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Abstract

This paper presentsa robust technique for Content
BasedImage Retrieval (CBIR) using salient points of an
image. Thesalientpointsare extractedfrom different lev-
els of the unsegmentedimage. Local contrast information
at differentresolutionis embeddedalongwith shapeinfor-
mation. Fuzzycompactnessvector is computedfrom the
signatureobtainedat differentthresholds.Theresemblance
of two imagesis definedasthesimilarity betweenthecom-
putedfeaturevectors.

1. Introduction

Indexing image with suitablefeatureshas becomean
importantresearchtopic recently. Indexing meanscharac-
terizationof imagesbasedon oneor more imageproper-
ties. Suchfeaturesareusedextensively in imageretrieval.
ContentBasedImageRetrieval(CBIR) is theautomatedap-
proachfor retrieving imagesfrom adatabaseby measuring
the similarity of visual contentsbetweenthe query image
andthe imagesstoredin the database.Natural imagesare
mainly heterogeneous,wheredifferent partsof the image
arehaving differentcharacteristics.Recentresearchtrend
in this areais aimedto develop suitablelow cost feature
extractionmechanism,similarity measuresin orderto han-
dle real life images.Global features(color, texture,shape)
are inadequateto representthe somesalientpropertiesof
an image. Local featuresneedto be computedto obtain
imageindex basedon the local properties.However, such
featurecomputationsbecomestoo much time consuming,
if thefeaturesarecomputedfrom theneighborhoodof each
pixel within the image. Local propertiesaroundvisually
significantpointsof an imagecangeneratediscriminating
image signaturefor indexing an image. High curvature
pointsmostly termedascornerscharacterizevisually sig-
nificant portionsof an imageandplays an importantrole
in shapeperception.Thesepointsareof interestin CBIR
becauselocal featuresof theseregionscanbeusedto index

imageswithout segmentingthe images.Humanbeingsare
able to make decisionto locatecornerson a complicated
shapequite easily. This indicatesthat thereis a high level
representationof cornersin humanperceptionsystem.Due
to the inherentstructuralshapeinformation, thesepoints
have becomeimportant for shapeanalysisand imagere-
trieval. Classicalcornershave drawbackswhenappliedto
variousnaturalimagesfor imageretrieval, becausevisually
significantfeaturesarenot alwaysat the corners,andcor-
nersmay gatherin small regions [7]. Also, methodsus-
ing classicalcornerdetectorslack the ability in handling
theuncertaintyarisingdueto the differencein humanper-
ceptionusedin groupingthevisually significantpoints. In
an image,theremay be a small numberof points, which
may be termedas salientpoints, thoughthey may not be
exactly corners.Thesesalientpointshave significantvari-
ationsin the local propertiescomparedto otherboundary
points.Suchpointscanbeevaluatedby takinginto account
its interactionwith its neighborswhichalsovariesatdiffer-
ent scalesof resolution[5]. Thesepointsgain importance
for indexing, becausefeaturecomputationis restrictedto a
limited numberof pointswhich appearsto be the visually
importantto anobserver. Thealgorithmsusedpopularlyas
salientpoint detectorsaremostlycornerdetectorsbasedon
the local properties.Of them,Harris detector[6], SUSAN
detectorareevaluatedasthebestbenchmarkingdetector[7].

We have developed an algorithm to extract visually
significant points, in which local contrast information
at different resolution is embeddedalong with shape
information. The edgepoints,wherethereis a changein
curvatureare the interestingpoints for capturingdiscrim-
inating information from an image with limited number
of pixels. Thesepointsaretermedassalientpoints in our
paper. The uncertaintyarising in locating thesepoints
due to discretizationnoise and geometricdistortion are
representedby fuzzy rule base.Our salientpoint detector
is able to extract points wherecertainvariationsoccur in
the local propertyandthe interactionbetweenthesepoints
aresignificantat differentscalesof resolution.Topological
property(fuzzy compactness)[8],computedfrom thefuzzy



salientpoint setsis usedin indexing animageandretrieval
performance.Retrieval performanceis evaluatedin terms
of retrieving rotated,translatedandscaledversionsof the
image.

