Adaptive Quasiconformal Kernel Metric for Image Retrieval

DouglasR. Heisterkamp JingPeng H. K. Dai
ComputerScienceDept. ElectricalEngr & ComputerSci. ComputerScienceDept.
OklahomaStateUniversity TulaneUniversity OklahomaStateUniversity

Stillwater OK 74078
doug@cs.okstate.edu

Abstract

This paperpresentsa new appmoac to rankingrelevant
imagesfor retrieval. Distancein the featue spaceassoci-
atedwith a kernelis usedto rankrelevantimages.Anadap-
tive quasiconformamappingbasedon relevancefeedbak
is usedto genemte successivanew kernels. The effect of
the quasiconformamappingis a change in the spatialres-
olution of the feature space Thespatial resolutionaround
irrelevantsampless dilated, wheeasthe spatialresolution
aroundrelevantsampless contracted. Thisnew spacecre-
ated by the quasiconformakernel is usedto measue the
distancebetweerthe queryandtheimagesin the database
Aninterestinginterpretationof the metricis foundby look-
ing at the Taylor seriesapproximationto the original ker-
nel. Thenthe squaed distancein the feature spacecan
be seenas a combinationof a parzenwindow estimateof
the squaed Chi-squaed distanceand a weightedsquaed
Euclideandistance Experimentakesultsusingreal-world
datavalidatethe efficacyof our method.

1. Introduction

Relevancefeedbacks oftenusedto allow auserto refine
herquery A userlabelstheimagedrom the previousquery
asrelevantor irrelevant. Fromthis feedbackthe systemat-
temptsto learnthe users concepf relevanceto the query
Oneapproacho thislearningis the creationof a similarity
measurgor a distance). If the similarity measureeflects
theusers concepbf relevancethenimageswith high simi-
larity (or smalldistance)}o thequeryhave a highrelevance
to the user This processteratesuntil the useris satisfied
with theimageretrieval or abandonshe search.

This paperpresentgnen approachio learningtheusers
conceptof relevanceby creatingan adaptie quasiconfro-
mal kernel distancemetric. The layout of the paperis as
follows. In Section2, distancen the featurespacecreated
by a kernelis reviewed. In Section3, a methodfor gen-
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eratinga quasiconformakernelfrom relevancefeedbacks
presentedln Section4, the distancemetric createdcby the
adaptve quasiconformakernel, AQK, is usedfor imagere-
trieval andis experimentallycomparedvith MARS[13] and
PFRL[17T.

1.1. Previous Wor k

A recentwork [12] describesanimageretrieval system
(MARS) thatmakesuseof retrieval techniquesievelopedn
thefield of informationretrieval (IR) for text-basedinfor-
mation. In this system,imagesarerepresentedy weight
vectorsin thetermspacewhereweightscaptureheimpor-
tanceof componentsvithin a vectoraswell asimportance
acrossdifferentvectorsover the entire dataset. The sys-
temthenuseselevancefeedbacko updatequeriessoasto
placemoreweighton relevanttermsandlessweightonir-
relevantones. This queryupdatingmechanismamountgo
rotatingthe queryvectortoward relevant retrievals and, at
thesametime, away from irrelevantones.Onelimitation of
this systemis thatit is variantto translatiorandgeneralin-
eartransformatiorbecaus®f its useof thenon-metricsim-
ilarity function[5]. Anotherlimitation with thetechniqués
thatin mary situationsmerequeryshifting is insufiicientto
achieve desiredgoals.

Penget al. [11] presentprobabilisticfeaturerelevance
learning for content-basedmage retrieval that computes
flexible retrieval metricsfor producingneighborhoodshat
are elongatedalong lessrelevant feature dimensionsand
constrictedalongmostinfluential ones. The techniquehas
shavn promisein anumberof imagedatabasepplications.
The main differencebetweerthe retrieval metric proposed
hereandtheonepresentedh [11] is thattheformeris capa-
ble of producingarbitrary non-symmetrimmeighborhoods,
while thelattercannot.

