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1. Intr oduction

Kernel methodsreceved attentionoriginally as a “trick”
to introduce non-linearity into support vector machines
(SVM) [21]. Evaluatingakernelfunctionbetweertwo data
is equivalentto computingthe scalarproductof their im-
agesdn anon-linearlymappedspacgusuallytermedasfea-
turespace)lt is realizedlaterthatkernelmethodsaremore
general Similarto SVM, mary linearalgorithmg(e.g.,PCA
andFisherineardiscriminant)dependndatathroughtheir
scalarproducts. By substitutingthe scalarproductswith
kernelevaluationsthesealgorithmscandiscovernon-linear
patternsn data. At the sametime, they arestill computa-
tionally ef cient, asthe kernelfunctionis evaluatedin the
input spacd20]. Insteadof usinggeneral-purposkernels
(e.g., Gaussians)recenteffort hasbeenput on designing
kernelstailoredto the requirementf a speci ¢ applica-
tion. Suchkernelshetterre ect the similarities between
dataandthusincorporatenoredomainknowledgeinto the
algorithm.

Oneimportantapplicationof kernel methodis appear
ancebasedobjectrecognition. Objectrecognitionremains
one of the mostchallengingproblemsin computervision.
Changesn illumination, pose,viewing angle, occlusion,
cluttersand non-rigid deformationsare just a few of the
complicatedproblemsa recognitionsystemhasto face.
Many applicationsof kernelmethodsto objectrecognition
arebasedon global imagefeatures(e.g.,global grayvalue
histograms)[14, 4, 15]. Though promising performance
hasbeenreported, thesemethodsare plaguedby the de -
cienciesof the global features,suchas being sensitve to
imagedegradationge.g.,noise,occlusionandbackground
clutters)andnot robustunderchangesn objectcon gura-
tions(e.g.,translationandscaling).

Recentyearshave seenimpressive developmentsn us-
ing local featurescomputedat interestpointsfor matching
andrecognition[9, 17, 16, 10, 2]. Suchapproacheteadto
robustand compactimagerepresentationthat lend them-
sehesto powerful patternanalysisalgorithms. However,
thelocal featurerepresentationposeseveral challengego
kerneldesign.First,it requireghekernelto work ef ciently
on inputsof variablelengths,asimagesmay have a differ-
ent numberof local features. Secondly the kernelshould
measuresimilarity of two unorderedsetsof local features,
wherenoexplicit correspondends available.Furthermore,
severaldifferenttypesof localfeaturesareusuallycollected
andthey needto be fusedinto the kernel. For betterper
formance semilocalspatialandgeometricatonstraintde-
tweeninterestpoints shouldalsobe incorporated.Finally,
to guaranteainiqueglobal optimal solutionsfor the SVM
algorithm thekernelmustalsosatisfytheMercercondition.
Unfortunatelyexisting methodqe.qg.,[1, 22, 23, 12, 8]) are
notsatishctoryin thatthey donotmeetall of theserequire-

ments.

The major contrikution of this paperis the de nition of
anew classof kernelsfor objectrecognition basedconlocal
featurerepresentations Formal proofs are given to shav
that this classof kernelssatisfy the Mercer conditionand
re ect similarities betweensetsof local features.In addi-
tion, multiple local featuretypesand semilocalconstraints
areincorporatedo reducemismatchesetweenlocal fea-
tures, thusfurther improve the classi cation performance.
Resultsare shavn on testing the proposedkernels, cou-
pledwith SVM classi cation,on recognitiontaskswith the
COIL-100database.

2. Methods

In this section,after a brief review of Mercerkernelsand
local features the proposedkernelis describedand com-
paredwith previousapproachesThenkernelsusingmulti-
ple typesof local featuresandsemilocalconstraintarein-
troducedfollowedby analgorithmsummarizingheoverall
process.

2.1 Mercer kernel

Admissible kernel functions satisfy the Mercer condition
(henceusually termedas Mercer kernels). For an input
spaceX, if thereis amapping : X ! H thatmapsary

X; z 2 X into aHilbert spaceH, thena Mercerkernel,K :

X X! R,isconstructedasK (x; z) = h (X); (2)in,

whereh; iy is the scalarproductoperatorin H. Sucha
functionK satisfythe Mercercondition,an equivalentde-
scriptionof whichis statedormally in thefollowing propo-
sition:

Proposition 1 (Theorem 3.11, [20]) Let X be any input
spaceandK : X X ! R asymmetridunction,K isa
Mercer kernelif andonly if the kernelmatrix formedby re-
strictingK to any nite subsetf X is positivesemi-de nite
(havingno negativeeigervalues)

The Mercerconditionis essentiato kerneldesign,asit is
the key requirementfor a unique global optimal solution
to thekernel-extendedpatternanalysisalgorithmsbasedn
corvex optimization(e.g.,SVM) [20].

Insteadof usingits de nition, a Mercer kernelis usu-
ally constructedn othermorecorvenientways.For datain
a vectorspace pnecanchooserom standardff-the-shelf
kernels,acommonchoicebeinga Gaussian:

exp( K2 (1)

There are also Mercer kernels designedspeci cally for
structureddatatypes,suchasstrings,treesor graphs[20].
In addition, new Mercer kernelscan be built on existing
ones. Several propertiesof Mercerkernelsrelevantto this
aspectaresummarizedn thefollowing proposition:

Kr(x;2) =




Proposition 2 For Mercer kernels,thefollowing factshold

(i) (Proposition 2.22,[20]) The product of two Mercer
kernelsis a Mercer kernel. Thus,a monomialof any
degreeof a Mercer kernelis a Mercer kernel.

