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Abstract

Earlier work suggeststhat mixture-distancecan im-
prove the performanceof feature-basedfacerecogni-
tion systemsin which only a single training example
is available for eachindividual. In this work we in-
vestigatethenon-feature-basedEigenfacestechniqueof
Turk andPentland,replacingEuclideandistancewith
mixture-distance.In mixture-distance,a novel distance
function is constructedbasedon local second-order
statisticsas estimatedby modeling the training data
with amixtureof normaldensities.Theapproachis de-
scribedandexperimentalresultson a databaseof 600
people are presented,showing that mixture-distance
can reducethe error rateby up to 73.9%. In the ex-
perimentalsettingconsidered,the resultsindicatethat
the simplestform of mixturedistanceyields consider-
able improvement. Additional, but lessdramatic,im-
provementwaspossiblewith morecomplex forms.The
resultsshow thatevenin theabsenceof multiple train-
ing examplesfor eachclass,it is sometimespossible
to infer animproveddistancefunctionfrom astatistical
modelof the training data. Therefore,researchersus-
ingEigenfacesorsimilarpatternrecognitiontechniques
mayfind significantadvantagesby consideringalterna-
tivedistancemetricssuchasmixture-distance.

1 Introduction

Earlier work suggeststhat mixture-distance[9]
canimprovetheperformanceof feature-basedface
recognitionsystemsin which only a singletrain-
ing example is available for eachindividual [1].

In thiswork we investigatethenon-feature-based1

Eigenfacestechniqueof Turk andPentland[8], re-
placingEuclideandistancewith mixture-distance.
In mixture-distance,a novel distancefunction is
constructedbasedon local second-orderstatistics
asestimatedby modelingthe trainingdatawith a
mixtureof normaldensities.

In the limit of perfect normalizationof the im-
ages,or infinite trainingdata,noadvantageswould
begainedin usingalternative metricsto thestan-
dardEuclideandistancewhich is usedin thestan-
dardEigenfacesalgorithm. However, real world
datasetsarealwaysfiniteandnormalizationof face
imagesis not perfect. In statistical terms, Eu-
clideandistancemay beviewed ascorresponding
to theassumptionthateachpatternvectoris aclass
generatorwith unit covarianceandmeancoincid-
ing with thepattern.Mixture-distanceattemptsto
improve uponthis assumptionby consideringthe
statisticsof the trainingdata. The trainingdatais
modeledasamixtureof normaldensities,whichis
thenusedin a particularway to measuredistance.
We notethatmixturemodelshave alsobeenused,
in adifferentmanner, for maximumlikelihoodde-
tectionof facesby MoghaddamandPentland[3].

The remainderof this paperis organizedas fol-
lows: section2 summarizesthe standardEigen-
facesalgorithm,section3 providesdetailsof the
datasetthat we have used,section4 summarizes
themixture-distancealgorithm,section5 presents
anddiscussesthe experimentalmethodologyand
results,andconclusionsaregivenin section6.

1Where“features”refersto the featuresusedin feature-
basedfacerecognitionmethodssuchastheinter-iris distance.
Eigenfacescouldalsobeconsideredasfeatures.
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2 Eigenfaces

We usedthe Eigenfacescodefrom [7] which im-
plementsEigenfacesasdescribedin [8, 5, 4]. The
procedureis asfollows. Let thesetof trainingim-
agesbe +-,/.0+21�.0+435./6/6/67.0+28 where9 is thenum-
berof trainingimages.Eachimageis represented
by avectorof length : , where: is thenumberof
pixelsin theimage.Theaveragefaceis definedas;=< ,8?> 8@"A , + @ . Thefacesdiffer from theaver-
ageby BDC < +ECGF ; . Eigenfacesseeksto usePCA
to find a setof 9 orthonormalvectors,H @ , which
bestdescribethedistribution of thedata. Theco-
variancematrix is:

