramof edgedirections.Theedgehistogram
is translationinvariantandit capturesthegeneralshapein-
formationin the image. Becausethe featureis local, it is
robust to partialocclusionandlocal disturbancein the im-
age. Themajordisadvantageis that two perceptuallyvery
differentimagesmayhavesimilaredgehistograms.

Theedgehistogramis computedasfollows. At first, the
color imageis transformedto the HSI spacefrom which
the huechannelis neglected. The other two channelsare
convolved with the eight Sobeloperators. The resulting
gradientimagesarenext thresholdedto binaryimagesby a
properthresholdvaluefor eachchannel.Thethresholdval-
uesaremanuallyfixedto certainlevelswhich arethesame
for all images.Thethresholdedintensityandsaturationgra-
dient imagesare combinedby the logical OR operation.
The thresholdvalue for the intensity gradientimagewas
manuallyset to 15% of the maximumgradientvalueand
for the saturationimageto 35%. In the OR operation,the
directionof the largergradientvalueis chosen.Finally the
8-dimensionaledgehistogramsarecalculatedby counting
theedgepixelsin eachdirection.Still, it is necessaryto nor-
malizethe histogramssomehow. Our experimentshowed
that it is betterto normalizethehistogramsby thenumber
of pixelsin eachimageratherthanby numberof edgepixels
aswasdonein [5].

Theeffectof smoothingproposedin [5] wasalsostudied.
Thesmoothingshouldmake thehistogramsmorerobustto
rotation.It is performedasfollows:
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standsfor theoriginal edgehistogramandthe
parameter

�
determinesthedegreeof smoothing.

3.2. Co-occurrenceMatrix of EdgeDir ections

The edgehistogramcan yet be generalized. By tak-
ing every neighboringedge pixel pair and enumerating
thembasedontheirdirectionsatwo-dimensionalhistogram
or co-occurrencematrix is obtained. The resulting 64-

dimensionalhistogramis normalizedby thenumberof pix-
elsin theimageandis definedas
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where 9  is the binary edge image of direction
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the last sumis the numberof edgepixels in the direction* in the neighborhoodof eachpixel
��; #=< � . Hence,the re-

sultingvalueafterall thesummationsindicatesthenumber
of neighboringedgepixel pairswhich arepositionedin the
directions

�
and* .

3.3. Fourier Features

Theedgeimagecontainsthemostrelevantshapeinfor-
mation and the discreteFourier transformcan be usedto
describeit. Beforeforming theedgeimage,theimagearea
is normalizedto amaximumsizeof S !L�UT S !V� suchthatthe
aspectratio is maintained.If bothdimensionsof theorigi-
nal imagearelargerthan S !L� , theimageis decimatedwith
filtering. Otherwisethe normalizationis madeby bicubic
interpolation.

After edgedetection,theFouriertransformis computed
for the normalizedimageusing the FFT algorithm. The
magnitudeimageof the Fourier spectrumis first low-pass
filtered andthereafterdecimatedby the factorof W � . The
resultingnumberof dimensionsin the featurevectorsis!L� P . The final reductionis madeafter the edgedetection
andFFTbecausetheresolutionof theedgedetectionproce-
durewould not besufficient to extract relevantedgesfrom
adecimatedimage.

3.4. Polar and Log–Polar Fourier Features

TheFourier featuresdescribedabove aretranslationin-
variant but not rotation invariant. Our method,which is
namedaspolar Fourier features,is rotation invariantwith
respectto thecenterof theimagebut not invariantto trans-
lationandscale.

At first the imageis normalizedandthe edgeimageis
obtainedsimilarly aswith theFourier features.Thebinary
edgeimageis thentransformedto thepolarcoordinatesby
theformula
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where

� j 4 # j 8 � are the coordinatesof the centroidlocated

at thecenterof the image,
b�	�� j \4 ��j \8 , and

a�� h means

roundingto the nearestinteger. The above procedurepre-
ventsthe formationof gapsbetweentheedgepixels in the
polarcoordinatesystem.

For the polar imagethe Fourier transformanddecima-
tion areperformedsimilarlyaswith theFourierfeaturesand
a128-dimensionalfeaturevectoris obtained.Themethodis
invariantto translationin thepolarplane,andthereforero-
tation invariantwith respectto thecenterof the imageand
translationinvariantalongtheradiusfrom thecenter.

Evenmoreinvariancescanbeobtainedby a slightmod-
ification to the feature. Log–polarFourier featuresarein-
variantto affine transformationsi.e. to translation,rotation
andscaling. Thesecanbe obtainedby replacing

b
and

X
in (4) and (5) with � m�b and �L� , respectively. Translation
invarianceis obtainedby settingthecentroid

� j 4 # j 8 � to the
centerof massof the binary edgeimage. Rotationinvari-
anceis obtainedby using the magnitudespectrumof the
log–polartransformas the rotationsaffect only the phase
of the spectrum. Accordingly, the invariancefor scaleis
obtainedby taking logarithmof theradiusin thepolarco-
ordinateplane.

All the Fourier-basedfeaturespresentedherearesensi-
tive to occlusion: the direct useof the Fourier transform
may leadto very differentmagnitudespectrafor occluded
images.In addition,if somepartsof animagearemissing,
the calculationof the centroidwill go wrong and signifi-
cantlydiffering log–polarimageswill result.

4. Evaluation Methods

Thepresentedshapefeaturesareevaluatedwith methods
from [7]. Let

-
be the total numberof imagesin the im-

agedatabase� . Let ���^� be a class of similar images
determinedby somecriteria.