(i) (Lemmal,[7]) LetK bea Mercerkernelde nedon
%g XPfor any nite A;B  X,denel(A;B) =

x2a  y28 K(Xy). Thenk is a Mercerkernelon
22X 22X nfg.
(iii) (Proposition 11.75, [20]) For a data spaceX that

can be decomposeds X = X XNy and
X = (Xg; XN ) 2 X, for which x; 2 Xj, denote
Mercer kernelsK; on)& Xi, i = 1, :N. For
X;z 2 X,K(x;2) = iN:l Ki(xi;z), is a Mercer

kernelonX X. Sudakernelis a specialcaseofthe
R -convolutionkernel[7].

Besidessatisfyingthe Mercercondition, mary applica-
tionsalsorequirethe designedkernelto re ect similarities
betweerthedatabeingstudied.As kernelsareelicitedfrom
scalarproductsthey areexpectedto have largervaluesfor
datathat are more similar to eachother! Admissibleker-
nel functions satisfy the Mercer condition (henceusually
termedasMercerkernels). For aninput spaceX, if there
isamapping : X ! H thatmapsary x;z 2 X intoa
Hilbert spaceH, thena Mercerkernel,LK : X X ! R,
is constructedsK (x; z) = h (x); (2)iy,whereh; iy is
thescalamproductoperatorin H. SuchafunctionK satisfy
the Mercercondition,anequialentdescriptionof whichis
statedformally in thefollowing proposition:

Proposition 1 (Theorem 3.11, [20]) Let X be any input
spaceandK : X X ! R asymmetridunction,K isa
Mercer kernelif andonly if the kernelmatrix formedby re-
strictingK to any nite subsebf X is positivesemi-de nite
(havingno negativeeigervalues)

The Mercerconditionis essentiato kerneldesign,asit is
the key requirementfor a unique global optimal solution
to thekernel-extendedpatternanalysisalgorithmsbasedn
corvex optimization(e.g.,SVM) [20].

Insteadof usingits de nition, a Mercerkernelis usu-
ally constructedn othermorecorvenientways. For datain
a vectorspacepnecanchooserom standardff-the-shelf
kernels,acommonchoicebeinga Gaussian:

Kr(Gz) = exp( 2 )

There are also Mercer kernels designedspeci cally for
structureddatatypes,suchasstrings,treesor graphs[20].
In addition, nev Mercer kernelscan be built on existing
ones. Several propertiesof Mercerkernelsrelevantto this
aspectaresummarizedn thefollowing proposition:

Proposition 2 For Mercer kernels,thefollowing factshold

1strictly speakingnormalizedkernelevaluatesthe cosinesimilarity of
two mappediatain thefeaturespace.

(i) (Proposition 2.22,[20]) The product of two Mercer
kernelsis a Mercer kernel. Thus,a monomialof any
degreeof a Mercer kernelis a Mercer kernel.

(i) (Lemmal,[7]) LetK bea Mercer kernelde nedon
5 XPfor any nite A;B  X,denelR(A;B) =

x2a y28 K(Xy). Thenk is a Mercerkernelon
22X 22X nfg.
(iii) (Proposition 11.75, [20]) For a data spaceX that

can be decomposeds X = X XN and
X = (X1; ;XN ) 2 X, for which x; 2 Xj, denote
Mercer kernelsK; on)& Xi, i = 1; :N. For
X;z 2 X,K(x;z) = iN:l Ki(xi;z), is a Mercer

kernelonX X. Sudakernelis a specialcaseofthe
R -convolutionkernel[7].

Besidessatisfyingthe Mercercondition, mary applica-
tionsalsorequirethe designedkernelto re ect similarities
betweerthedatabeingstudied.As kernelsareelicitedfrom
scalarproductsthey areexpectedto have largervaluesfor
datathataremoresimilarto eachother?

2.2 Local featurerepresentation

Localfeaturesarelocalizeddescriptorghatprovide distinct
information abouta speci ¢ locationof animage. Many
local features(e.g.,[9, 17, 16, 10, 2]) are designedo be
invariantundercertainimagetransformationssuchasrota-
tion andscaling,sothatthey arerelatively stableto changes
in objectcon gurations. Local featureshave provedto be
very successfuin appearancéasedobject matchingand
recognition asthey aredistinctive,robustto imagedegrada-
tion andtransformationandrequireno sggmentatior{11].

Local featuresare usually collectedat or in the neigh-
boringregion aroundinterestpoints,which arespeci ¢ po-
sitionsin animagethatcarry distinctive featuresof the ob-
ject beingstudied. Interestpointsare found by aninterest
point detectoy popularchoicesfor which arethe Harrisde-
tector[6] andmulti-resolutionbasedietectorg19].

In this paper we denotep; = (X;;Yi) asthecoordinate
(in theimageplane)of thei-th interestpoint detectedn the
image, and vector F; asthe local featurecomputedat or
aroundp;. An imagel, is representetby the setof local
featurescorrespondingo all interestpoints detected,de-
notedasF, = fF{¥; ;Fj(;‘)ajg.

