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ABSTRACT

The useof higherorderlocal autocorrelationss features
for patternrecognitionhasbeenacknavledgedsincemary

years but their applicability wasrestrictedto relatively low

orders(2 or 3) andsmalllocal neighborhoodsjueto com-

binatorialincreasen computationatosts.

In this papera new methodfor usingthesefeaturess pre-
sentedwhich allows the useof autocorrelationsf any or-

derandof largerneighborhoodsThe methodis closelyre-

latedto theclassifieusedaSupportVectorMaching(SVM),
and exploits the specialform of the inner productsof au-

tocorrelationsand the propertiesof somekernelfunctions
usedby SVMs. Using SVM, linear and non-linearclassi-
fication functions can be learned,extending the previous
works on higherorderautocorrelationsvhich were based
on linearclassifiers.

1. INTRODUCTION

In most patternrecognitionproblems,eachpatterncanbe
describedasa scalarfunctionof time or spatialcoordinates.
In mary casesatranslationor a scalechangehasno effect
on classmembership. Regarding eachpatternas a point
in a vector space,we wish to map all points correspond-
ing to translatedor scaledyversionsof onepatternin asin-
gle point. In addition, patternswhich differ in otherways
shouldmapinto distinctpoints,andin somesensepatterns
which are similar shouldmapinto pointsthatare closeto-
gether

Thehigherordermeasurepossestheuniquenesprop-
erty for evenorderg[1] andthey areshift-invariant.Higher
orderautocorrelationkave beenpreviously usedasfeatures
describingpatterng2], [3], [4], [5], but their applicability
hasbeenlimited to secondor third ordersanda smalllocal
neighborhooddueto high computationatosts.As notedin

Thework wascarriedout aspartof the EuropearlUnion IST Project
1999-11159BANCA

[5], for asecond-ordeautocorrelatiofunctionandexploit-
ing its symmetry onegets29 featuredor a3 x 3 neighbor
hoodand205featuredor a5 x 5 neighborhoodAlso, in all
reportedexperimentslinearclassifierdvave beenemployed.

In this paperwe proposea new methodfor combining
higherorderautocorrelatiorfunctionsand non-linearclas-
sifierswhichis nolongerlimited to thesecondbr third order
and which can be applied on larger neighborhoods.This
methodrelies on exploiting some propertiesof the inner
productsof autocorrelatiorfunctionswhich, in turn, allow
usto avoid explicitly computingthe autocorrelationsThe
paperis organizedasfollows: in section2 we describethe
autocorrelatiorfunctionsandtheir inner product,section3
describesriefly the classifierandfinally, someexperimen-
tal resultandconclusionsarepresentedn lastsections.

2. FEATURE EXTRACTION BY LOCAL
HIGH-ORDER STATISTICS

High-orderstatisticfHOS)measureareextensionof second-
ordermeasuregsuchastheautocorrelatiofiunction)to higher
orders.Givenareal-valuedfunctionz(t), its n-th orderau-
tocorrelationfunctionwith displacementss definedby

ra(cn)(Tl,Tz,...,Tn) = /a:(t)m(t+71)...$(t+rn)dt
(1)

wherer, ..., r, aredisplacementsvithin a given neigh-
borhood.Thisfunction,r&"), is shift-invariant,in thesense
thatz(t) andy(t) = z(t+ 1) havethesamen-th orderauto-
correlationfunction. A detailedanalysisof thepropertiesof
theautocorrelatiofiunctionis presentedh [1]. Here,weare
interestedn theinner productof two n-th orderautocorre-
lations.Let r{™ andr{™ bethen-th orderautocorrelations
of patternse(t) andy(t). Following [1], theirinnerproduct
is givenby



(ri), 1) =

=/.../r;")(ﬁ,...,'rn)-ré")(ﬁ,...,Tn)dTl...dTn

:/.../{/;U(t):c(t+7'1)...m(t+rn)du}

-{/y(u)y(u+71)...y(u—i—m)du}dﬁ...dTn

- //;U(t)y(u) {/m(t+7)y(u+7)dr}ndudt
= //x(t)y(s+t) {/x(v)y(v+s)dv}ndsdt
:/{/w(v)y(v+s)dv}n+1 ds

