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Abstract

This paper presentsa robust technique for Content
Basedlmage Retrieval (CBIR) using salient points of an
image. The salientpointsare extractedfrom different lev-
els of the unsgmentedmage. Local contrastinformation
at differentresolutionis embedde@long with shapeinfor-
mation. Fuzzycompactnessectoris computedfrom the
signatue obtainedat differentthresholds Theresemblance
of two imagesis definedasthe similarity betweerthe com-
putedfeature vectors.

1. Introduction

Indexing image with suitablefeatureshas becomean
importantresearchopic recently Indexing meanscharac-
terizationof imagesbasedon one or more image proper
ties. Suchfeaturesare usedextensiely in imageretrieval.
ContentBasedmageRetrieval(CBIR) is theautomatedp-
proachfor retrieving imagesrom a databaseby measuring
the similarity of visual contentsbetweenthe queryimage
andthe imagesstoredin the database Naturalimagesare
mainly heterogeneousyheredifferent partsof the image
are having differentcharacteristics.Recentresearchrend
in this areais aimedto develop suitablelow costfeature
extractionmechanismsimilarity measuren orderto han-
dle reallife images.Globalfeatureqcolor, texture, shape)
areinadequatdo representhe somesalientpropertiesof
animage. Local featuresneedto be computedto obtain
imageindex basedon the local properties.However, such
featurecomputationdhecomegoo muchtime consuming,
if thefeaturesarecomputedrom theneighborhoof each
pixel within the image. Local propertiesaroundvisually
significantpoints of animagecangenerateadiscriminating
image signaturefor indexing an image. High curvature
points mostly termedas cornerscharacterizevisually sig-
nificant portionsof animageand plays animportantrole
in shapeperception. Thesepointsare of interestin CBIR
becausdocal featuresof theseregionscanbeusedto index
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imageswithout segmentingthe images.Humanbeingsare
ableto make decisionto locate cornerson a complicated
shapequite easily This indicatesthatthereis a high level
representatioof cornersn humanperceptiorsystem.Due
to the inherentstructuralshapeinformation, thesepoints
have becomeimportantfor shapeanalysisand imagere-
trieval. Classicalcornershave dravbackswhenappliedto
variousnaturalimagesfor imageretrieval, becauseisually
significantfeaturesare not always at the corners,and cor-
nersmay gatherin small regions[7]. Also, methodsus-
ing classicalcornerdetectorslack the ability in handling
the uncertaintyarisingdueto the differencein humanper
ceptionusedin groupingthe visually 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 propertiescomparedo otherboundary
points.Suchpointscanbeevaluatedby takinginto account
its interactionwith its neighboravhich alsovariesat differ-
entscalesof resolution[5]. Thesepointsgainimportance
for indexing, becausdeaturecomputations restrictedto a
limited numberof pointswhich appeargo be the visually
importantto anobsener. Thealgorithmsusedpopularlyas
salientpoint detectorsaremostly cornerdetectordasedon
the local properties. Of them, Harris detector[¢, SUSAN
detectoareevaluatedasthebestbenchmarkingletector[T.

We have developed an algorithm to extract visually
significant points, in which local contrastinformation
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. Thesepointsaretermedassalientpointsin our
paper The uncertaintyarising in locating these points
due to discretizationnoise and geometricdistortion are
representedby fuzzy rule base. Our salientpoint detector
is able to extract points where certainvariationsoccurin
the local propertyandtheinteractionbetweenthesepoints
aresignificantat differentscalesof resolution. Topological
property(fuzzy compactnesgB],computedrom the fuzzy



salientpoint setsis usedin indexing animageandretrieval
performance.Retrieval performances evaluatedin terms
of retrieving rotated,translatedand scaledversionsof the
image.