2.3, Relatedwork

With localfeaturerepresentatiormnimageis conciselyrep-
resentedby its setof localfeaturevectors.Accordingly, ker-

nelsthat matchimagescould be de ned betweentwo sets
of local featurevectors.We startby enumeratingsomede-
sirablepropertiesof suchkernels:

2strictly speakingnormalizedkernelevaluateshe cosinesimilarity of
two mappediatain thefeaturespace.



Thekernelshouldsatisfythe Mercercondition;

The computationof the kernel shouldbe ef cient in

bothtime andspace;

The kernelshouldbe ableto handleinputswith vari-

ablelengthsasthenumberof interestpointsmayvary
acrosdifferentimages;

Thekernelshouldre ect similaritiesbetweerntwo sets
of local featurevectors.

It shouldbe notedthatthelocal featurerepresentatiodoes
not provide correspondencbetweenlocal featuresof two
images,while only the correctly matchedlocal features
carrymeaningfuldiscriminantinformation. However, nd-
ing theoptimalmatchingof local featuress notalwaysfea-
siblein practiceandmary algorithmsarebasedon heuris-
tics. Oneimportantassumptiorcommonto mostmatching
algorithmsis that the correctly matchedocal featuresare
moresimilarto eachotherthanotherwise.

Thesepropertiesvoid the use of off-the-shelfkernels,
suchasa Gaussianasthe underlyingdata(setsof vectors)
arenot from avectorspace.Onecannormalizethe length
of inputsby paddingzeros. Whereagheinputscanbe as-
sumedin a vectorspacenow, the computedquantityis of
little interestto recognition.Notice, however, thatit is rel-
atively easyto build a kernelK ¢ on thelocal featuresas
they arevectorswith identicaldimensionsA naturalideais
to constructcompositekernelson the basisof suchkernels,
whichwork with setsof local features.

One simple example of suchan approachis the sum-
mation kernel. On two local feature sets, F, =
fF™ FE9andFp = fF”; (FE g, of twoim-
ages) 5 andly, thesummatiorkernelis de ned as

1 1 :&aj}kbj

JFailFol )

KS(Fa;Fb) = KF(Fi(a);Fj(b)): (3)

Simpleapplicationof Propositior2, part(ii), shavsthatthe
summatiorkernelsatis esthe Mercercondition. However,
its discriminative ability is compromisecdby the fact that
all possiblematchingsbetweerocal featuresarecombined
with equalbias. Thegoodmatchingshighly out-numbered,
couldbeeasilyswampedby thebadones.

In [22], a kernelfunction basedon matchinglocal fea-
tureswasproposed

11 % al
max_ K (F*;F®)
JF b

Kwm (Fa;Fp) = éjFajizlj:]_;

1 1% N
+ —— K = ;F-a (4
ZJFbszlizlr;na;i'(Faj F ( i i ): (4)

FunctionK yy hasthedesiredpropertyof re ecting similar
ities of two setsof localfeaturevectorsasit only considers

the similaritiesof the bestmatchedocal features Unfortu-
nately despitetheclaimin [22], Ky is notaMercerkernel,
for which a detailedproofis givenin AppendixA. In [1], a
similarnon-Mercetkernelbasedn asub-optimalmatching
betweerlocalfeaturess usedbut measureareprovidedso
that the probability of the kernel not being positive semi-
de nite is bounded. However, as pointedout earlier the
Mercerconditionis essentiato reliable recognition,Mer-
cerkernelsarestill preferablan practice.

In [23], a Mercerkernelis proposedor setsof vectors
basedntheconcepbf principalanglesbetweertwo linear
subspacesHowever, this kernel shoved poor recognition
performanceasreportedin [5]. In [8], the Bhattacharyya
kernelis introducedwherea setof vectorsis represented
asa multivariateGaussianThoughprovably satisfyingthe
Mercercondition,evaluatingthiskernelis cubicin thenum-
ber of local features.Furthermoregood matchingsdo not
necessarilgistinguisnthemselesin suchasetting.In [12],
akernelbasedn Kullback-Leiblerdivergenceis proposed.
However, asthe authorgpointedout, it is not clearif sucha
kernelsatis esthe Mercercondition.

2.4. A Mercer kernel betweenlocal feature sets

As discussecktarlier only the correctlymatchedocal fea-
tureswith largesimilarity measureprovide meaningfuldis-
criminantinformationfor recognition. This indicatesthat
suchmatchedpairs shoulddominatein the kernelevalua-
tion, if we expectthekernelto measureimilaritiesbetween
two setsof local featurevectors. However, directly sum-
ming themaximumsimilaritiesasin thecaseof Ky results
in inadmissiblekernelsthatviolatethe Mercercondition.