In orderto measuretheclusteringof thefeaturesthecon-
ceptof observed probability � ' A � ����� is defined. It is the
probabilitythatanimage9�� � hasasthe

�����
closestneigh-

boranimagewhichalsobelongsto theclass� . For eachim-
age9 I � � thedistanceto every otherimageis calculated
andtheimagesaresortedin theorderof ascendingdistance.

For eachimage9 I we thusdefinea sequence� I ����� as
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Theobservedprobability � ' A � ����� for theclass� having- � imagesis thendefinedas
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otherwise.On the otherhandthe worst caseperformance
resultswhen � ' A � ����� equalsthea priori probabilityof class� for all

�
.

4.1 Local Performance

Good featuresshouldhave high observed probabilities
for the very first indices. Thereforethe local measureis
definedas the averageof the observed probability for the
first 1%of indices,i.e.
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The local performancemeasurehas the ability to de-
scribeif the featurespaceis clusteredsuchthat thereis a
highprobabilitythatany imageof theclass� hasanimage
of thesameclassnearit in thefeaturespace.Notethat � � 'D%(� �
is dependenton thea priori probabilityof theclass.

4.2 Global Performance

Theperformancemeasurepresentedabove givesa high
performancevalue even if the imagesof the class � are
clusteredto many smallclustersall over the featurespace.
Thissuggestsusinganappropriateweightingfunction ¢ �����
which would take globalclusteringinto consideration.The
observedprobability function canbe convertedto a scalar
by usingthesumexpression
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It is consideredthattheweightingfunction ¢ ����� should
be suchthat it rewardslarge � ' A � ����� in small indicesand
punishesthe large valuesin large indices. For this reason
theweightingfunctionwaschosento be
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Then � £=� '`¤H� � approachesonefor theoptimalobservedprob-
ability caseand zero for the a priori case. In addition,�B£=� '`¤H� � is ideally independentof thea priori probability.

Whentheweightingfunctionis chosenthis way it mea-
sureshow the featurevectorsof theclasstendto form one
globalclusterin thefeaturespace.

5. Experiments

As a test databasea set of 4350 miscellaneousbitmap
imageswas used. The imageswere downloadedfrom
ftp://ftp.sunet.se/pub/pictures. The ground
truth classesweremanuallypickedfrom thedatabase.The
classesusedin theexperimentswereaircraft, buildings, and
faces, of whichthedatabasecontains348,492,and361im-
ages,respectively. The resultsaresummarizedin Table1
wherethebestresultsin eachcolumnarebolded.

In comparingtheshapefeaturestheresultsshowedthat
there is no single featurewhich would perform best for
every imageclassusedin the experiments. Of the local
features,which are robust to occlusionand to any local
disturbancein the image,both the histogramand the co-
occurrencematrix of edgedirectionsgave goodresults. It
canalsobeseenthat thesmoothingof the edgehistogram
providedno advantage(EdgeHistvs. EdgeHistSm).From
the global Fourier-transform-basedfeaturesthe magnitude
spectrumof an edgeimagewas found to work at leastas
well asthe local shapefeatureswith the testdatabase.In
addition,theresultsof theexperimentson the threediffer-
entFourier-basedfeaturessupporttheassumptionthatwith
a generaldatabasethepresenceof all the threeinvariances
is notbeneficial.

Table 1. Performance of different features.
Larger values indicate better performance.

¨V© ª@«�¬(©�¯®c°$¨L© ª@«�¬(©±°k²
Feature aircraft buildings faces
EdgeHist 0.04 ³ 0.02 0.07 ³ 0.02 0.014³ 0.004
EdgeHistSm 0.04 ³ 0.01 0.07 ³ 0.02 0.015³ 0.005
Co-occurrence 0.06 ³ 0.02 0.08 ³ 0.02 0.018³ 0.004
FFT128 0.04 ³ 0.01 0.12 ³ 0.02 0.033³ 0.008
PolarFFT 0.023³ 0.006 0.040³ 0.009 0.026³ 0.009
LogPolarFFT 0.015³ 0.004 0.022³ 0.007 0.022³ 0.008¨V´(© ª(µ`¬(©�2®U°�¨L´(© ª(µ{¬(©Q°k²
Feature aircraft buildings faces
EdgeHist 0.43³ 0.08 0.3 ³ 0.1 0.2 ³ 0.1
EdgeHistSm 0.40³ 0.08 0.25³ 0.09 0.2 ³ 0.1
Co-occurrence 0.48³ 0.08 0.16³ 0.08 0.3 ³ 0.1
FFT128 0.4 ³ 0.1 0.35³ 0.06 0.3 ³ 0.2
PolarFFT 0.3 ³ 0.1 0.4 ³ 0.1 0.2 ³ 0.1
LogPolarFFT 0.14³ 0.05 0.23³ 0.09 0.19³ 0.09

6. Conclusions

In this work shape-describingfeatures for general
content-basedimage retrieval were studied. We formed
varioustypesof statisticalfeaturevectorsfrom the edges
in non-segmentedimages. The bestresultswereobtained
with decimatedmagnitudespectrumof the edge image.
Also localedge-histogram-basedfeatures,includingtheco-
occurrencematrix of edgedirections,gave good results.
Thisindicatesthatbothlocalandglobalinformationareim-
portantcluesof theimageshape.Theexperimentsalsosug-
gestthat with a databaseof miscellaneousimagesit is not
reasonableto requirethe featuresto be invariant to affine
transformations.
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