)

Combiningautocorrelatiorof differentordersin order
to obtaina more descriptve featurevectorcanbe doneas
follows. Let I = {iy,...,i,,} beasetof indicesandlet
R&I ) bethevectorobtainedoy concatenatingheautocorre-
Iationsr;(ck) ,wherek =i, ...,iy, thenit is obviousthat

(RO.EDY = 3 (5,400 3)

k=i1,...,im

meaninghatcomputingtheinnerproductof two compound
featurevectorscanbe doneby simply summingthe inner
productsof thecomponents.

3. SUPPORT VECTOR MACHINES FOR PATTERN
CLASSIFICATION

Below we will briefly presenthe SupportVectorMachines
(SVMs) andwe will point out their advatagesin the case
of high-orderautocorrelationsFor a more comprehensie
description,the readeris referredto [6], [7]. The taskof

learningfrom examples for atwo-classpatternrecognition
problem,canbe formulatedasfollows: givena setof func-

tions

{fa}aeA , fa :R* — {_1:+1}
anda setof examples
{(Xiiyi)}ézl C R™ x {_17 +1}7

eachone generatedaccordingto an unknown probability
distribution function P(x,y), we want to find a function
fa+ Whichminimizestherisk of misclassificatiorf thenew

patternsrandomlydrawn from P, given by the risk func-
tional:

R(@) = 5 [ 1£260 = 4] dPGx,p)

For ary € [0, 1], the following inequality holdswith
probability 1 — #:

!
R(a) < Remp(a) + \/h (log % +11) R S

providing anupperboundontherisk functional,whereR,,, («)

is theempiricalrisk andh is the Vapnik-Cheronenkig(VC)

dimension.Thesecondermontheright handsideof (4) is

calledthe VC confidence.The goalis to minimize the risk
functional by minimizing its upperbound. Therearetwo

strat@jies: keepthe VC confidencdixed andminimize the
empiricalrisk, or fix theempiricalrisk to a smallvalueand
minimizetheVC confidenceThe SVMs aretakingthesec-
ond approachandwe will briefly describethe methodbe-
low.

In the linear separableasewe are looking for an optimal

hyperplane (w,x) + b = 0 which minimizesthe VC con-
fidencewnhile providing the bestgeneralizatiorcapabilities.
Thedecisionfunctioncanbewritten as

f(x) = sgn ((W, %) +b) ®)

whereby (-, -) we denotethe inner productof two vectors.
Geometrically the problemto be solved residesn finding

the hyperplanehat maximizesthe sum of distancedo the

closestpositive and negative training examples. This dis-

tanceis called margin and the optimal hyperplaneis ob-

tainedby minimizing ||w||? subjectto a setof constraints.
By relaxingthe constraintsthenon-separableasecanalso

be handledandthe optimizationproblemcan be statedas
minimize

l
B(w,€) = slIwl” + O Y& (6)

i=1

subjectto thefollowing constraints

&E>0, i=1,...,1

. )
yi((w,x;) +b) >1-¢&, i=1,...,1
whereC'is auserdeﬁnedconstant‘;deé:1 &; istheupper
boundon the numberof misclassification®n the training

set. Introducingthe Lagrangemultipliersa; > 0 andusing
Kuhn-Tuckertheoremthe solutioncanbe expresseds



l
w= Zyiaixiy (8)
i=1

with a; > 0 correspondindo thoseexamples(x;, y;) that
strictly obey (7). Thesex; arecalledsupport vectors. The
coeficients; arethe solutionsof the following quadratic
programmingproblem:maximize

I 1
1
W(a) =) ai- 3 > aiajyiyi(xix;) (9)
i=1

ij=1

subjectto

l
0<a; <C, i=1,...,L,andd a;y; =0  (10)

i=1

Then,thedecisionfunctionbecomes
f0) = sgn (P wiastxxi) +5) (A1)

wherethe sumis takenover all supportvectors.Onething
must be noted here: the only way dataappeardn above
equationg(9)-(11))is in theform of innerproducts.