In this paper a new classof kernelsare proposedhat
measureimilarity betweerlocal featuresetsandthatprov-
ably satisfy the Mercer condition. The proposedkernel
functionis de ned as

1 1 -Raj ﬁb] b
Kre(Fa;Fp) = —— KF(Fi(a);Fj(b)) . (B
IFajiFpl . :
= ]_1
whereintegerp  listhekernelparameterWith p = 1,the

proposedernelincludesthe summatiorkernelasa special
case.Similar to the summatiorkernel,all possiblematch-
ings betweenlocal featuresin the two setsare considered
in K¢, but with differentbias. It is throughthe kernelpa-

rameterp thatthe correctmatchedocal featuresaregiven

dominantbiasin Kg. This is mademoreclearif K¢ is

rewrittenas

11 R og Kol .
KF(Fa;Fb) = —- . — KF(Fi(a);Fj(b)) +

ZJFaJ i=1 JFbJ i=1

11 X K

= ; - K F-(b);F-(a) P 6
ZJFbJj::L JFaJ - F( j i )()



Now K g hasasimilarform asK y, : botharesumsof some
similarity measuresver eachlocal featurevector Only
the max functionin Ky, is replacedherewith a summa-
tion of monomials. Considera local featureF* of F,
(thoughthe following resultsare alsotrue for membersof
Fy), andits jFj kernelevaluationswith eachmemberof
Fo, Ke (F™;F{™); S Ke(F™;F2)). The similarity
betweerFi“” andlocal featuresetFy is measuredn Equa-
tion (6) as
1 PiFy Ke (E®:-E®Y)P- 7

Fo =1 F( i ) . ( )
Without lossof generalitylet usassumeK g (F{*; F{”)

Kg (Fi“‘);FJ.;:b)bj . The contribution of the best
matchedocal featurein Fy, with F,* in the sumof Equa-
tion (7) is:

P._ .
= Ke(F™F) P= 0 Ke (RO F™) P (@)
Thelargerthe valueof p is, the moredominantis the best
matchedpair. As p approaches nity , all but the maximal
valueswill have anggligible fractionin the sum.
Furthermorejf we requirethatthe similarity of the best
matchedairin thesumhasafractionabove agiventhresh-
old , alowerboundof p canbecomputedas:

1 . Ke F5FRY
PG D ke e ©
whereF}” is the secondbestmatchinglocal featurein Fy,
for F® (adetailedproofis givenin AppendixB). A proper
p canbechoserasthemaximumof suchlowerboundsover
all trainingdata.

The proposedkernel satis es the Mercer condition,

whichis formally statedn thefollowing proposition:
Proposition 3 FunctionK ¢ de ned in Equation(5) is a
Mercerkernel,if functionK ¢ is a Mercerkernelde nedon
thelocal feature vectos.
Proof First, notethatK ¢ is symmetricby de nition. Also
[Ke( ;)] is amonomialof a Mercerkernel. With Propo-
sition 2, part (i), it is alsoa Mercerkernel. Finally, K¢ is
constructedn way of Proposition2, part (ii), therefore,it
satis esthe Mercercondition.

2.5. Multiple local feature types

Sofar, in constructingkernelsonlocalfeaturesetsonly one
type of local featureis considered However, it is usually
possibleto computemultiple typesof local featuresat an
interestpoint. As eachindividual type of local featuremay
carry distinctive information aboutthe underlying object,
it is desirableto have themfusedinto the designedkernel.
Hereaftey we will referto eachtype of local featureasa
baseocalfeature.

Assumel different baselocal featuresare employed,
and denotef ™ 2 RY asthe d|-dimensionalvector of
the I-th baselocal feature computedat an interestpoint
pa, for I = 1; ;L. Also assumethat the similarity
of the I-th baselocal featureis properly measuredoy a

Mercer kernel, K" 3 The local featureof pa is a vec-
tor of dimension |, di, formedby stackingall f *'s as

Fa= (f f‘)T; ;ff‘)T)T. A kernelbetweertwo suchlo-
calfeaturesfF, andFy, isde ne as
Q a
Ke (FaiFo) = ©jo KO (F@5 1) (10)

ThefunctionK ¢ satis estheMercercondition,Proposition
2, part(iii). It canthenbe substitutednto the de nition of
K g, Equation5, which now incorporatesnultiple typesof
localfeatures.

2.6. Semilocalconstraints

Oneproblemof representinganimageasan unorderedset
of local featurevectorsis thatsucharepresentatiois inde-
pendento the spatiallocationsof the interestpoints. Dif-
ferentobjects,therefore with similar local featurevectors
laid out differentlyin theimageplaneareindistinguishable.
Ontheotherhand,assupportedy the experimentakesults
in [17], therearestrongspatialcorrelationsbetweerthein-
terestpoints and their correspondindocal featuresin an
image. Suchcorrelationsare termedsemilocalconstraints
in [17]. For betterrecognitionperformanceit maybedesir
ableto enforcesuchsemilocalconstraintsn kerneldesign.
Following the methodin [17], we usethe local shape
con guration to enforce semilocal constraints.  Speci -
cally, animageis representedsa setof semilocalgroups,
which bundletogetherimageinformationaroundspatially
closeinterestpoints.Onesemilocalgroupis formedaround
eachinterestpoint (its centralinterestpoint) detectedn an
image. Eachsemilocalgroupis de ned asa two compo-
nenttuple,denotedasg = fF ; g. The rst component,
F = fFq;Fq; ; Fk g, isasetof localfeaturexollectedat
the centralinterestpoint aswell asits k-nearesheighbors,
p};  ;pd. Thesecondcomponent, = ( 1; ; «),Iis
a vectorcontainingneighboringanglesin the constellation
spannedby thecentralinterestpointandits k-nearesheigh-
bors, Figure 1. Theseneighboringanglescorvey the lo-
cal geometricakonstraintswithin the semilocalgroup. As
pointedoutin [17], if we supposeéhatthe transformations
of objectscanbelocally approximatedby a similarity trans-
formation,thentheseangleshaveto belocally consistent.