The MindReadersystemdescribedn [8] usesa multi-
level scoringtechniqueto adaptvely computea distance
matrix and new querylocations. While it providesa the-
oreticalbasisfor MARS, it failsto analyzets working con-



ditions. In addition, providing scoresto retrieved images
placesburdenontheuser In contrastwe exploit local lik e-
lihood informationto adjustspatialresolutionsothatrele-
vantimagesmove toward eachotherandaway from irrele-
vantones.

In [12], MindReaderis generalizedo allow a distance
matrix to be eitherdiagonalor a full matrix, dependingon
the availability of data. While it often providesimprove-
mentin computation|t still requiresfull matrix computa-
tion evenif input featuresareindependentAlso, like Min-
dReadermulti-level scoringpotentiallyplacesstrainonthe
user

2. Kernel Distance

The kerneltrick has beenappliedto numerousprob-
lems[16, 18, 4, 17, 9]. The kernel allows an algorithm
to work in a featurespaceof higherdimension. If ¢(x)
is a mapping of a point in the input spaceto the fea-
ture space,then the kernel calculatesthe dot productin
the feature spaceof the image of two points from input

space,K(a,b) =< ¢(a),¢(b) >. Commonkernels
arbl|2
are GaussianKgauda, b) = et ,

Kpoy(a,b) = (14 < a,b >)<

Distancen thefeaturespacanaybecalculatecby means
of thekernel[19, 4]. With a andb in theinput spacethen
thesquaredeaturespacedistances

l6(a) = o(b)||”
= K(a,a) — 2K(a,b) + K(b,b). (1)

and polynomial,

disti (a, b)?

Since the dimensionalityof the feature spacemay be
very high, the meaningof the distanceis not directly ap-
parent. Sincethe image of the input spaceforms a sub-
manifold in the featurespacewith the samedimensional-
ity asthe input space,whatis available is a Riemannian
metric[1, 16, 4]. TheRiemanniarmetrictensorinduceby a
kernelis (see /4, p. 48])

1 9°K(x,x)
9i(2) = (2 Ox;0x;
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3. Quasiconformal Kernel

It is a straightforward processto createa new kernel
from existing kernels[4. Sinceit is our desireto createa
new featurespacein which the spatial resolutionaround
relevant samplesis contractedand the spatial resolution
aroundirrelevantsampleis expandedywe look to quasicon-
formal mappings[?. Previously, [1] hasmodifieda support
vectormachinewith a quasiconformamapping.An initial
desiremay be to usea conformalmapping. But in higher

dimensionakpaceconformalmappingarelimited to simi-
larity transformationandsphericainversions[3 andhence
it may be difficult to find a conformalmappingwith the
propertiesve desire.Quasiconformahremoregenerathan
conformalmapping,containingconformal mappingsas a
specialcase. Hence,it is easierto find a quasiconformal
mappingwith the propertieswve desire.If ¢(x) is a positive
realvaluedfunction of x elementof theinput spacethena
new kernelcanbecreatedby

K(a,b) = ¢(a)c(b)K(a, b). (3)
Amari called this kernela conformaltransformedkernel.
We arecalling it a quasiconformakernel. Note thatif the
restrictionon ¢(x) beingpositive is removed,a still a valid
kernel[4.

The questionbecomeswhich ¢(x) do we wish to use?
We can changethe Riemannianmetric by the choice of
c(x). The metric g; ; associatedvith kernel K becomes
themetric j; ; associateavith kernelK by therelationship
[1, Theorem?2,]

31,5 (%) = ci(x)¢; (%) + (%) gi 5 (x) (4)
wherec; (x) = 2

Amari expandedhe spatialresolutionin the mamin of a
supportvectormachineby usingthefollowing [1, Equation
26]

c(x) = Z hieiﬂ%;mz (5)

whereSYV is thesetof supportvectors; is apositive num-
ber representinghe contribution of the ith supportvector,
x; Is theith supportvector andr is a free parameterThis
canbeviewedasa non-normalizegarzenwindow density
estimationof the setof supportvectors. Thustherelative
spatialresolutionis dilatedin areaof high estimatedden-
sity andcontractedn areaf low estimatediensity Since
the supportvectorsare at the boundaryof the mamin, this
createsanexpansionof spatialresolutionin themargin and
acontractionelsevhere.