The proposed approach : Humansubjectsdetermine
cornersrom local propertiesalonga curvaturewith support
regionson both arms. Uncertaintyarisesin locating such
points due to geometric distortion and also perceptual
difference. Suchimperfectsituationcan be handledwith
fuzzy rules. The uniform intensity surfacesof an image
aretermedasplateauq9]. The borderregion betweerthe
uniform intensity surfacesof a blurred image [2] which
constitutethe edgepixels are extracted. Thesepoints are
characterizeavith membershiguq(P)) usingz typefunc-
tion, basedon the local gray level contrastand represents
the gradientstrength.Eachedgepointis assignedjradient
direction,ata stepof 45 degree. The edgepointsarelabeled
as{0,1, —1,inf} dependingiponits slopes.Theimageis
thresholdedabove differentmembershipraluesyy(P) us-
ing acutsto getdifferentfuzzy edgesignaturest different
resolutionplanesof anmultilevelimage.Fuzzyrules,based
ongradientdirectionsof theedgepixels,areassignedo the
selectedcandidatedor which( duq(P) > 0) onthe edge
mapto estimatethe supporton the arms,andgrouppoints
from varying curvature. Due to the nonlinearity in the
local contrastmembership(u(P)),lower resolutionedge
pixels canbe squeezedndrejectedandthe salientpoints
resultingfrom the strongeredgepixels canbe extractedat
finer scale.At poorresolutionsambiguityarisesin locating
significantpointsandlessimportantin generatindheshape
information. Significantportionsmainly from the steeper
gradientslopecan be selectedby using propera-cuts [8]
to represenboundarypixels containingmajority of shape
information. Fuzzy compactnessalue[8] computedfrom
the fuzzy salientpoint sets constitutethe feature vector
This featureis invariantto rotation, translationandscaling
by definition.

Image as fuzzy sets: An imageX of M x N sizeand
L levelscanbeconsideredcasanfuzzy subsetd’ in aspace
of pointsX={x}. Eachpointin X canbe characterizedby
amembershigunction i 4 (2mn). A" = {(a(@mn)s Tmn }
m=1,2,.M,n=1,2,..Nwhere0 < pa(zmn) < 1.0.
fuzzyalpha cut : s, comprisesall elementsof X whose
degreeof membershipn sis greateror equalto o where

Sa ={z € X :pu(x)>a} (1)

where0 < a < 1.0
FuzzyCompactnessFor a M x N, pny, arraythe fuzzy
compactnessomp(u) is definedas[8].

(k) @

comp(1) = 1

wherea(p) andp(u) arethe fuzzy areaand perimeterof

(1)-
2. Feature extraction

Saliencyestimatiorfromlocal property:

let X comprisesof all elementsof animage. The im-
ageconsistsof mary uniform intensity surfacestermedas
Plateaus9]. If Sy, representPlateauTop and Sy a
PlateaBottom,where(i=1.....n)overtheentireimage.The
borderregion S; betweertwo uniform intensityplateaug
Spei and.Syp;) representshe pointswhich areeightneigh-
borsof atleastoneelementof S,;,S,,; andconstitutethe
edgesubset. The edgesubsetE; canberepresentedsin

3). .
Eq=Y_ Sy ®3)
i=1

andE; C X EachcandidateP of E, is assignednember

shipvalueu,(P) representinghe edgecontrastmagnitude
[2]. Thedirectiong(z) of anedgepixel is labeledshavn in

egn.(5).Thesignificantedgesubset,; arethosepointsfor

which pq(P) > 0 asshavnin (4).

Edf = {P e By /j,d(P) > 0} (4)
thecorrespondinglirectionsarerepresentedy (5)
Adf = {P € Eg:0,1,inf, —1} (5)

By thresholdingthe edgeimage above different mem-
bershipvalue nq(P) using proper(« — cuts ) [8] where
0.0 < a < 1.0 we, areableto segregatethe edgepixels
of differentresolution. EdgesignatureE_da represented
by (6) is consistingof edgepixels above differentresolu-
tion plane.Suchthresholdings importantto segregateedge
pixels(strongmedium weak)basedntheircontrasmem-
bershipvalue.Edgepointsmuchlessthany;(P) < 0.5 are
closeto eachotheron the membershigcurve. Ambiguous
points are generatedn this region asthereis no well de-
fined curvatureasseenin the bottomrectangleof Fig. 3(a).
Thepointsarewidely separateevherethemembershipvell
above the crossover points (ug(P) > 0.5). A minimum
level of thresholdis choserbelow which the variationsare
consideredo benoiseandno salientpointdesignationsre
made. Only thoseedgepixels have cornerlike properties,
for which the slopeof p4(P) > 0i.e. (duq(P) > 0.0)in
its local neighborhoodThe valuecreatessignificantvaria-
tionsin thelocal propertiesn thisregion comparedo other
boundarypointsshavnin Fig.1(b). A multi level plot of the
local contrastmeasureg.(P), is shovn in Fig. 1(b) where
thevaluesO < pq(P) < 1.0 is scaledwith O to 255 gray
levels.