3Suchkernelsaretermedasminorkernelsin [5]. In [22], severalminor
kernelsfor somestate-of-the-aocal featurerepresentationarelisted.

4We arereluctantto usepositionsof interestpointsdirectly in the ker-
nel, asin [22]. Sucha settingmalesthe kernelvulnerableto changesn
the spatialcon®guration®f the object(e.g. translation).
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Figurel: An exampleof semilocalgroupformedby anin-
terestpoint(central lled dot)andits venearesheighbors,
p; ;pd. Hypotheticalinesareaddedo shawv theneigh-
boringangles.

An imagel 5 is now representedby a setof semilocal
groups,G, = fai; ;gj(g)ajg. Correspondinglythe ker-
nelmatchingimagesarenow de ned ontwo setsof semilo-
cal groups. Similar to the approachtaken in constructing
kernelK g , we de ne akernelbetweertwo setsof semilo-

calgroupsas

1 1 i}éaj:&bj

iGal Gbl -y -,

K (Ga; Gy) = Ko(g”ig™) 7 (11)

whereK ¢ is a Mercerkernelbetweertwo semilocalgroups
to bespeci edlater, andintegerp is thekernelparameterA
similar proof asthat of Proposition3 will shav thatkernel
K ¢ satis esthe Mercercondition.Correctcorrespondence
is still animportantissue,asin the caseof local features,
only correctlymatchedsemilocalgroupsaremeaningfufor
recognition. The kernelparametep in K hasa similar
role asits counterparin kernelK ¢ , which givespreference
to goodmatchingshetweersemilocalgroups.

2.7. A circular-shift invariant kernel

In constructingK ¢, Equation(11), kernelK 4 betweertwo
semilocalgroupsis left unspeci ed. As a semilocalgroup
consistsof two parts,a naturalway to designK 4 is to use
the productof two kernelsindividually de ned on the two
composingpartsof g as:

Kg(9a; ) = Ke (Fa;Fo)Ka( a; b); (12)

where Kg is dened as in Equation (5). Kernel
K is de ned betweentwo vectors of neighboringan-
gles in the semilocal constellation. Special care is re-
quired to designsuch a kernel, as is invariant under
circularshifts. For instance, consideragain the exam-
ple shavn in Figure 1. A vector of neighboringangles
as( 3; 4; 5; 1; 2) representshe samegeometricalcon-
guration as( 1; 2; 3; 4; 5). For this reason,kernel
K 6, which measureshe similarity betweerntwo vectorsof

neighboringanglesshouldnottreatsuchtwo vectorsasdif-
ferent(i.e.,it shouldalsobeinvariantundercircularshifts).

In the most general setting, for two n-dimensional
vectors X = (Xo; Xnp )T 2 RM™ andy =
(Yo; :;¥n 1)T 2 R", formally we de ne functionc :
R" f0;, ;n 1g! R" to bethe circularshift op-
eratoras(c(y;1))i = (¥)(i+)mod n, Where(y); is thei-th
componenbfyand0 |;i n 1. Now considerfunc-
tion

. _ Pn < ofy- NP
Ke(xiy) = 1= [KOGe(y;D):

whereK : R" R" ! R isaMercerkernelandsatis es
thatK (x;y) = K(c(x;d);c(y;d)) forO d n 1
Many commonlyusedkernelfunctions(e.g.,Gaussianpre
valid candidate$or K andin our casewe simply chooset
to bethevectorscalarproductin R" asK (x;y) = xTy.
Proposition4 FunctionK g asde nedin Equation(13) has
thefollowing properties:

(13)

() itisaMercerkernelonR" R";

(ii) it is invariantundercircular-shifts,asfor x;y 2 R",
Ka(x;y) = Ka(c(x; di1);c(y; d2)), for O dyi;dz
n 1

A full proofof theseresultsis givenin AppendixC.

Noticethatin constructingernelK g, we againemploy
a kernelparametep to give dominantbiasto goodmatch-
ings. Finally, asbothK ¢ andK ¢ satisfythe Mercercondi-
tion, accordingo Propositior2, part(iii), theirproductK g,
Equation(12),is alsoa Mercerkernel.

2.8 Summary

Theprocesf constructinga kernelfor objectrecognition,
asproposedn this paper built with multiple typesof lo-

cal featuresandsemilocalconstraintsis summarizedn the
following algorithm:

1. With minor kernelsKs de ned on baselocal fea-
tures,construckernelK ¢ onlocalfeatureswith Equa-
tion (10);

2. ConstructkernelK ¢ onlocal featuresetswith Equa-
tion (5);

3. Obtaina vectorof neighboringanglesin a semilocal
group,andconstruckernelK g with Equation(13);

4. CombinekernelsK ¢ and K¢ into kernel K 4 with
Equation(12);

5. Computekernel K s betweentwo setsof semilocal
groupswith Equation(11);

3. Experiments

In this section,we presentexperimentalresultson recog-
nition tasksusing local featuresand SVM classi cation,



bridgedtogethery the proposedkernels.In principle, the
proposedkernelscanwork with any patternanalysisalgo-
rithm thatis ableto be“kernelized”,i.e.,dependingn data
throughtheir scalarproducts.SVM waschoserfor its per
formanceandgeneralizatiorability.