Our goal is to expandthe spatialresolutionaroundir-
relevantsamplesandcontractthe spatialresolutionaround
relevantsamples.Thatis, distanceto irrelevantsampleds
increasedand distanceto relevant samplesare decreased.
We want ¢(x) to adaptto the relevancefeedback. Look-
ing at Amari's approachas a densityestimationof the set
of supportvectorswe canestimatethe densityof the setof
irrelevantsamplesZ, andthe setof relevantsamplesk.

The parzenwindow estimate[5] using the relevance
feedbacks
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and
P(x|R) =

1 —llz—a;||?
|7?,| Z e 27 . (7

We constructour quasiconformalmapping from the
parzenwindow estimatedy defininge(x) as

c(x) = {:)(XU) 8
(x) PIR) 8

Otherpossiblechoicesincludec(x) = tan((Hz =TT and

o(x) = E”z) wherez = P(x|I) — P(x|R). Themeaning
andnumericalstability of otherpossibleformsfor ¢(x) will
beinvestigatedn afuturework.

Theadaptie quasiconformakernelmetricis

distage(x, @)* = K(x,x) — 2K (x,q) + K(q, q)
= ¢(x)*K(x,x) — 2¢(x)c(q)K(x,q) + ¢(q)*K(q, q).

If the original kernel, K is a Gaussiankernel, then
K(a,a) = 1 andthedistancametricbhecomes

distg(x, @)* = ¢(x)* — 2c(x)c(@)K(x, ) + c(@)®. (9)
An interestinginterpretationof this distancecanbe ob-

tainedif we look at the distanceusinga first order Taylor

expansionof the Gaussiarkernelatthe querypoint, q,

1
Kgaus(xaq) = - ﬁ”x_q'ﬁ (10)

Substitutingthe Taylorsexpansioninto (9) yields

distaex. @)” = (c(x) — efa))*+ LD g2 (a1)

The (¢(x) — ¢(q))? termcanbe viewedasthe weighted
squaredChi-squaredlistancebetweerpointsx andq. The
Chi-squaredlistancg6], is

L (P(jx — P(jla)’
distenz (x, )2 ; PG j|q] YD 12
Theterm (c¢(x) — ¢(q))? is
<P(x|1) _ P(q|l) )2 _ P(R)? (P(le) _ P(I]a) )2
P(x|R)  P(q|R) P(I)? \P(Rx P(Rlq)

andthusis relatedto a weightedChi-squaredlistance The
secondterm is a weightedEuclideandistancein the input
space.

Figure 1. Example images from texture data

4. Experimental Results

In thefollowing, we compareheretrieval methodbased
on the adaptve quasiconformakernel metric, AQK, with
MARS [13] and PFRL[1]. Performanceis measured
by avemge precision[15, 14] and by the precision-ecall
graph.

Average Precision: Thenon-interpolate@veragepreci-
sionis definedas

|Rel| Z -

deRel

Rel, RankK )
Rank )

Rank ) |

(13)

whereRel is the setof relevantitemsin the dataset,and
Rankis anorderingof the datasetbasedon similarity with
thequery

Precision-Recall graph: For anitem, , in thedataset,
therecallat istheratioof thenumberof relevantelements
returnedwhen is reachedo thetotal numberof relevant
elementsn thedataset.

[ ] Rel,Rank )
|Rel|

Rank ) |

Recall ) = (14)

Foranitem, , in thedataset,theprecisiomat istheratioof
thenumberof relevantelementseturnedvhen isreached

to thetotal numberof elementseturnedwhen isreached.
Precisio ) | Rel,Rank ) Rank ) |
Rank )
(15)

The precision-recallgraphis a line graph of the points
(Recall( ),Precision()) for every element of thedataset.
Both high recall and high precisionis desired thoughnot
oftenobtainable.