The proposed approach : Humansubjectsdetermine
cornersfrom localpropertiesalongacurvaturewith support
regionson both arms. Uncertaintyarisesin locatingsuch
points due to geometric distortion and also perceptual
difference. Suchimperfectsituationcan be handledwith
fuzzy rules. The uniform intensity surfacesof an image
aretermedasplateaus[9]. Theborderregion betweenthe
uniform intensity surfacesof a blurred image [2] which
constitutethe edgepixels areextracted. Thesepointsare
characterizedwith membership(��������� ) using	 typefunc-
tion, basedon the local gray level contrastandrepresents
thegradientstrength.Eachedgepoint is assignedgradient
direction,atastepof 45degree.Theedgepointsarelabeled
as 
���
���
�����
�������� dependinguponits slopes.Theimageis
thresholdedabove differentmembershipvalues� � ����� us-
ing � cutsto getdifferentfuzzy edgesignaturesat different
resolutionplanesof anmultilevel image.Fuzzyrules,based
ongradientdirectionsof theedgepixels,areassignedto the
selectedcandidatesfor which( � ��������� � � ) on the edge
mapto estimatethesupporton the arms,andgrouppoints
from varying curvature. Due to the nonlinearity in the
local contrastmembership(��������� ),lower resolutionedge
pixels canbe squeezedandrejectedandthe salientpoints
resultingfrom the strongeredgepixelscanbe extractedat
finerscale.At poorresolutionsambiguityarisesin locating
significantpointsandlessimportantin generatingtheshape
information. Significantportionsmainly from the steeper
gradientslopecanbe selectedby usingproper � -cuts [8]
to representboundarypixels containingmajority of shape
information. Fuzzycompactnessvalue[8] computedfrom
the fuzzy salient point setsconstitutethe featurevector.
This featureis invariantto rotation,translationandscaling
by definition.

Image as fuzzy sets : An imageX of !#"%$ sizeand
L levelscanbeconsideredasanfuzzy subset&�' in a space
of pointsX= 
)(*� . Eachpoint in X canbecharacterizedby
a membershipfunction ��+,� (�-,. � . &�' = 
 �/��+,� (�-,. � 
�(0-,.0�132 �4
657
98:8/!;
�� 2 �4
65�
<8/8:$ where� = ��+,� (0-,. � =>��8 � .
fuzzyalpha cut : ?�@ comprisesall elementsof X whose
degreeof membershipin s is greateror equalto � where

?�@ 2 
A(%BDCFE �G� ( �IH �*� (1)

where�J=K�%=L�48 �
FuzzyCompactness:For a !M"N$ , � -,. array the fuzzy
compactnesscomp(� ) is definedas[8].

O�PQ1SR0�T�G�I2VU �/�G�RXW)� (2)

where U �T�G� and R0�T�G� are the fuzzy areaandperimeterof�/�G� .
2. Feature extraction

Saliencyestimationfromlocal property:
let X comprisesof all elementsof an image. The im-

ageconsistsof many uniform intensitysurfacestermedas
Plateaus[9]. If Y�ZA[]\ representsPlateauTop and Y�ZA^_\ a
PlateauBottom,where(i=1.....n)overtheentireimage.The
borderregion Y�^_\ betweentwo uniform intensityplateaus(
Y�ZA[]\ and Y�ZA^_\ ) representsthepointswhich areeightneigh-
borsof at leastoneelementof Y�ZA[]\ , Y`ZQ^_\ andconstitutethe
edgesubset.The edgesubseta � canbe representedasin
(3).

a � 2
.
\cbGd Y ^�\ (3)

and a �De C EachcandidateP of a � is assignedmember-
shipvalue� � ����� representingtheedgecontrastmagnitude
[2].Thedirection f � ( � of anedgepixel is labeledshown in
eqn.(5).Thesignificantedgesubseta �/g arethosepointsfor
which ���������*� � asshown in (4).

a �TgD2 
 � Bha � E ���X������� ��� (4)

thecorrespondingdirectionsarerepresentedby (5)
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i��
��_���j
����4� (5)

By thresholdingthe edgeimageabove different mem-
bershipvalue ���X����� using proper( �k� O_l�m ? ) [8] where
�78 �;=n�o=p��8 � we, areable to segregatethe edgepixels
of different resolution. Edgesignaturea q�� represented
by (6) is consistingof edgepixels above different resolu-
tion plane.Suchthresholdingis importantto segregateedge
pixels(strong,medium,weak)basedontheircontrastmem-
bershipvalue.Edgepointsmuchlessthan� � �����Ir �78 s are
closeto eachotheron the membershipcurve. Ambiguous
pointsaregeneratedin this region as thereis no well de-
finedcurvatureasseenin thebottomrectangleof Fig. 3(a).
Thepointsarewidely separatedwherethemembershipwell
above the crossover points (���X����� H �78 s ). A minimum
level of thresholdis chosenbelow which thevariationsare
consideredto benoiseandnosalientpointdesignationsare
made. Only thoseedgepixels have cornerlike properties,
for which the slopeof ����������� � i.e. ( � ����������� �78 � )in
its local neighborhood.Thevaluecreatessignificantvaria-
tionsin thelocalpropertiesin this regioncomparedto other
boundarypointsshown in Fig.1(b).A multi level plot of the
local contrastmeasure� � ����� , is shown in Fig. 1(b) where
the values�t= � � ����� =u�48 � is scaledwith 0 to 255 gray
levels.