3.1 Experimental setup

We performed our experiments on the COIL-100
database[13], a standardtest benchmark for object
recognition. The COIL-100 databasesontains7200 color
imagesof 100differentobjects.All imagesare128 128
pixelsin size. They wereobtainedy placingtheobjectson
a turntableandtaking a pictureevery 5 of viewing angle
of a360 rotation.

In ourexperimentsthetrainingsetof all SVM classi ers
consistedof 3600images,36 for eachof the 100 objects
thatcorrespondo a 10 differencein the viewing angles.
Shown in thetop row of Figure2 are ve imagesfrom the
trainingset. Fromtheremainingimages, ve differenttest-
ing setswereformed:

Set 1: 3600imageswith viewing anglesotherthan
thoseusedin thetrainingset.

Set 2: 3600imagesgeneratedy randomlyscaling,
rotatingandtranslatingmagesn set1.

Set 3: 3600 imagesgeneratedby adding Gaussian
noiseof averagel2 dB to theimagesin setl.

Set4: 3600imagesgeneratecy embeddinghe im-
agesin setl into randomlychoserbackgrounds.

Set5: 3600imagesgeneratedoy arti cially adding
partial occlusions(stripesfrom randomlychosenim-
ages)o theimagesn set1.

Set1 and 2 test the generalizatiorability of the kernels
and classi ers to changesin viewing anglesand object
positions. Set 3-5 are devised to test their resilienceto
commonimagedegradationspnamelyadditive noise,back-
groundcluttersandpartialocclusions.

On eachimage,threetypesof local featuresalongwith
their correspondingninor kernelswerecomputed:

1. Local jets [17] are differential graywvalue invari-
ants computedaround an interestpoint. Each lo-
cal jet is a vector of dimension9 containingup to
the third order derivatives. A Mercer kernel be-
tweentwo local jet features,x andz, is K (x;z) =

T 1
exp &2 2 “where is the covariance

matrixandp (x 2T 1(x 2z)istheMahalanobis

distanceébetweernx andz.

SImagesusedfor backgroundsindpartial occlusionsn set4 andset5
aredownloadedfrom http://www.freefoto.com

train

setl

set2

set3

set4

setb

Figure2: Examplef imagesusedin ourexperimentsThe
rst row areimagesfrom the training set. The remaining
rows areexamplesrom eachof the vetestingsets.

2. Local histograms [16] are local featuresconsisting
of histogramat differentscalesaroundinterestpoints.
Using 32 bins in computingthe histogramand con-
sideringup to 3 scales,eachfeatureis a 96 dimen-
sional vector A kernel basedon the 2-similarity
betweentwo featurevectors,x and z, K(x;z) =
exp % , is introducedin [22] and proved to
satisfythe Mercercondition[4].

3. Local phase-basedeatures[2] arecomprisecdby lo-
cal phasesof a complex pyramid decompositionof

theimage. The featuresare 36-dimensionacomple-
valued vectors, and their similarity is measuredby

C(x; z) = m , from which a Mercerkernelis
constructedsK (x; z) = (Q(x; z) + 1)%.

For eachof theselocal featuresjnterestpointswerefound
by aHarriscornerdetectorshavedto have high repeatabil-
ity androbust performancg18]. Interestpointstoo close
to the boundarywere ignoredto avoid image border ef-
fects. The parameterf the interestpoint detectorwere
setso that, on average,approximatelyl00 interestpoints
werefoundin animage. Semilocalgroups,asdescribedn
section?.6,wereformedon eachinterestpointusingits ve
nearesheighbors.

To have abasisof comparisonywe alsocollectedaglobal



featurefrom eachimage. The globalfeaturewe usedis the
raw pixel representatioiil 5], which was obtainedby rst
corvertingal28 128colorimageinto grayscaleandresiz-
ingitto32 32pixels. A 1024dimensionafeaturevector
wasformedby stackingthegrayvaluesof theresizedmage.
For the local featurerepresentationg;ompositekernels
asdescribedn Section2.8 wereformedfrom thelocalfea-
turesandtheir kernels.The kernelparameterp, wassetto
9 in all cases.For the global features,a Gaussiarkernel,
Equation(2) wasemployed. The SVM classi erswereim-
plementedvith packagd IBSVM [3], whichwasenhanced
to work with kernelson local featurerepresentationsAs
a standardpreprocessingtepin the literature,we usedthe
normalizeckernelevaluationin buildingthe SVM classi er,

asK (x;y) pP—R0g) __ \We emploed a simple

K(xx) K(yy)
multi-classprotocolfor classi cation,namelyaone-\ersus-
the-restschemein training and a winnertakes-all strateyy
in testing. Theregularizationparameteof SVM wassetto
10° in all classi ers.

3.2 Results

Shawn in Table1 is the performanceof differenttypesof
kernelswith thelocal jets on all testingsets. For compari-
son,theperformancef theglobalfeature(raw pixel repre-
sentationwith a Gaussiarkernelis alsoincluded. Perfor
manceis evaluatedin error rates,which is the percentage
of all misclassi cationcasedn all testingexamples. Sev-
eral pointsareworth noting aboutthis setof results. First,
the local jet featuresout-performedhe global featureson
all testingsets. The differenceis moresigni cant with the
presenceof image transformationsand degradations(set
2-5). Furthermore hotice that the proposedkernel, K ¢,
achieved competitive performanceo that of the matching
kernelK . As Ky is lesssensitve to mismatchesn local
features,it had lowesterror rate in somecases(set 3,4).
However, its dravback s that thereis no guaranteeof a
uniqueglobal optimalsolutionto the SVM training.