Thefollowing four datasetwereusedfor evaluation:

Texture — thetexture dataareobtainedfrom MIT Media
Lab at: whitechapel.media.mit.edu/puki8fex. There
areatotal of 640imagesof 12 12 in thedatabase
with 15 classesTheimagesn this databasarerepre-
sentecby 8 Gaborfilters (2 scalesand4 orientations).
Examplesof thetexturesarepresentedn Figurel.

Vowel — thevowel datasethas =1 measuremeniand
11lclasses.Thereareatotalof = 2 samplesn
this databaseThis datasetis alsotakenfrom [10].



Segmentation The segmentationdataset, taken from the
UCI repository [10], consistsof imagesthat were
drawvn randomlyfrom a databasef 7 outdoorimages.
The imageswere hand-sgmentedby the creatorsof
the databaseo classify eachpixel. Eachimageis a
region. Thereare7 classeseachof which has330in-
stances.Thus,therearea total of 2310imagesin the
databaseThesemagesarerepresentetly 19realval-
uedattributes.

Letter — theletterdatasetconsistsof = 1 numerical
attributesand 26 classe<f the two capital letters,O
andQ, in the Englishalphabet.The characteimages
werebasedn 20 differentfontsandeachletterwithin
these20fontswasrandomlydistortedto produceafile
of 20,000uniquestimuli.

To determinethe free parametersn AQK, (o andr), a
ten-fold cross-alidationwasranfor for the Texture, Vowel,
andSegmentatiordatasets.Eachdatasetwasdividedinto
ten partitions. Eachpartition in turn wasleft out andthe
othernine wereusedto determinevaluesfor ¢ andr. The
left out partition wasthenusedto testthe algorithm. The
valuesreportedarethe averageof thetentests.

Ten-foldcrossvalidationwasnot usedonthe Letterdata
setdueto time constraints.A testsetof 100 randomlyse-
lectedelementdrom eachclasswas created(2600items).
Fromremainingelementsten randomlyselectedelements
from eachclass(260 items) were usedto determiningthe
parameters.

Theaverageprecisionversusdterationof relevancefeed-
backis presentedh Figure2. The AQK algorithmperforms
well onthedatasets.Themoststriking aspecis thecontin-
uedimprovemenin AQK’saverageprecisionin the Texture
andVowel datasetsvhereasMARS’sandPFRLsimprove-
mentflattens.

The precision-recallgraphsof the three algorithmsfor
the Texture datasetis presentedn Figure 3, for Segmen-
tation datasetin Figure4, for Vowel datasetin Figure5,
andfor Letterdatasetin Figure6. The AQK algorithmhas
the desirablesffect of pulling the precision-recalturve to-
wardstheupperright with successieiterationsof relevance
feedback.Again, thisis mostnoticeabldan the Textureand
Vowel datasets.

5. Summary

A quasiconformakernelconstructedy relevancefeed-
backwasusedto createa metricfor usein rankingrelevant
imagesof a query The metric is the Euclideandistance
in thefeaturespaceassociateavith thequasiconformaker-
nel. Thequasiconformakernelis constructedn suchaway
that aroundrelevant labelledimagesthe spatialresolution
is contractecandthataroundirrelevantlabelledimagesthe

Figure 2. Average Precision versus iteration

of relevance feedback
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Figure 6. Precision vs. Recall — Letter Data

spatialresolutionis dilated. The distancefrom the queryto

unlabeledmagess measuredh this new space.Themetric
generatedy AQK hasaninterpretationin the input space
asa combinationof a weightedChi-squarediistanceanda

weightedEuclideandistance.ln application the new AQK

approactcompares/ery well with the existing MARS and
PFRLapproaches.

Futurework includesaninvestigatiorof themeaningand
numericaktability of otherquasiconformamapping.In ad-
dition, for AQK to bepractical,anefficient databaséndex-
ing usingthe AQK metricneedgo bedeveloped.

References

[1] S. Amari and S. Wu. Improving supportvector machine
classifierdoy modifying kernelfunctions. Neurl Networks
12(6):783-7891999.