IJ< K9
8L
@"A , BMBON

< K9QPMP N (1)

where P < R B , B 1 6/6/60B 8TS . The matrix
I

is:VUW: anddeterminingthe : eigenvectorsand
eigenvaluesis impracticalfor typical imagesizes.
However, if 9 XQ: , thentherewill only be 9
meaningfuleigenvectors. Theseeigenvectorscan
be found by first finding the eigenvectorsof an9 UM9 matrix,andtakinglinearcombinationsof
thefaceimages.An 9 UY9 matrix Z < P N P is
constructedwhere []\ @ < B N \ B @ . The 9 eigen-
vectorŝ�_ arefoundfor [ . Theeigenfacesarethen
computedwith:

H`_ <
8L
a A , ^�_

a B a . b < K ./6/6/67.c9 (2)

Theseeigenfacesarerankedaccordingto theasso-
ciatedeigenvaluesandnormalizedby their norm.
Facesareprojectedinto “f acespace”using d a <H N a]e +=F ;gf

. The weightsform a vector h N <R di,/.�dj1�./6/6/6k.�d 8ml S whichdescribesthecontribution
of eacheigenface in representingthe input im-
age.Thesevectorsmaythenbeusedin a standard
patternrecognitionalgorithmsuchas the nearest
neighboralgorithmusingEuclideandistance.

3 Data

We have useda databaseof faceimagesobtained
from the MIT Media Lab. The databasecontains
thousandsof 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-
tensive additionalnormalizationfor the geometry
of theface,translation,lighting, contrast,rotation,
andscale.Weconsideramoredifficult taskwhere
suchextensivenormalizationis notperformed,e.g.
dueto computationalrequirements.Samplefaces
from thedatabaseareshown in figure1.

4 Mixture-Distance

If many imagesof eachpersonwereavailable,then
eachpersoncould be considereda patternclass,
and the methodsof statisticalpatternrecognition
couldbeusedto build a modelfor eachperson.A
commonapproachmodelseachclassasa normal
density, sofor eachpersonthereis acorresponding
meanfeaturevector and covariancematrix. The
probabilityof anunknown patternconditionedon
eachmodelis theneasilycomputed.Usingaprior
distribution on theindividualsin thedatabase(flat
for example)theclassificationtaskis completedin
thestandardBayesianfashionby computingthea
posterioriprobabilityof eachperson,conditioned
on observationof thequery. If thecomputationis
performedusinglog probabilities,it is slightly less
expensive computationallyandthedistancemetric
is thewell known Mahalanobisdistance.However,
in practiceit is not uncommonto have only a sin-
gle trainingexamplefor eachperson,asis thecase
here.

Mixture-distanceemploys a mixture model n ,
which is a collection of probability models,n , .Gn 1 ./6/6/67.Gn @ andnon-negative mixing param-
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Figure1. Samplefacesfrom theMIT database.

eterso , .co 1 ./6/6/67.co @ summingto unity, suchthat:

n eqp fr<
@L
a A , o

a n a eqp f (3)

Theelementsn C of n areGaussiansothat n is a
Gaussianor normalmixture. Thetaskof estimat-
ing theparametersof a normalmixturemodelhas
beenextensively studied. We have usedthe well
known expectation-maximization algorithm(EM)
[6]. We initialize themeans C andthecovariancet C for eachGaussiann C using the u -meansal-
gorithm. The determinantsof the covariancema-
tricesandthe inversecovariancematriceshave to
be computedat each iteration of the EM algo-
rithm to evaluatethe new valueof the log likeli-
hood. However, thecovariancematricesareoften
ill-conditioned. This problemhasbeenaddressed
by multiplying theoff-diagonalelementsof theco-
variancematricesby a number, vxwzy{X K , to re-
ducetheir influence.This factorcanbeseento se-
lect betweenfirst-order( y < v ) andsecond-order
( y < K ) models.

Two methodshave beenusedto classifynew fea-
turevectors,asin [1]. In “hard” vectorquantiza-
tion (hardVQ), eachtrainingexampleis assigned
to oneGaussian:| C is assignedto theGaussiann}_
where b <�~��c�*�T~5���Y� e n �
� | C f . Whenattempting
to classifyaquery � , theMahalanobisdistancebe-
tween� andeachtrainingexample| C is computed
asfollows:

distancee ��.c|�C fr< e ��FW|�C f N t _�� , e ��FW|�C f (4)

where
t _ is thecovariancematrix of theGaussian

to which | C hasbeenassigned.� is classifiedas
thepoint | a where� <�~��c�*�T��� C distancee �-.c| C f .