Showvnin Figure3 is aplot of thecontribution of the best
matchedocal featurepairsin the evaluationof kernelK g,
Equation(8), with regardsto the kernelparametep. For
stability, we reportedherethe averageover kernelevalua-
tions of all training imagepairs. Notice thatafterp 9,
thisratiois plateauedo be morethan99%, indicatingthat
the bestmatchedpairs of local featureshasdominatedin
the kernelevaluation. This factis further supportedoy the
correspondinglassi cationerrorratesof K g ontestset1,
Figure4. With p chosengreaterthan9, the performance
doesnotimprovedsigni cantly.

In the secondseriesof experimentswe testedthe pro-
posedkernel combinedwith different types of local fea-
tures. Shawvn in Table2 arethe resultsof this experiment.
Note that the local jets work well under noise, but suf-

0.9r .
k
0.8f .

0.7 : B : 7

5 6 7 8 9 10 11 12 13 14 15
kernel parameter p

Figure 3: Contrikution of the bestmatchedlocal feature
pairs, , Equation(8), in kernelK ¢ with local jet features
asafunctionof thekernelparametep.

4%,

3%

2%

error rate

1% b

0%l ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
°s 6 7 8 9 10 11 12 13 14 15
kernel parameter p

Figure4: Classi cationperformancef kernelK ¢ with lo-
caljetfeatureon setl asafunctionof thekernelparameter

p.

fer from backgroundclutter and occlusion. The local his-
tograms,on the otherhand,are morerobustin the faceof
partial occlusions.Thelocal phase-basefitaturesperform
worstin all theexperiments.

We further combinedall types of local featuresasin
Equation(10), andreportedts performancen the rst row
of Table 3. It seemghat fusion of local featuresdoesnot
necessarilyjmprove the performancegset1). However, in
casesof image degradations this approachachieved bet-
ter results, possibly becausemultiple types of local fea-
turesprovide complementarynformationthat helpsto re-
duceambiguityin classi cation. Finally, we constructedn
SVM classi er usingthekernelde nedin Equation(11),to
further incorporatethe semilocalconstraints. Sucha ker
nel, equippedvith the mostcomprehensie domainknowl-
edge wasexpectedio work best. Shown in the secondow
of Table 3 is the performanceof this kernelon all testing
sets.Comparedo otherkernelsjt indeedachiezedthelow-
esterrorrate,which suggestshe ef cacy of semilocalcon-
straints.

4. Discussion

In this paper we have introduceda new classof kernelsfor
appearancbasedbjectrecognitionwith local featurerep-



setl | set2 | set3 | setd | sets
Kr | 11.3| 53.9| 38.4 | 57.3 | 49.6
Ks | 10.9| 29.4| 239 | 39.7 | 36.4
Km 1.8 | 27.2| 16.9| 20.5| 28.8
Kg 14 | 23.8| 17.7| 25.3| 24.6

Tablel: Errorrates(in percentagedf the Gaussiarkernel
(Equation(2)) with a globalfeature(raw pixels)anddiffer-
entkernels K r (Equation(3)),K s (Equation(4)) andK y
(Equation(5)), with thelocal jet features.

setl | set? | set3 | set4 | set5
localjets 1.4 | 23.8| 17.7| 25.3 | 24.6
local histograms| 7.6 | 34.1 | 22.8 | 28.6 | 21.2
local phases 10.2 | 39.4 | 285 | 29.1 | 27.9

Table2: Error rates(in percentagedf differentlocal fea-
tureswith kernelK g , Equation(5).

setl | set2 | set3 | set4 | setb
Kg 6.1 | 235| 14.4| 199 | 21.2
Kg 1.2 | 176 | 8.3 | 12.7 | 10.9

Table3: Error rates(in percentagedf kernelsusingmulti-
pletypesof localfeaturesEquation(10) andwith semilocal
constraintsK ¢, Equation(11).

resentations.The proposedkernelswork on setsof local
featureswith variablelengths satisfythe Mercercondition
andre ect similarities betweensetsof local features. In
addition,multiple typesof local featuresandsemilocalcon-
straintswerecombinednto thekerneldesignwhichhelpto
furtherimprovetheperformanceWe presentegreliminary
experimentalresultswherethe proposedckernels,coupled
with SVM classi cation,shavedpromisingperformanceén
recognitiontasksandis robustto imagetransformationsind
degradations.

Acknowledgment

| thank Hary Farid for helpful and inspiring comments
aboutthe paper This work was supportecby Hary Farid
underan Alfred P. Sloan Fellowship, an NSF CAREER
Award (11S99-83806),an NSF InfrastructureGrant (EIA-
98-02068) andunderAward No. 2000-DFCX-K001 from
the Of ce for DomesticPreparedness).S. Departmenof
HomelandSecurity (points of view in this documentare
thoseof the authorsand do not necessarilyrepresenthe
of cial positionof theU.S.Departmenbf HomelandSecu-

rity).

Appendix A: Ky is not a Mercer ker-
nel

Proposition 5 FunctionK y de nedin Equation(3) is not
a Mercer kernel, giventhat K ; is a Mercer kernelde ned
onthelocal featuies.

Proof To provethatK )y, is notaMercerkernel,according
to Propositionl, it is sufcient to shav thatthereis asubset
of the input spaceon which the matrix evaluatedwith K y
is not positive semi-de nite.