Eda={Pc€ Egf : wa(P) > a} (6)



where0 < a < 1.0

E.={P € E_da:uq(P) > 0.0} (7

Fuzzycorner nessrules: The points E,. representedby
egn.7are pointswherethereis a changein curvatureand
have cornerlike properties. However dominantcurvature
points canbe separatedrom spuriouscurvaturepointsby
estimatingthe arm supporton boththe sides.Theregion of
supportcanbe estimatedrom the factthateachboundary
point have its own view of the point[10]. A dominantcur-
vaturepoint shouldhave a view which constitutesa mean-
ingful region of supportand separateshe view from non
dominantpoints.

E, is corruptedwith spuriouscorners(E.,) which are
mainly corrupteddueto digitizationerror.

Ec - Ect + Ec'n, (8)

The directionsof the edgepixels of the gradientmapis
plottedon Fig. 2.Thelabeleddirectionsof egn.5is plotted
with differentgrayvalues.Fuzzyrulesareassignedo give
ameasuref armsupporton the forwardarmandthe back
armof the curvaturepointsof £..

If the direction of the testpixel is ¢(x) thenwe label
¢(z) + w/4 asrelative forward and ¢(z)-7/4 asrelative
backward direction. Thatis if the labeleddirectionof the
concernegixel is (0 )then(+1) representshe relative for-
ward direction and (-1) representghe relative backward
direction. The changein direction can be obsenred from
the differentgray labelsfrom the locality wherethereis a
changen thecurvatureof Fig.2(a).

Two membershipvalues(u s, 1) areassignedo esti-
matethe connectity of eachpointsof E. with otheredge
pointsonthecurvaturein thelocal neighborhood: s shavn
in eqn.(9)estimateshe connectvity of the pointwith other
samelabelededgepointsin the relative forward direction.
Similarly u;, shovn in eqn.(10)isassignedo estimatethe
the connectvity of the pointsin the relative forwarddirec-
tion [2].

pp = K xexp(—z) 9
wherex = fi feis the total nos of edgepixels pos-
sessingangle= ¢(x) + w/4 i.e. ontherelative forward di-
rectionin afixedwindow in the local neighborhoodf the
concernegixel.
Similarly u; is definedby

1y = K  exp(—) (10)

wherex = bi ,be is thetotal nosof pixelspossessingngle

= ¢(z) - /4 relative backwardin afixedwindow.
The value of K is estimatedglobally for animageby
determiningthe maximumcountof edgepixels possessing

samedirectionin afixedwindow in thelocal neighborhood
of the concernedpixel.For this valueof K the valueof ¢
or up, shouldbe maximum.

Eachpixel is labeled(a) ('+, if 1y > 0.0 andyu ~ 0.0
) (b) (o', if pp, > 0.0 @andpy ~ 0.0) ,(c)(o’, if py > 0.0
anduy, > 0.0) shownin Fig.2(b).

Thetypicality of thesewo featuresanbeobsenedform
Fig.2(b). It is seenfrom Fig.2(b) that suchcharacteristics
points('+',’0’,’¢") arefound on the edgemapwheretheis
achangen curvaturebecausehe local features:; and uy
variessignificantlyalongtheseportionson the curve.

The salieny of the curvatureregion for specifyingthe
arm supportare assignedusing the following fuzzy rules
consideringthe relative changesn labels of neighboring
pixels.

(i) If markof changefrom a smoothpartto a curve part
is specifiedwith pointshaving (uy > 0.0 andp, ~ 0.0).
Suchpoints('+’) estimateghe connectvity supporton the
forwardarmof a cornerlike pointshavn in Fig.2(b).

(ii) Thenmark of changefrom curve partto a smooth
part shouldhave points (u, > 0.0 andus ~ 0.0). Such
points('0’) estimateghe connectvity supporton the back-
wardarmof acornerlike pointshovn in Fig. 2(b).