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 bedescribedby thepropertiesof theseGaus-
sians.A query � is classifiedusingpoint |�_ whereb <�~��c�*�T~5� C � e |�C � � f , where

� e | C � � fi< � e � � | C f�� e | C f� e � f
<

� e � � | C f�� e | C f
>��a A , � e � � | a f�� e | a f (5)

where

� e � � | C f < 8L� A ,
� e � � n � .c| C f�� e n ��� | C f (6)

� e n � � |�C f is the posterior probability and� e � � n � .c| C f is computed according to the
methoddescribedin [9]:

� e � � n � .c|�C fr< K
e���� f7� � � t ������

� ��� F K� e ��F�| C f N t � � , e ��FW| C f (7)

See [1] for intuition behind the formulation of
mixture-distance.

5 Results

In our experimentswe used600 training images
and131testimages.Becausenoclasslabelswere
available,thetestimageswerechosenmanuallyby
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Figure2. Theaveragefaceandthefirst fiveeigenfacesfor asample600classtrainingset.

scanningthedatabasefor duplicateimagesof the
sameperson. This procedureis expectedto lead
to a biasedtest set due to the fact that the judg-
mentof onehumanwasusedto determinewhich
imageswereof thesameperson,andthatmistakes
are possible,e.g. additionalimagesof the same
personmay be presentin the training set yet la-
belledasdifferentclasses.For eachsetof two im-
agesthatwereidentifiedto beof thesameperson,
onewasusedin thetrainingsetandtheotherin the
test set. The training set was further augmented
with 469 imageswhich were randomlyselected
from thedatabase.This randomselectionwasre-
peatedfive times to createfive different training
sets.All experimentsbelow weredoneover these
fivetrainingsets.Theeigenfaceswererecalculated
for eachtraining set. Figure2 shows the average
faceandthefirst five eigenfacesfor a sample600
classtraining set. We notethat in comparisonto
the eigenfaceimagespresentedby [3], the eigen-
facesshown appearto reflectmore variability in
thefaceimageswith respectto facesizeandloca-
tion, asmight be expecteddueto the lessprecise
normalization.

We usedmixture modelswith from 1 to 5 Gaus-
siansanda flat mixture of mixturesmodelwhich
consistedof acombinationof the5 individualmix-
ture models. We testedboth the hard VQ and
softVQ versionsof mixture-distance.As wasalso
found in [1], we found that theseprovided simi-
lar performance.We thereforeshow only thehard
VQ resultsin thispaper, andnotethatthehardVQ
algorithmis lesscomputationallyexpensive.

Figure3 showstheresultsusing10eigenfacesand
figure 4 shows the resultsusing30 eigenfaces. It
can be seenthat performanceis typically better

with higher y , where y is theoff-diagonalscaling
factorusedto selectbetweenfirstandsecond-order
models.Apart from y < v , theuseof mixturedis-
tancesignificantlyimprovesperformanceover the
standardEigenfacesalgorithm.However, it canbe
seenthatusingonly oneGaussianprovidessignif-
icant improvement.UsinggreaterthanoneGaus-
siancanbeseento bebeneficialin mostcases,in
particularfor the10 eigenfacescase.Themixture
of mixturesmodelsperformcomparablyto thebest
of the individual models,providing a solution to
themodelselectionproblem.

For the 10 eigenfacescase, � -tests indicate that
the(MD-1 (mixture-distance,1 Gaussian),MD-2,
MD-Mixture (mixture-distance,mixture of mod-
els with 1 to 5 Gaussians))modelshave different
meansin comparisonto the standardEigenfaces
caseat   values2 of (0.019,0.0013,and 0.0007)
for y < v�6¢¡ and   valuesof (0.0044,0.00011,
0.00065)for y < v�6¢£"£ . � -testscomparingtheMD-
1 andMD-2 casesproduce  valuesof 0.024and
0.025for y < v�6¢¡ and y < v�6¢£"£ respectively. � -
testscomparingtheMD-1 andMD-Mixture cases
produce  valuesof 0.32and0.0042for y < v�6¢¡
and y < v�6¢£"£ respectively. Thepercentagereduc-
tion in error for the y < v�6¢£"£ casewith respect
to the standardEigenfacesalgorithmwas31.3%,
44.4%,and42%respectively for the MD-1, MD-
2, andMD-Mixture models.