a q�� 2 
 � B%a �Tg E ���������IH ��� (6)



where�J=K�%=L�48 �
awv 2 
 � Bxa q��%EX� � � �����I� �78 ��� (7)

Fuzzycorner nessrules : The points a v representedby
eqn.7arepointswherethereis a changein curvatureand
have corner-like properties. However dominantcurvature
pointscanbe separatedfrom spuriouscurvaturepointsby
estimatingthearmsupporton boththesides.Theregionof
supportcanbe estimatedfrom the fact thateachboundary
point have its own view of thepoint [10]. A dominantcur-
vaturepoint shouldhave a view which constitutesa mean-
ingful region of supportandseparatesthe view from non
dominantpoints.
aGv is corruptedwith spuriouscorners( awv�. ) which are

mainlycorrupteddueto digitizationerror.

a v 2 a v [�yta v�. (8)

Thedirectionsof theedgepixelsof the gradientmapis
plottedon Fig. 2.Thelabeleddirectionsof eqn.5is plotted
with differentgrayvalues.Fuzzyrulesareassignedto give
a measureof armsupporton theforwardarmandtheback
armof thecurvaturepointsof awv .

If the direction of the test pixel is f � ( � then we label
f � ( � + 	�z9{ as relative forward and f � ( � -	�z9{ as relative
backward direction. That is if the labeleddirectionof the
concernedpixel is (0 )then(+1) representsthe relative for-
ward direction and (-1) representsthe relative backward
direction. The changein direction can be observed from
the differentgray labelsfrom the locality wherethereis a
changein thecurvatureof Fig.2(a).

Two membershipvalues(� g , � ^ ) are assignedto esti-
matetheconnectivity of eachpointsof a v with otheredge
pointsonthecurvaturein thelocalneighborhood.��g shown
in eqn.(9)estimatestheconnectivity of thepointwith other
samelabelededgepointsin the relative forwarddirection.
Similarly � ^ shown in eqn.(10)isassignedto estimatethe
theconnectivity of thepointsin the relative forwarddirec-
tion [2].

� g 2K|V}*~<�X��� �w( � (9)

where ( 2 dg9� , � v is the total nos of edgepixels pos-
sessingangle= f � ( � + 	�z9{ i.e. on the relative forwarddi-
rectionin a fixedwindow in the local neighborhoodof the
concernedpixel.

Similarly � ^ is definedby

� ^ 2K|V}*~<�X��� �w( � (10)

where( 2 d^ � , � v is thetotal nosof pixelspossessingangle
= f � ( � - 	�z9{ relativebackwardin a fixedwindow.

The value of K is estimatedglobally for an imageby
determiningthemaximumcountof edgepixelspossessing

samedirectionin afixedwindow in thelocalneighborhood
of the concernedpixel.For this valueof K the valueof ��g
or � ^ shouldbemaximum.

Eachpixel is labeled(a) (’+’, if � g � �78 � and � ^�� ��8 �
) (b) (’o’, if � ^ � �78 � and � g � �78 � ) ,(c)(’ � ’, if � g � ��8 �
and� ^ � �78 � ) shown in Fig.2(b).

Thetypicality of thesetwo featurescanbeobservedform
Fig.2(b). It is seenfrom Fig.2(b) that suchcharacteristics
points(’+’, ’o’, ’ � ’) arefoundon theedgemapwherethe is
a changein curvaturebecausethe local features��g and � ^
variessignificantlyalongtheseportionson thecurve.

The saliency of the curvatureregion for specifyingthe
arm supportare assignedusing the following fuzzy rules
consideringthe relative changesin labelsof neighboring
pixels.

(i) If markof changefrom a smoothpart to a curve part
is specifiedwith pointshaving (� g � �78 � and � ^S� �78 � ).
Suchpoints(’+’) estimatestheconnectivity supporton the
forwardarmof a cornerlikepoint shown in Fig.2(b).

(ii) Then mark of changefrom curve part to a smooth
part shouldhave points (� ^ � ��8 � and ��g � ��8 � ). Such
points(’o’) estimatestheconnectivity supporton theback-
wardarmof acornerlikepoint shown in Fig. 2(b).

