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Abstract

Earlier work suggeststhat mixture-distancecan im-
prove the performanceof feature-basedacerecogni-
tion systemsin which only a single training example
is available for eachindividual. In this work we in-
vestigatehenon-feature-basdgigenfacesechniqueof
Turk and Pentland replacingEuclideandistancewith
mixture-distanceln mixture-distancea novel distance
function is constructedbasedon local second-order
statisticsas estimatedby modeling the training data
with amixture of normaldensitiesTheapproachs de-
scribedand experimentalresultson a databasef 600
people are presented,shawving that mixture-distance
canreducethe error rate by up to 73.9%. In the ex-
perimentalsettingconsideredthe resultsindicatethat
the simplestform of mixture distanceyields consider
ableimprovement. Additional, but lessdramatic,im-
provementwaspossiblewith morecomplex forms. The
resultsshowv thatevenin the absencef multiple train-
ing examplesfor eachclass,it is sometimesossible
to infer animproveddistancdunctionfrom a statistical
modelof the training data. Therefore researcherss-
ing Eigenfacesor similar patterrrecognitiortechniques
mayfind significantadvantage®y consideringlterna-
tive distancemetricssuchasmixture-distance.

1 Introduction

Earlier work suggeststhat mixture-distance[9]
canimprove the performancef feature-basethce
recognitionsystemsin which only a singletrain-
ing exampleis available for eachindividual [1].

In this work we investigatethe non-feature-baséd
Eigenficegechniqueof Turk andPentland8], re-
placing Euclideandistancewith mixture-distance.
In mixture-distancea novel distancefunction is
constructeasedon local second-ordestatistics
asestimatedoy modelingthe training datawith a
mixture of normaldensities.

In the limit of perfect normalizationof the im-
agespr infinite trainingdata,no advantagesvould
be gainedin usingalternatve metricsto the stan-
dardEuclideandistancewhich is usedin the stan-
dard Eigenfacesalgorithm. However, real world
datasetsrealwaysfinite andnormalizatiorof face
imagesis not perfect. In statisticalterms, Eu-
clideandistancemay be viewed ascorresponding
to theassumptiorthateachpatternvectoris aclass
generatomwith unit covarianceand meancoincid-
ing with the pattern.Mixture-distanceattemptgo
improve uponthis assumptiorby consideringthe
statisticsof the training data. The training datais
modeledasa mixtureof normaldensitieswhichis
thenusedin a particularway to measuralistance.
We notethatmixture modelshave alsobeenused,
in adifferentmanneyfor maximumlikelihoodde-
tectionof faceshy MoghaddarmandPentland3].

The remainderof this paperis organizedas fol-
lows: section2 summarizeghe standardEigen-
facesalgorithm, section3 provides detailsof the
datasethat we have used,section4 summarizes
the mixture-distancealgorithm,section5 presents
and discusseshe experimentalmethodologyand
resultsandconclusionsregivenin section6.

Where“features’refersto the featuresusedin feature-
basedacerecognitionmethodssuchastheinteriris distance.
Eigenficescouldalsobe consideredsfeatures.



2 Eigenfaces

We usedthe Eigenficescodefrom [7] which im-
plementsEigenficesasdescribedn [8, 5, 4]. The
proceduras asfollows. Let the setof trainingim-
agedeTq, Ty, T3, ..., Ty whereM isthenum-
ber of trainingimages.Eachimageis represented
by avectorof length NV, whereN is thenumberof
pixelsin theimage.Theaveragefaceis definedas
A= LM T, Thefacediffer fromtheaver
ageby X; = T;— A. Eigenbcesseekdo usePCA
to find asetof M orthonormalectors,u,,, which
bestdescribethe distribution of the data. The co-
variancematrixis:
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whereY = [X;Xj5...Xy]. The matrix C is
N x N anddeterminingthe N eigewectorsand
eigewvaluesis impracticalfor typicalimagesizes.
However, if M < N, thentherewill only be M
meaningfuleigevectors. Theseeigervectorscan
be found by first finding the eigervectorsof an
M x M matrix,andtakinglinearcombination®f
thefaceimagesAn M x M matrixL = Y'Y is
constructeavhereL,,, = X1 X,,. The M eigen-
vectorsv, arefoundfor L. Theeigenficesarethen
computedwith:
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Theseeigenficesarerankedaccordingo theasso-
ciatedeigevaluesand normalizedby their norm.
Facesareprojectedinto “facespace”usingw;, =
ul (T — A). The weightsform a vector Q7 =
[w1,wa, . ..,wyr] whichdescribeshecontritution
of eacheigenfce in representinghe input im-
age.Thesevectorsmaythenbeusedin astandard
patternrecognitionalgorithm suchas the nearest
neighboralgorithmusingEuclideardistance.