For the30eigenfacescase,� -testsindicatethatthe
(MD-1, MD-2, MD-Mixture) modelshave differ-
ent meansin comparisonto the standardEigen-
facescaseat   valuesof ( ¤
6 � U K v ��¥ , ¡�6¦¤-U K v ��§ ,

2̈ is theprobabilityof the two samplescomingfrom the
samedistribution. Low valuesof ¨ indicateahighprobability
thatthedifferencesaresignificant.

4



4

6

8

10

12

14

16

18

20

22

Eigenfaces MD-1 MD-2 MD-3 MD-4 MD-5 MD-Mixture

T
e

s
t 

E
rr

o
r 

%

f = 0
f = 0.5

f = 0.99

Figure3. Resultsfor 10 eigenfacesshown usingbox-whiskersplots. Left to right: standardEigenfaces,mixture-
distancewith 1 to 5 Gaussians,andmixture-distancewith amixtureof themodelsusing1 to 5 Gaussians.Resultsare
shownfor ©�ª 0,0.5,and0.99where© is thescalingfactorwhichselectsbetweenfirst-order( ©mª�« ) andsecond-order
( ©2ª¬ ) models.
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Figure4. Resultsfor 30 eigenfacesshown usingbox-whiskersplots. Left to right: standardEigenfaces,mixture-
distancewith 1 to 5 Gaussians,andmixture-distancewith amixtureof themodelsusing1 to 5 Gaussians.Resultsare
shownfor ©�ª 0,0.5,and0.99where© is thescalingfactorwhichselectsbetweenfirst-order( ©mª�« ) andsecond-order
( ©2ª¬ ) models.
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and ®�6¢¯°U K v ��¥ ) for y < v�6¢¡ and   valuesof
( K 6¢£{U K v ��§ , K 6¢£°U K v ��§ , and � 6¢±°U K v ��¥ ) fory < v�6¢£"£ . � -testscomparingtheMD-1 andMD-2
casesproduce  valuesof 0.07and1.0for y < v�6¢¡
and y < v�6¢£"£ respectively. � -testscomparingthe
MD-1 andMD-Mixture casesproduce  valuesof� 6¢²MU K v ��³ and0.099for y < v�6¢¡ and y < v�6¢£"£
respectively. The percentagereductionin error
for the y < v�6¢£"£ casewith respectto the stan-
dardEigenfacesalgorithmwas66.5%,66.5%,and
73.9%respectively for theMD-1, MD-2, andMD-
Mixture models.

6 Conclusions

Earlier work hassuggestedthat mixture-distance
canimprovetheperformanceof feature-basedface
recognitionsystemsin which only a singletrain-
ing example is available for eachindividual. In
thiswork we investigatedreplacingEuclideandis-
tancewith mixture-distancein Eigenfaces. We
foundthatmixture-distanceresultedin significant
reductionin the error rate, up to 73.9%. In the
experimentalsettingconsidered,thesimplestform
of mixture-distanceyieldedconsiderableimprove-
ment. Additional,but lessdramatic,improvement
waspossiblewith morecomplex forms. Flat mix-
ture of mixtures modelswere found to perform
comparablyto the bestof the individual models,
providing a solutionto the modelselectionprob-
lem. The resultsshow that even in the absence
of multiple training examplesfor eachclass, it
is sometimespossibleto infer an improved dis-
tancefunctionfrom astatisticalmodelof thetrain-
ing data. Therefore,researchersusingEigenfaces
or similar patternrecognitiontechniquesmayfind
significantadvantagesby consideringalternative
distancemetricssuchasmixture-distance.
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