(iii) Sharpturn of a curve with smoothpartson either
sidesis expectedto have pointswith both � g � ��8 � and� ^ � ��8 � i.e. suchpoints (’ � ’) have supporton both the
armsof a cornerlike point shown in Fig.2(b).

(iv) For straight line edgepoints, or changein curva-
ture arising discretizationeffect is expectedto have both��g � �78 � and � ^ � �78 � even if � ����������� ��8 � in its local
neighborhood.

Thepoints(+,o,� ) signifiessomechangein curvaturein
their locationshown in Fig.2(b).

Rulesaresummarizedin Table.1.
cornerclusters : Having obtainedthetwo fuzzy sets��g

and � ^ in the locality of eachpointsof awv ,we canobtaina
third fuzzy set � which is separating� g , from � ^ .Thesub-
set� which representingtheclusterof salientpointsshown
in Figs.4arethe pointswhich have otherpointswith (’+’,� g � ��8 � and � ^%� �78 � ),(’o’, � ^ � �78 � and � g � ��8 �
) in it’s local neighborhood.Having obtainedan edgesig-
natureby thresholdingat a value(���X������H � ), by further
thresholdingonthevaluesof ��g , � ^ weareableto groupthe
pointsfrom differentcurvature.Thedifferencein thepeak
valueof ��g and � ^�
 th =abs(1 U ( �T��g�� � 1 U ( �/� ^ �6� in the
locality is usedasthresholdshown in Figs.8,9. The most
representative point of eachcornerclusteris the resulting
point �I\/� with coordinateequalto theaveragevalueof the
co-ordinatesof theclustermembers.
� \/� = � ( � z)��
 � � z)��� (n numberof pointswithin in-

dividual cornercluster).
Algorithm
Step1: Gaussianfiltering is performedon the image.



Step2: Edge candidatesare identified and the image is
convertedto a fuzzygradientmap.
Step3: Edgedirectionsarelabeledat a stepof 45 degree.
Step4: The edgecandidateswith � � � ������� ��8 � on the
gradientslopeareselectedfor differentthresholdvalueof� � ����� .
Step5 : Each candidateis assignedmembership� g ,� ^
basedthe relative changeof directionof otheredgepixels
in st"�s neighborhoodof the concernedpixels. Step6:
Theregions� separating� ^ and��g constitutingthesalient
pointsareextracted.
Step7: The salientpoints are groupedfrom curvatureof
differentsharpnessby thresholdingon thevalueof �<�
Step8:Most representative point is computedfrom each
cluster.
Step7 : Topological features(fuzzy compactnessvector
with components� d , ��W ,.. �9. ,) are computedfrom the
salientpoint signatureobtainedat eachthreshold.
Step9: Euclideandistanceis computedbetweenthefeature
vector elementsof the query image and images in the
databaseandrankedaccordingto distance.

Application as CBIR feature : Featureextraction
basedon fuzzy reasoningcan accommodatecertain un-
certainties and incompletenessin the data for (CBIR)
[4], [1]. Local featuresare computedonly on a limited
numberof pixels of a v without segmentingthe images.
It doesnot involve computationof complex geometrical
operationsalongthe curvature. The numberof operations
involved is less than the order � !�$ � W where the image
is M by M andtheneighborhoodof gradientoperatoris $ W .

feature vector, performance criteria, similarity met-
ric : ThefeaturevectorF = ����d)
9� W 
98:8/8:
9� . � is representedby
thefollowing featurecomponentsas ��d =fuzzycompactness
value, � W =fuzzy compactnessvalue,signaturethresholded
at � � �����IH �78 � U ��q9��8 � respectively. Thevariationof selec-
tion of thresholdinglevel will not changethe resultdrasti-
cally. The performanceof retrieval areevaluatedfrom the
standardretrieval benchmarksRecall rate (R) is given by.7�.�� "��)��� % andPrecision rate (P) is given by

.7�W�� "N�����
% [3]. Where� d is the numberof imagesretrieved in top
20 positionsthat arecloseto the query. � W representthe
numberof imagesin thedatabasesimilar to thequery. Eu-
clideandistancemetricis usedto computethedissimilarity
valuebetweentwo featurevectors.