(iii) Sharpturn of a curve with smoothpartson either
sidesis expectedto have pointswith both ;1 > 0.0 and
up > 0.0 i.e. suchpoints('¢’) have supporton both the
armsof a cornerlike pointshavn in Fig.2(b).

(iv) For straightline edgepoints, or changein curva-
ture arising discretizationeffect is expectedto have both
py =~ 0.0 andpy ~ 0.0 evenif 6pq(P) > 0.0 in its local
neighborhood.

The points(+,0,0) signifiessomechangen curvaturein
theirlocationshaovn in Fig.2(b).

Rulesaresummarizedn Table.1.

cornerclustess : Having obtainedthe two fuzzy setsy
andy;, in thelocality of eachpointsof E.,we canobtaina
third fuzzy set;. whichis separating. ¢, from p;. The sub-
sety which representinghe clusterof salientpointsshavn
in Figs.4arethe pointswhich have otherpointswith ('+,
pr > 0.0andp, ~ 0.0),(0", pup > 0.0 anduy ~ 0.0
) in it's local neighborhood.Having obtainedan edgesig-
natureby thresholdingat a value (uq(P) > «), by further
thresholdingonthevaluesof 1., 1,we areableto groupthe
pointsfrom differentcurvature. The differencein the peak
valueof py andyy, th =abs(maz(uy) — max(us)) in the
locality is usedasthresholdshowvn in Figs.8,9. The most
representatie point of eachcornerclusteris the resulting
point C;; with coordinateequalto the averagevalueof the
co-ordinate®f the clustermembers.

Cij = [>-zj/n, > y;/n] (n numberof pointswithin in-
dividual cornercluster).

Algorithm

Stepl: Gaussiarfiltering is performedon the image.



Step2: Edge candidatesare identified and the image is
convertedto afuzzy gradientmap.

Step3: Edgedirectionsarelabeledat a stepof 45 degree.
Step4: The edgecandidateswith du4(P) > 0.0 on the
gradientslopeare selectedor differentthresholdvalue of
pa(P).

Step5: Each candidateis assignedmembershipy,us
basedthe relative changeof directionof otheredgepixels
in 5 x 5 neighborhoodof the concernedpixels. Step6:
Theregionsy separating:, andyy constitutingthe salient
pointsareextracted.

Step7: The salientpoints are groupedfrom curvature of
differentsharpnesby thresholdingon thevalueof th
Step8:Most representatie point is computedfrom each
cluster

Step7: Topological features(fuzzy compactnesyector
with componentsfi, fs,.. f.,) are computedfrom the
salientpoint signatureobtainedat eachthreshold.

Step9: Euclideandistancds computedbetweerthefeature
vector elementsof the query image and imagesin the
databasandrankedaccordingto distance.

Application as CBIR feature : Feature extraction
basedon fuzzy reasoningcan accommodatecertain un-
certaintiesand incompletenessn the data for (CBIR)
[4], [1]. Local featuresare computedonly on a limited
numberof pixels of E. without sgmentingthe images.
It doesnot involve computationof complex geometrical
operationsalongthe curvature. The numberof operations
involved is lessthan the order (M N)? wherethe image
is M by M andtheneighborhoodaf gradientoperatoiis N2.

feature vector, performance criteria, similarity met-
ric: ThefeaturevectorF = [f1, fa, ..., fn] iS representetly
thefollowing featurecomponentss f, =fuzzy compactness
value, fo=fuzzy compactnessalue, signaturethresholded
atuq(P) > 0.6and0.9 respectiely. Thevariationof selec-
tion of thresholdindevel will not changethe resultdrasti-
cally. The performanceof retrieval are evaluatedfrom the
standardretrieval benchmarkdRecall rate (R) is given by
fjl x 100% and Precision rate (P) is givenby 52 x 100
% [3]. Wheren; is the numberof |magesretr|e/ed|n top
20 positionsthat are closeto the query ny representhe
numberof imagesn the databasesimilarto thequery Eu-
clideandistancemetricis usedto computethe dissimilarity
valuebetweertwo featurevectors.

