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ABSTRACT

The useof higher-order local autocorrelationsas features
for patternrecognitionhasbeenacknowledgedsincemany
years,but their applicabilitywasrestrictedto relatively low
orders(2 or 3) andsmall local neighborhoods,dueto com-
binatorialincreasein computationalcosts.
In this papera new methodfor usingthesefeaturesis pre-
sented,which allows the useof autocorrelationsof any or-
derandof largerneighborhoods.Themethodis closelyre-
latedto theclassifierused,aSupportVectorMachine(SVM),
andexploits the specialform of the inner productsof au-
tocorrelationsand the propertiesof somekernel functions
usedby SVMs. Using SVM, linear andnon-linearclassi-
fication functions can be learned,extending the previous
works on higher-orderautocorrelationswhich were based
on linearclassifiers.

1. INTRODUCTION

In mostpatternrecognitionproblems,eachpatterncanbe
describedasascalarfunctionof timeor spatialcoordinates.
In many cases,a translationor a scalechangehasno effect
on classmembership. Regardingeachpatternas a point
in a vector space,we wish to map all points correspond-
ing to translated(or scaled)versionsof onepatternin asin-
gle point. In addition,patternswhich differ in otherways
shouldmapinto distinctpoints,andin somesense,patterns
which aresimilar shouldmapinto pointsthatarecloseto-
gether.

Thehigher-ordermeasurespossesstheuniquenessprop-
erty for evenorders[1] andthey areshift-invariant.Higher-
orderautocorrelationshavebeenpreviouslyusedasfeatures
describingpatterns[2], [3], [4], [5], but their applicability
hasbeenlimited to secondor third ordersanda small local
neighborhood,dueto highcomputationalcosts.As notedin
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[5], for asecond-orderautocorrelationfunctionandexploit-
ing its symmetry, onegets29 featuresfor a ����� neighbor-
hoodand205featuresfor a ����� neighborhood.Also, in all
reportedexperiments,linearclassifiershavebeenemployed.

In this paperwe proposea new methodfor combining
higher-orderautocorrelationfunctionsandnon-linearclas-
sifierswhichis nolongerlimited to thesecondor third order
and which can be appliedon larger neighborhoods.This
methodrelies on exploiting somepropertiesof the inner
productsof autocorrelationfunctionswhich, in turn, allow
us to avoid explicitly computingthe autocorrelations.The
paperis organizedasfollows: in section2 we describethe
autocorrelationfunctionsandtheir innerproduct,section3
describesbriefly theclassifierandfinally, someexperimen-
tal resultandconclusionsarepresentedin lastsections.

2. FEATURE EXTRACTION BY LOCAL
HIGH-ORDER STATISTICS

High-orderstatistics(HOS)measuresareextensionsof second-
ordermeasures(suchastheautocorrelationfunction)to higher
orders.Givena real-valuedfunction 	�

��� , its n-th orderau-
tocorrelationfunctionwith displacementsis definedby�������� 
������������� ! ! !��� � �#"%$&	'
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where �����! ! � 1��� � are displacementswithin a given neigh-
borhood.This function, � ������ , is shift-invariant,in thesense
that 	�
���� and 2+
����#"3	�

�4)5�6� havethesamen-thorderauto-
correlationfunction.A detailedanalysisof thepropertiesof
theautocorrelationfunctionis presentedin [1]. Here,weare
interestedin the innerproductof two n-th orderautocorre-
lations.Let � ������ and � �����7 bethe 8 -th orderautocorrelations
of patterns	�
���� and 2+
���� . Following [1], their innerproduct
is givenby
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Combiningautocorrelationof differentordersin order
to obtaina moredescriptive featurevectorcanbe doneas
follows. Let Z["]\!^ � �� ! � !��^`_ba be a setof indicesandletc ��d>�� bethevectorobtainedby concatenatingtheautocorre-
lations � �?ef�� , where gh"i^ � �� ! ! ���^`_ , thenit is obviousthatj c ��d>�� � c ��d>�7lk " mefn-oqp1rtststs r o?u j � �?ef�� � � �?ef�7vk (3)

meaningthatcomputingtheinnerproductof two compound
featurevectorscanbe doneby simply summingthe inner
productsof thecomponents.

3. SUPPORT VECTOR MACHINES FOR PATTERN
CLASSIFICATION

Below we will briefly presenttheSupportVectorMachines
(SVMs) andwe will point out their advatagesin the case
of high-orderautocorrelations.For a morecomprehensive
description,the readeris referredto [6], [7]. The taskof
learningfrom examples,for a two-classpatternrecognition
problem,canbeformulatedasfollows: givena setof func-
tions \@w�xKa xCy�z ��w�x|{�} ��~ \0�W���f)L��a
andasetof examples\�
�� o ��2 o �fa!�o�n �X� } � ��\��W���f)L��a0�
eachone generatedaccordingto an unknown probability
distribution function �h
��F��2C� , we want to find a functionw�x(� whichminimizestheriskof misclassificationof thenew

patternsrandomlydrawn from � , given by the risk func-
tional: c 
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For any �[��� �6�!�!� , the following inequalityholdswith
probability ����� :c 
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providinganupperboundontherisk functional,where
cR� _#� 
¤�'�

is theempiricalrisk and � is theVapnik-Chervonenkis(VC)
dimension.Thesecondtermon theright handsideof (4) is
calledtheVC confidence.Thegoal is to minimizetherisk
functionalby minimizing its upperbound. Thereare two
strategies: keeptheVC confidencefixedandminimize the
empiricalrisk, or fix theempiricalrisk to a smallvalueand
minimizetheVC confidence.TheSVMsaretakingthesec-
ond approachandwe will briefly describethe methodbe-
low.
In the linear separablecasewe arelooking for an optimal
hyperplane

9�¥ �,� : )§¦L"G� which minimizesthe VC con-
fidencewhile providing thebestgeneralizationcapabilities.
ThedecisionfunctioncanbewrittenaswB
��O�J"§¨ ��© 
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whereby
9 A?�!A : we denotethe innerproductof two vectors.