3. Experimental Results

Experimentalresultsfrom Figs.1to Figs.10have shown
the effectivenessand robustnessof the proposedalgo-
rithm. Fig.1(b), representsthe multilevel gradientplot.
Fig.2(a),representsthe multilevel plot of the coresspond-

Table 1. Fuzzy corner ness measure

��g � ^ cornerness Straightness
high low medium low
high high high low
low high medium low
low low low high

ing angles.Thevariation in the local property along the
curvaturecan be observed from Figs.1(b),2(a)The gradi-
entmapof the imagethresholdedabove differentmember-
ship valuesusing � -cuts are shown in Fig. 3(a),(b),(c)
for ( � H ��8 � ), ( � H �78 � ) ( � H ��8 � ). The points above
thethresholdvaluesareplottedwith darkedgepixels. The
right dark region shown in Fig.3(a)representspoor resolu-
tion gradedregion,wherelot of candidateedgepixelswith
lower membershipvaluesareselected.For higher thresh-
olds significantedgepoints with higher membershipval-
uesabove thresholdareselectedasshown in Fig.3(c). The
salientpoints(*)arerepresentedon Fig.4(a),(b)pointsplot-
tedon theedgemapof Fig.3(a).Thesalientpoint signature
at different thresholdsare separatelyshown in Fig.5.The
most representative point from the salientpoint clusterin
shown in Fig.6. The distinguishedpoints labeledas (’+’,
’o’, � ) areshown in In Fig. 2(b). A closeobservation in
Fig.2(b)showsthatthecountsof (+),(o)alongthecurvature
over theestimatedwindow givesa measureof thearmsup-
portonbothsidesof thecurvaturepoints.This typicality in
thelocal propertyis usedin separatingthecurvaturepoints
basedon thearmsupport.Thesalientpoints(*) areshown
in Fig.8,9.Resultsobtainedfrom thebenchmarkingcorner
detectorof HarrisandSUSANis shown in Fig.7.By acom-
parative observation it is seenthat the pointsextractedby
our algorithmandmay not representthe accuratelocation
of cornersbut thesalientpoint setshown in Fig.5obtained
at differentthresholdcanservesuitableindex for imagere-
trieval and is expectedto generatebetterresult thanpoint
set matching. Retrieval performanceis testedwith SIM-
PLICITY databaseconsistingof 1000imagesof 10distinct
classesof images. Retrieval result of Fig. 10(c),(d)with
thequeryimageon thetop left corneris evaluatedin terms
of precisionand recall is shown in table 2. It is evident
from thequeryresultthat,thefeaturecapableof retrieving
imagesinvariantto rotation,translationandscalingwith ex-
pectedprecision.

4. conclusion

The experimentalresultsshows that the salient point
featuresserve a good index for retrieving imagesfrom a
heterogeneousdatabasewhoseclassesarenot known apri-
ori.Thefactwehaveusedaglobalmeasure(fuzzycompact-



(a) (b)
Figure 1. (a)Original image (b) Multile vel gradient map

(a) (b)

Figure 2. (a)Multile vel angle map (b) labeled points ’+’,

’o’, ’ � ,’ points plotted on the edge signature thresholded

at � � �����*� �78 �

(a) (b) (c)

Figure 3. (a)Edge signature for (� � ������� �78 � ) (b)

(� � ������H ��8 � ) (c) (� � �TR0��H ��8 � ) points above thresh-

old plotted as crisp edge points

(a) (b)

Figure 4. salient points (’*’) (a) ���������*� �78 � (b) ���X�����*H
��8 � points plotted on the edge signature thresholded at���X������� ��8 �

(a) (b)

Figure 5. salient points (a) ���X������� ��8 � (b) ���X������H
�78 � (c) ���������IH ��8 �

(a) (b)

Figure 6. (a)Most Representative point from the cluster

at(a) ���������*� �78 � (b) ���X�����*H ��8 �
corners detected

(a) (b)

Figure 7. (a) Points from SUSAN detector (b) Harris de-

tector

(a) (b)

Figure 8. salient points (*), (a) from threshold th=.2, plot

on the edge signature thresholded at � � ������� �78 � (b)

Most representative points



(a) (b)

Figure 9. salient points(*), (a)from threshold th=.3,plot on

the edge signature thresholded at ����������� ��8 � (b) Most

representative points

(a) (b)

(c) (d)

Figure 10. (a),(b) Most representative point plot, signa-

ture obtained at � � ����� � �78 � (c),(d) Retrie ved result,

with top left image as the quer y image.

Table 2. Performance comparison %

Indexing property Edgebased[2] Salientpoint

Precision(Fig.10(c)) 70 95
Recall 14 19

Precision(Fig.10(d)) 55 60
Recall 11 12

ness)for computingsimilarity,generatesbestresultswhen
queriedwith singleobjectsandhaving non texturedback-
ground.Themethodcould be further improved if we use
some other featureslike texture in associationwith the
presentwork.
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