3. Experimental Results

Experimentaresultsfrom Figs.1to Figs.10have shavn
the effectivenessand robustnessof the proposedalgo-
rithm. Fig.1(b), representghe multilevel gradientplot.
Fig.2(a),representthe multilevel plot of the coresspond-

Table 1. Fuzzy corner ness measure

pf 1y | cornernesy Straightnesg
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
cunvaturecan be obsenred from Figs.1(b),2(a)The gradi-
entmapof theimagethresholdedibore differentmember
ship valuesusing « -cuts are shavn in Fig. 3(a),(b),(c)
for (& > 0.0), (@ > 0.6) (@ > 0.9). The pointsabore
thethresholdvaluesare plottedwith dark edgepixels. The
right dark region shovn in Fig.3(a)representpoor resolu-
tion gradedregion, wherelot of candidateedgepixelswith
lower membershipsaluesare selected.For higherthresh-
olds significantedge points with higher membershipval-
uesabove thresholdareselectecasshavn in Fig.3(c). The
salientpoints(*)arerepresentedn Fig.4(a),(b)pointsplot-
tedontheedgemapof Fig.3(a). Thesalientpoint signature
at different thresholdsare separatelyshovn in Fig.5.The
most representatie point from the salientpoint clusterin
shavn in Fig.6. The distinguishedpointslabeledas ('+’,
'0’, o) areshowvn in In Fig. 2(b). A closeobsenationin
Fig.2(b)shawvsthatthecountsof (+),(0) alongthe curvature
overtheestimatedvindow givesa measuref thearmsup-
porton both sidesof the curvaturepoints. This typicality in
thelocal propertyis usedin separatinghe curvaturepoints
basedon thearmsupport. The salientpoints(*) areshaovn
in Fig.8,9. Resultsobtainedfrom the benchmarkingorner
detectoiof HarrisandSUSANis shovn in Fig.7. By acom-
parative obsenationit is seenthat the points extractedby
our algorithmand may not representhe accuratdocation
of cornersbut the salientpoint setshawvn in Fig.5 obtained
atdifferentthresholdcansene suitableindex for imagere-
trieval andis expectedto generatebetterresultthan point
setmatching. Retrieval performances testedwith SIM-
PLICITY databaseonsistingof 1000imagesof 10 distinct
classeof images. Retrieval resultof Fig. 10(c),(d)with
thequeryimageon thetop left corneris evaluatedn terms
of precisionandrecall is shavn in table 2. It is evident
from the queryresultthat, the featurecapableof retrieving
imagesdnvariantto rotation,translatiorandscalingwith ex-
pectedprecision.

4. conclusion

The experimentalresults shavs that the salient point
featuressene a goodindex for retrieving imagesfrom a
heterogeneoudatabasevhoseclassesre not known apri-
ori.Thefactwe have usedaglobalmeasurgfuzzy compact-
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Figure 2. (a)Multile vel angle map (b) labeled points '+,
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Figure 3. (a)Edge signature for (uq(P) > 0.0) (b)
(wa(P) > 0.6) (c) (uq(p) > 0.9) points above thresh-
old plotted as crisp edge points
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Figure 4.salient points (*) (@) pa(P) > 0.0(b) ua(P) >
0.6 points plotted on the edge signature thresholded at
wa(P) > 0.0
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Figure 5. salient points (a) pq(P) > 0.0(b) pa(P) >
0.6 (¢) pa(P) > 0.9
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Figure 6. (a)Most Representative point from the cluster
at@pq(P) > 0.0 byua(P) > 0.6

(b)
Figure 7. (a) Points from SUSAN detector (b) Harris de-
tector
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Figure 8. salient points (*), (a) from threshold th=.2, plot
on the edge signature thresholded at ;14(P) > 0.0 (b)
Most representative points
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Figure 9. salient points(*), (a)from threshold th=.3,plot on
the edge signature thresholded at p14(P) > 0.0 (b) Most
representative points
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Figure 10. (a),(b) Most representative point plot, signa-
ture obtained at p14(P) > 0.0 (c),(d) Retrieved result,
with top left image as the query 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,generate®estresultswhen
gueriedwith single objectsand having non textured back-
ground.Themethodcould be further improved if we use
some other featureslike texture in associationwith the
presentvork.
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