Theproblemof non-lineardecisionboundariess solved
by mappingthetraining setinto a high-dimensiona{possi-
ble infinite-dimensional)feature spacewherethe training
will be carriedout asin the linear case. This mappingis
doneby meanf kernel functions - functionsthatdefinean
inner productin the featurespace. Let K (x;,x;) besuch
a kernelfunction. All the above considerationganbe ex-
tendedto the caseof kernelfunctionsandin the equations
(9)-(11) theinner productsof the form (x;,x;) will bere-
placedby K (x;,x;).

This meansthatif therewould exist a kernelfunction
that could be expressedhsa function of inner productsof
data,we coulduse(2) and(3) for computingthe kernelval-
uesin the caseof autocorrelatiorfeaturesavoiding the ex-
tremelyexpansve taskof explicitly computingthe autocor
relations.

Thiskind of kernelexistsandtwo commonexamplesof
non-linearonesarethe polynomialandthe sigmoidalker-
nelswhich couldbewritten as:

Kp(xi,x5) = ({(xi,%;) + 1)° (12)

and
Ks(x;,x;) = tanh (k(x;,x;) — 0) (13)

Consideringx; as compoundautocorrelation-featurgec-
tors,we obtainthe correspondindcernelswhich allow non-
linearclassifiergo betrained.

4. EXPERIMENTS

In this sectionsomeexperimentsandpreliminaryresultsare
presented.The goal of the experimentswasto prove the
possibility of using higher orderautocorrelatiorfunctions
for patternclassification.

Thepatternsusedfor training/testingheclassifiersvere
humanfacesandthe kernelusedwasa seconddegreepoly-
nomialkernel(12). ThetrainingdatasetwastheXM2VTSDB
databas€[8]) from which 206 imageswereusedfor train-
ing and30for testing. Thenegative exampleg263for train-
ing and 40 for testing)wererandomlygeneratedrom im-
agescontainingno humanfaces.As we wereinterestedn
studyingtheinfluenceof usingthe higherordersof autocor
relations,we did not tunethe training parametergpolyno-
mial degree the constantC') andthetraininghasbeendone
in asinglestep.

Using thesesevere constraintsthe systemwastrained
to classify humanfaces. The following table summarizes
the preliminaryresults:

Autocorrelation Neighborhoodsize
orders 3x3|56x5 | 7Tx7|9x%x9
1 30 | 32.86| 31.43| 38.57
1,2 27.15| 32.86 | 37.14| 31.43
1,23 15.71| 28.57 | 41.43| 32.86
1,234 11.43| 25.71| 27.14| 30
1,2,3,45 10 20 | 22.86| 25.43
1,2,3,4,5,6 8.57 | 14.29| 18,57 | 15.71

Table 1. Misclassificatiorrates(%)

It mustbe notedthat the imageshave not beenprepro-
cessed anincreasen detectiorratesis expectedn thecase
of applyingsomespecificpreprocessinghistogramequal-
ization,remaoving thebackgroundy applyingamask).Also,
thetraininghasto be extendedby usingbootstrappingech-
niquesfor generatingnoresignificantnegative examples.

In the final paper more detailedexampleswill be pre-
sented.

5. CONCLUSIONSAND FUTURE WORK

In this paperwe have presenteca new methodfor using
higherorderautocorrelationfor patternclassificatiorwhich
is ableto dealwith any autocorrelatiororderandwith sig-
nificantly largerneighborhoodsAlso, bothlinearandnon-
linear classifierscan be trainedby meansof differentker



nels,aslongasthekernelfunctioncanbeexpressedn terms
of innerproductsof theinput data.

Duetothefactthatautocorrelationareshift-invariant,a
preprocessingtepconsistingn alog-polartransform([3],[4])
would make the classifierto be rotation-invariant. More-
over, by combiningthis preprocessingith amulti-scaleap-
proach,we expectto obtaina robust patternclassifierwith
a high degreeof rotation/scalingnvariance.
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