[2] G. D. Anderson,M. K. Vananamurthyand M. K. Vuori-
nen. Conformallnvariants, Inequalities,and Quasiconfor
mal Maps CanadiarMathematicaSocietySeriesof Mono-
graphsand AdvancedTexts. JohnWiley & Sons,Inc., New

York, 1997.
[3] D. E. Blair. Inversion Theory and Conformal Mapping

AmericanMathematicaSociety 2000.
[4] N. CristianiniandJ. Shave-Taylor. An Introductionto Sup-

port VectorMachinesandotherkernel-basedearningmeth-

ods CambridgeUniversity PressCambridgeUK, 2000.
[5] R.O.Duda,P. E. Hart,andD. G. Stork. Pattern Classifica-

tion. JohnWiley & Sons,Inc., New York, secondedition,

2001.
[6] T. HastieandR. Tibshirani. Discriminantadaptve nearest

neighborclassificationand regression. In D. S. Touretzly,
M. C.Mozer, andM. E. Hasselmoeditors Advancesn Neu-
ral Information ProcessingSystemsvolume 8, pages409—

415.TheMIT Press1996.
[7] T.HuangandY. Rui. Imageretrieval: Past,presentandfu-

ture. In Proc. of Int. Symposiunon Multimedialnformation

ProcessingDec1997.
[8] Y.Ishikava,R. Subramapa,andC. FaloutsosMindReader:

Queryingdatabasethroughmultiple examples.In Proceed-

ings of 24th Internation Confeence on Very Large Data
Basespages218-22724-27 1998.
[9] K. Muller, S.Mika, G. RatschK. Tsuda,andB. Schollopf.

An introductionto kernel-basedearningalgorithms. IEEE
Transactionson Neurl Networks 12(2):181-201,March

2001.
[10] P. Murphy andD. Aha. Uci repositoryof machinelearning

databasesvww.cs.uci.edu/ mlearn/MLRepositorjtml.
[11] J.Peng,B. Bhanu,andS. Qing. Probabilisticfeaturerele-

vancelearningfor content-base@mageretrieval. Computer

Vision andImage Undestanding 75(1/2):150-1641999.
[12] Y. RuiandT. Huang.Optimizinglearningin imageretrieval.

In Proceedingsof IEEE ComputerSocietyConfeenceon
ComputerVision and Pattern Rec@nition, Hilton Head Is-

land, SouthCarolina, pages236-2432000.
[13] Y. Rui, T. Huang,and S. Mehrotra. Content-basedmage

retrieval with relevancefeedbackn mars.In Proceeding®f
IEEE International Confeenceon Image ProcessingSanta

Barbara, California, pages815-8180ctober1997.
[14] R. E. Schapireand Y. Singer Boosteter: A boosting-

basedsystemfor text categyorization. Machine Learning
39(2/3):135-1682000.

[15] R.E.Schapirey. SingerandA. Singhal.BoostingandRoc-
chioappliedto text filtering. In W. B. Croft, A. Moffat, C. J.
vanRijsbegen,R. Wilkinson,andJ.Zobel,editors,Proceed-
ings of SIGIR-98,21st ACM International Confeenceon
Reseach and Developmenin Information Retrieval, pages

215-223Melbourne AU, 1998.ACM PressNew York, US.
[16] B. Schollopf, C.J.C. Burges,andA. J. Smola,editors. Ad-

vancesin kernel methods: supportvectorlearning MIT

PressCambridgeMA, 1999.
[17] B. Schollopf andetal. Input spaceversusfeaturespacein

kernel-basednethods. IEEE Transactionson Neuml Net-

works 10(5):1000-1017,Septembef999.
[18] A.J.SmolaP L. Bartlett,B. Schollopf, andD. Schuurmans,

editors. Advancesn Large Margin Classifies. MIT Press,

CambridgeMA, 2000.
[19] V.N.Vapnik.Statisticallearningtheory Adaptiveandlearn-

ing systemdor sighalprocessingcommunicationsandcon-
trol. Wiley, New York, 1998.