Tothisend,consider=, = ffy;fog9,F, = ff3;f4g,and
F3 = ffs;fsg. Assumeakernelmatrixonsetff ; i f60
constructedy somekernelfunctionas

0 1
127 127 141 60 159 128

127 287 215 127 236 13
141 215 206 101 223 15
60 127 101 73 134 79
159 236 223 134 281 19%¥
128 135 157 79 191 160

Gf =

Matrix G is positive semi-de nite, evident from its sin-
gularvaluedecompositionFrom G , the kernelmatrix of
Kwm canbeconstructedisingEquation(3) as

0 1
207.00 17450 19150
@17450 15350 18425A :
19150 18425 23600

GM =

For example,the elementof Gy atrow 1 andcolumn3is
computedas

% [max((Gr )1s; (Gt )16) + max((Gt )2s; (Gt )26)

max((Gs )s1; (Gt )s2) + max((Gt )e1; (Gt ezl
(159+ 236+ 236+ 135)=4 = 19150

(Gm )13

+

Matrix Gy, is not positive semi-de nite,asits eigerval-
uesare 1:77, 29:61, and56865. Therefore,usingK y
cannot alwaysform positive semi-de nite matrix andthis
mean< y is notaMercerkernel.

Appendix B: Proof of Equation (8)

Withoutlossof generality let usassumeK g (F*; F;”)
Ke (F™; Fj(Fb)bj) andF,") is the uniquebestmatch

featureto K g (F® in Fp®. The contribution of the best

matchedocal featurein Fy, with F* in the sumof Equa-

tion (6) is:

P.. .
= Ke (RO FM) P= 8 Ke (RO F™) P (b1)

6This constraintis held for mostof the casesput whenmultiple best
matchesxist, a similar resultcanbe obtainedn the sameway.



We requirethatthesimilarity of thebestmatchedoairin the
sumhasa fractionabove agiventhreshold as:

P. .
Ke(F&5FP) P= 28 Ke (FOF®) P (b.2)
Notethat
Ke(F®;F) P+ (Foi 1) Ke(F®5FP) P
o Ke (2R P (b.3)
Therefore,

Ke (F®:Fi") °
Ke(F®:F®) P+ (Foj 1) Ke(F®;F8”) "
Ke (F@5F®) P

gy
Rearrangingermsyields
1 KEg F'(a); Fz(b)
9 GF =lo ' . (b4
P ? (Fui 1) 9 Ke FOFP (b.4)

Appendix C: Proof of Proposition 4

Proof Consider two n-dimensional vectors x =
(Xo;  :Xn 1)T andy = (yo; ;Y¥n 1)7,deneX and
Y to besubsetof R™ asX = f¢(x;0); ;c(x;n 1)g
andY = fc(y;0); ;c(y;n 1)g, wherec : R"
fO; ;n 1g! R"isthecircularshift operatoin R".
Now de ne
X 1x 1
R(X;Y) = [K (e ) cy;iNI” (c.1)
i=0 j=0

With a similar proof as that of Proposition3, we con-
cludethat € (; ) is a Mercerkernel. With the de nition
of Mercerkernels this suggestshatthereexistsa mapping

5 2R" 1 H, whereH is aHilbert spacesuchthat
R(OE;®) = h 2(R); 2(¥)i: (c.2)
Expandingthe evaluationof kernel® as
P, .P
R(X;Y) =" Lot o K (e i)scly:i )P
_ Pn 1 . p n 2" n 1 . . )\1P
= oo KO+ 07 =i KOG elys) D)
n 2P n 1 . Y. p
+ i=0 j=i+l [K (C(XvJ I),y)]
n 2Pn i1
= nKGYP+ L7 L T IK Gy )]+
Lo’ e 1 KOGy
=K Gy)P+ LS IKOaoly;n i )P+
Lol Lyt KO ey )P
= K (Gy)P+ (LK (6 e(y; )P +
(1 LKy )P

N Lt IK 06 ey P = nK (X y):

10

Thereforewe have K g(x;y) = %I@(X ;Y). Noticethatin
proving this equality we useda propertyof thecircularshift
operatorasx = c(x; n) andour assumptioraboutthe base
kernel,i.e.,, K(x;y) = K(c(x;d);c(y;d)) forO d
n 1

We cannow de ne anothermapping ; : R" | 2R"
suchthat 1(x) = fc(x;0); ;c(x;n 1)g. Substituting
thede nitions of mapping 1 and » into the evaluationof
K g yields

1 wy 1 . ;
HIC(X,Y) = ﬁh 2(X); 2(Y)i

Ka(Xy)

T 100)i 20 )

pl—ﬁ 2( 1(X));191—ﬁ 2( 1(y))

If anew mapping : R" !
P 2( 1(x)), wethenhave

H isdenedas (x) =

Ka(x;y) h (x); (i,

which shaws that Kg( ; ) is a Mercer kernel and hence
provesthe rst partof Propositiord.
The secondpart of Proposition4 can be proved by
rst noticingthat ;(x) = fc(x;0); ;c(x;n 1)g =
1(c(x;d)) forany0O d n 1 Therefore,

(c.3)

%I@( 1(X); 1(Y))

TIR( 4(el ) 4 (cly; o))
Ka(c(x; d1);c(y; d2)):

forary given0 d;;d, n L

Ka(Xy)
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