Geometrically, the problemto be solved residesin finding
the hyperplanethat maximizesthe sumof distancesto the
closestpositive andnegative training examples. This dis-
tanceis called margin and the optimal hyperplaneis ob-
tainedby minimizing ª ¥ ª � subjectto a setof constraints.
By relaxingtheconstraints,thenon-separablecasecanalso
be handledandthe optimizationproblemcanbe statedas
minimize « 
 ¥ �,¬���" �� ª ¥ ª � )[­ �m o?n � ¬ o (6)

subjectto thefollowing constraints¬ oF® �C�¯^B"°���! � ! 1� £2 o 
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where­ is auser-definedconstantand ² � o?n � ¬ o is theupper
boundon the numberof misclassificationson the training
set. IntroducingtheLagrangemultipliers � o ® � andusing
Kuhn-Tucker theorem,thesolutioncanbeexpressedas
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with � oR³ � correspondingto thoseexamples 
�� o ��2 o � that
strictly obey (7). These� o arecalledsupport vectors. The
coefficients � o arethe solutionsof the following quadratic
programmingproblem:maximize´ 
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Then,thedecisionfunctionbecomeswB
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wherethesumis takenover all supportvectors.Onething
must be notedhere: the only way dataappearsin above
equations((9)-(11))is in theform of innerproducts.

Theproblemof non-lineardecisionboundariesis solved
by mappingthetrainingsetinto a high-dimensional(possi-
ble infinite-dimensional)featurespacewhere the training
will be carriedout as in the linear case. This mappingis
doneby meansof kernel functions - functionsthatdefinean
inner productin the featurespace.Let º[

� o �,� µ � be such
a kernelfunction. All the above considerationscanbe ex-
tendedto thecaseof kernelfunctionsandin the equations
(9)-(11) the innerproductsof the form

9 � o �,� µ : will be re-
placedby º[

� o �,� µ � .

This meansthat if therewould exist a kernel function
that could be expressedasa function of inner productsof
data,wecoulduse(2) and(3) for computingthekernelval-
uesin thecaseof autocorrelationfeatures,avoiding theex-
tremelyexpansivetaskof explicitly computingtheautocor-
relations.

Thiskind of kernelexistsandtwo commonexamplesof
non-linearonesarethe polynomialandthe sigmoidalker-
nelswhichcouldbewrittenas:º5»�
�� o ��� µ �#"±
 9 � o ��� µ : )3��� � (12)
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Considering� o as compoundautocorrelation-featurevec-
tors,we obtainthecorrespondingkernelswhich allow non-
linearclassifiersto betrained.

4. EXPERIMENTS

In thissectionsomeexperimentsandpreliminaryresultsare
presented.The goal of the experimentswas to prove the
possibility of usinghigherorderautocorrelationfunctions
for patternclassification.

Thepatternsusedfor training/testingtheclassifierswere
humanfacesandthekernelusedwasa seconddegreepoly-
nomialkernel(12). ThetrainingdatasetwastheXM2VTSDB
database([8]) from which 206 imageswereusedfor train-
ing and30for testing.Thenegativeexamples(263for train-
ing and40 for testing)wererandomlygeneratedfrom im-
agescontainingno humanfaces.As we wereinterestedin
studyingtheinfluenceof usingthehigherordersof autocor-
relations,we did not tunethe trainingparameters(polyno-
mial degree,theconstant­ ) andthetraininghasbeendone
in asinglestep.

Using thesesevereconstraints,the systemwastrained
to classifyhumanfaces. The following tablesummarizes
thepreliminaryresults:

Autocorrelation
orders

Neighborhoodsize�P�Ä� ���Ä� ÅL�ÆÅ ÇP�ÄÇ
1 30 32.86 31.43 38.57
1,2 27.15 32.86 37.14 31.43
1,2,3 15.71 28.57 41.43 32.86
1,2,3,4 11.43 25.71 27.14 30
1,2,3,4,5 10 20 22.86 25.43
1,2,3,4,5,6 8.57 14.29 18.57 15.71

Table 1. Misclassificationrates(%)

It mustbe notedthat the imageshave not beenprepro-
cessed- anincreasein detectionratesis expectedin thecase
of applyingsomespecificpreprocessing(histogramequal-
ization,removingthebackgroundbyapplyingamask).Also,
thetraininghasto beextendedby usingbootstrappingtech-
niquesfor generatingmoresignificantnegativeexamples.

In the final paper, moredetailedexampleswill be pre-
sented.

5. CONCLUSIONS AND FUTURE WORK

In this paperwe have presenteda new methodfor using
higherorderautocorrelationsfor patternclassificationwhich
is ableto dealwith any autocorrelationorderandwith sig-
nificantly largerneighborhoods.Also, bothlinearandnon-
linear classifierscanbe trainedby meansof differentker-



nels,aslongasthekernelfunctioncanbeexpressedin terms
of innerproductsof theinput data.

Dueto thefactthatautocorrelationsareshift-invariant,a
preprocessingstepconsistingin alog-polartransform([3],[4])
would make the classifierto be rotation-invariant. More-
over, bycombiningthispreprocessingwith amulti-scaleap-
proach,we expectto obtaina robustpatternclassifierwith
a highdegreeof rotation/scalinginvariance.
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