3 Data

We have useda databasef faceimagesobtained
from the MIT MediaLab. The databaseontains
thousand®f imageswhich have beennormalized
for eye location and distance. We have further
normalizedtheseimagesusing histogramequal-
ization. Theseimagesdiffer from thoseusedby

Pentlandet al. [2] in that Pentlandet al. useex-

tensie additionalnormalizationfor the geometry
of theface translationJighting, contrastyotation,
andscale.We considera moredifficult taskwhere
suchextensve normalizatioris notperformede.g.
dueto computationalequirementsSamplefaces
from the databasareshavn in figure 1.

4 Mixture-Distance

If mary imagesof eachpersorwereavailable then
eachpersoncould be considereda patternclass,
andthe methodsof statisticalpatternrecognition
couldbe usedto build a modelfor eachperson.A
commonapproachmodelseachclassasa normal
density sofor eachpersorthereis acorresponding
meanfeaturevector and covariancematrix. The
probability of an unknavn patternconditionedon
eachmodelis theneasilycomputed Usinga prior
distribution ontheindividualsin the databaséflat
for example)theclassificatiortaskis completedn
the standardBayesiarfashionby computingthe a
posterioriprobability of eachperson,conditioned
on obsenration of the query If the computationis
performedusinglog probabilitiesjt is slightly less
expensve computationallyandthe distancemetric
is thewell knovn Mahalanobislistance However,
in practiceit is notuncommorto have only a sin-
gletrainingexamplefor eachpersonasis thecase
here.

Mixture-distanceemplg/s a mixture model G,
which is a collection of probability models,
G1,Gs,...,G, andnon-ngative mixing param-



Figurel. Samplefacesdrom theMIT database.

etersey, ¢, - - -, ¢, SUMMINGO unity, suchthat:
G(z) =) cxGi(z) 3
k=1

Theelementss; of G areGaussiarsothatG is a
Gaussiaror normalmixture. Thetaskof estimat-
ing the parametersf a normalmixture modelhas
beenextensvely studied. We have usedthe well
known expectation-maximizatio algorithm (EM)
[6]. We initialize the meany; andthe covariance
¥; for eachGaussianG; usingthe K-meansal-
gorithm. The determinant®f the covariancema-
tricesandthe inversecovariancematriceshave to
be computedat eachiteration of the EM algo-
rithm to evaluatethe new value of the log likeli-
hood. However, the covariancematricesare often
ill-conditioned. This problemhasbeenaddressed
by multiplying theoff-diagonalelement®f theco-
variancematricesby anumber0 < f < 1, tore-
ducetheirinfluence.Thisfactorcanbe seeno se-
lect betweerfirst-order(f = 0) andsecond-order
(f = 1) models.

Two methodshave beenusedto classifynew fea-
turevectors,asin [1]. In “hard” vectorquantiza-
tion (hardVQ), eachtrainingexampleis assigned
to oneGaussiany; is assignedo the GaussiarG,
wherel = argmax; P(G;|Y;). Whenattempting
to classifyaquery@, theMahalanobiglistancee-
tween(@ andeachtrainingexampleY; is computed
asfollows:

distancéQ, ;) = (Q - V)75, 1 (Q - V) (4)

where}]; is the covariancematrix of the Gaussian
to which Y; hasbeenassigned.Q is classifiedas
thepointY), wherek = argmin; distancéQ, Y;).

In “soft” vector quantization(soft VQ), instead
of assigningeachtraining exampleto one Gaus-
sian, we considerthat a point canbelongto sev-

eral Gaussiansat the sametime and can there-
fore be describedy the propertiesof theseGaus-
sians.A queryQ is classifiedusingpointY; where
[ = argmax; P(Y;|Q), where
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P(G,|Y;) is the posterior probability and
P(Q|G,,Y;) is computed according to the

methoddescribedn [9]:
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See|[1] for intuition behind the formulation of
mixture-distance.

5 Reaults

In our experimentswe used600 training images
and131testimages.Becausao classlabelswere
available thetestimagesverechosemanuallyby



Figure2. Theaveragefaceandthefirst five eigenficedor a samples00classtrainingset.

scanningthe databaséor duplicateimagesof the
sameperson. This procedures expectedto lead
to a biasedtestsetdueto the fact that the judg-
mentof one humanwasusedto determinewhich
imageswereof the samepersonandthatmistales
are possible,e.g. additionalimagesof the same
personmay be presentin the training setyet la-
belledasdifferentclassesFor eachsetof two im-
agesthatwereidentifiedto be of the sameperson,
onewasusedn thetrainingsetandtheotherin the
testset. The training setwas further augmented
with 469 imageswhich were randomly selected
from the databaseThis randomselectionwasre-
peatedfive timesto createfive differenttraining
sets.All experimentselov weredoneover these
fivetrainingsets.Theeigenticesvererecalculated
for eachtraining set. Figure2 shavs the average
faceandthefirst five eigenficesfor a sample600
classtraining set. We notethatin comparisorto
the eigenficeimagespresentedy [3], the eigen-
facesshavn appearto reflect more variability in
thefaceimageswith respecto facesizeandloca-
tion, asmight be expecteddueto the lessprecise
normalization.

We usedmixture modelswith from 1 to 5 Gaus-
siansand a flat mixture of mixtures modelwhich
consisteaf acombinatiorof the5 individual mix-

ture models. We testedboth the hard VQ and
soft VQ versionsof mixture-distanceAs wasalso
foundin [1], we found that theseprovided simi-

lar performanceWe thereforeshav only the hard
VQ resultsin this paperandnotethatthehardVQ

algorithmis lesscomputationallyexpensve.

Figure3 shawvstheresultsusing10 eigenacesand
figure 4 shaws the resultsusing 30 eigenfces. It
can be seenthat performances typically better

with higher f, wheref is the off-diagonalscaling
factorusedo selectetweerfirstandsecond-order
models.Apartfrom f = 0, theuseof mixturedis-
tancesignificantlyimprovesperformancever the
standardeigenficesalgorithm.However, it canbe
seerthatusingonly oneGaussiarprovidessignif-
icantimprovement. Using greaterthanone Gaus-
siancanbe seento be beneficialin mostcasesijn
particularfor the 10 eigenficescase.The mixture
of mixturesmodelgperformcomparablyo thebest
of the individual models,providing a solutionto
themodelselectiorproblem.

For the 10 eigenfcescase,t-testsindicate that
the (MD-1 (mixture-distancel Gaussian)MD-2,

MD-Mixture (mixture-distancemixture of mod-
elswith 1 to 5 Gaussians)jnodelshave different
meansin comparisonto the standardEigentices
caseat p valueg of (0.019,0.0013,and 0.0007)
for f = 0.5 andp valuesof (0.0044,0.00011,
0.00065)0r f = 0.99. t-testscomparinghe MD-

1 andMD-2 casegroducep valuesof 0.024and
0.025for f = 0.5 andf = 0.99 respectiely. ¢-

testscomparingthe MD-1 andMD-Mixture cases
producep valuesof 0.32and0.0042for f = 0.5

andf = 0.99 respectiely. Thepercentageeduc-
tion in errorfor the f = 0.99 casewith respect
to the standardeigenficesalgorithmwas 31.3%,
44.4%,and42% respectiely for the MD-1, MD-

2, andMD-Mixture models.

For the 30 eigenficescase-testsindicatethatthe
(MD-1, MD-2, MD-Mixture) modelshave differ-
ent meansin comparisonto the standardigen-
facescaseat p valuesof (7.2 x 1076, 5.7 x 1072,

2p is the probability of the two samplescomingfrom the
samedistribution. Low valuesof p indicatea high probability
thatthe differencesresignificant.
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Figure 3. Resultsfor 10 eigenficesshavn usingbox-whiskersplots. Left to right: standardeigenfaces,mixture-
distancewith 1to 5 Gaussiansandmixture-distancevith a mixture of themodelsusingl to 5 GaussianskResultsare
shavnfor f =0,0.5,and0.99wheref is thescalingfactorwhichselectdbetweerfirst-order(f = 0) andsecond-order
(f = 1) models.
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Figure4. Resultsfor 30 eigenficesshavn usingbox-whislersplots. Left to right: standardeigenfaces,mixture-
distancewith 1 to 5 Gaussiansandmixture-distancevith a mixture of themodelsusingl to 5 Gaussianskesultsare
shavnfor f =0,0.5,and0.99wheref is thescalingfactorwhichselectdbetweerfirst-order(f = 0) andsecond-order
(f = 1) models.



and 4.3 x 107%) for f = 0.5 andp valuesof
(1.9 x 107%, 1.9 x 1075, and 2.6 x 107%) for
f = 0.99. t-testscomparinghe MD-1 andMD-2
casegroducep valuesof 0.07and1.0for f = 0.5
and f = 0.99 respectiely. t-testscomparingthe
MD-1 andMD-Mixture casegproducep valuesof
2.8 x 108 and0.099for f = 0.5 andf = 0.99
respectiely. The percentageeductionin error
for the f = 0.99 casewith respectto the stan-
dardEigenfaicesalgorithmwas66.5%,66.5%,and
73.9%respectiely for theMD-1, MD-2, andMD-
Mixture models.

6 Conclusions

Earlier work hassuggestedhat mixture-distance
canimprove the performancef feature-basethce
recognitionsystemsn which only a singletrain-
ing exampleis available for eachindividual. In
thiswork we investigatedeplacingEuclideandis-
tance with mixture-distancein Eigenfices. We
foundthat mixture-distanceesultedin significant
reductionin the error rate, up to 73.9%. In the
experimentakettingconsideredthe simplestform
of mixture-distancgieldedconsiderablémprove-
ment. Additional, but lessdramatic,mprovement
waspossiblewith morecomple forms. Flat mix-
ture of mixtures modelswere found to perform
comparablyto the bestof the individual models,
providing a solutionto the modelselectionprob-
lem. The resultsshav that even in the absence
of multiple training examplesfor eachclass, it
is sometimespossibleto infer an improved dis-
tancefunctionfrom astatisticaimodelof thetrain-
ing data. Therefore researcherasingEigenfices
or similar patternrecognitiontechniquesnayfind
significantadwantagesby consideringalternatve
distancemetricssuchasmixture-distance.
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