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Abstract

Facesrepresentomple, multidimensionalmeaningfulvisual stimuli and developinga computa-
tional modelfor facerecognitionis difficult (Turk and Pentland,1991). We presenta hybrid neural
network solutionwhich compare$avorablywith othermethods Thesystencombinedocalimagesam-
pling, a self-oganizingmapneuralnetwork, anda convolutional neuralnetwork. The self-oiganizing
mapprovidesa quantizatiorof theimagesamplesnto atopologicalspacewhereinputsthatarenearby
in the original spaceare also nearbyin the outputspace therebyproviding dimensionalityreduction
andinvarianceto minor changesn the imagesample,andthe convolutional neuralnetwork provides
for partialinvarianceto translationyotation,scale anddeformation.The corvolutionalnetwork extracts
successiely largerfeaturesn a hierarchicaketof layers.We presentesultsusingthe Karhunen-Lewve
transformin place of the self-oiganizingmap, and a multilayer perceptronin place of the convolu-
tional network. The Karhunen-L@wve transformperformsalmostaswell (5.3%errorversus3.8%). The
multilayer perceptrorperformsvery poorly (40% error versus3.8%). The methodis capableof rapid
classificationrequiresonly fast,approximaterormalizatiorandpreprocessingandconsistentlyexhibits
betterclassificatiorperformancéhantheeigenficesapproach{Turk andPentland1991)onthedatabase
consideredasthe numberof imagesper personin the training databasés variedfrom 1 to 5. With 5
imagesperpersorthe proposednethodandeigenticegesultin 3.8%and10.5%errorrespectiely. The
recognizeiprovidesa measuref confidencen its outputandclassificatiorerrorapproachegerowhen
rejectingasfew as10% of theexamples We usea databasef 400imagesof 40 individualswhich con-
tainsquitea high degreeof variability in expressionpose,andfacialdetails.We analyzecomputational
compleity anddiscusshow new classesouldbeaddedo thetrainedrecognizer
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1 Intr oduction

The requirementor reliable personaldentificationin computerizedaccessontrol hasresultedin anin-

creasednterestin biometrics. Biometricsbeinginvestigatedncludefingerprints(Blue, CandelaGrother
Chellappaand Wilson, 1994), speech(Burton, 1987), signaturedynamics(Qi and Hunt, 1994), andface
recognition(ChellappaWilsonandSirohe, 1995).Salesof identity verificationproductsexceed$100mil-

lion (Miller, 1994). Facerecognitionhasthe benefitof beinga passie, non-intrusie systemfor verifying

personaidentity. Thetechniquesisedin the bestfacerecognitionsystemsmnay dependon the application
of the system Thereareat leasttwo broadcatejoriesof facerecognitionsystems:

1. Thegoalis to find a personwithin a large databas®f faces(e.g. in a police database)Thesesystems
typically returnalist of themostlikely peoplein thedatabas¢Pentland StarnerEtcof, Masoiu,Oliyide
andTurk, 1993).Oftenonly oneimageis availableperperson.t is usuallynotnecessarjor recognition
to bedonein real-time.

2. The goal is to identify particularpeoplein real-time(e.g. in a securitymonitoring system,location
trackingsystemgetc.),or to allow accesgo a groupof peopleanddery accesgo all others(e.g. access
to abuilding, computeretc.) (Chellappaetal., 1995). Multiple imagesperpersorareoftenavailablefor
trainingandreal-timerecognitionis required.

This paperis primarily concernedwith the secondcasé. This work considersrecognitionwith varying
facialdetail,expressionpose etc. Invarianceto high degreesof rotationor scalingarenotconsidered-it is
assumedhata minimal preprocessingtageis availableif required(i.e. to locatethe positionandscaleof
afacein alargerimage). We areinterestedn rapid classificatiorandhencewe do notassumehattime is
availablefor extensve preprocessingndnormalization.Goodalgorithmsfor locatingfacesin imagescan
befoundin (Turk andPentland,1991;SungandPoggio,1995;Rowley, BalujaandKanade 1995).

The remainderof this paperis organizedasfollows. The datausedis presentedn section2 andrelated
work with this and otherdatabasess discussedn section3. The componentanddetailsof our system
aredescribedn sections4 and5 respectiely. Resultsare presentecand discussedn sections6 and 7.
Computationatompleity is consideredn section8 andconclusionsaredravn in sectionl10.

2 Data

The databaseisedis the ORL databasevhich containgphotographef facestaken betweerpril 1992and
April 1994 at the Olivetti Research.aboratoryin Cambridge UK3. Thereare 10 differentimagesof 40
distinctsubjects For someof the subjectstheimagesweretaken at differenttimes. Therearevariationsin
facialexpressionopen/closedyes,smiling/non-smiling) andfacial details(glasses/nglasses)All of the
imagesveretakenagainsttdarkhomogeneousackgrounadvith thesubjectsn anupright,frontal position,
with tolerancefor sometilting androtationof up to about20 degrees. Thereis somevariationin scaleof
up to about10%. Thumbnailsof all of theimagesareshavn in figure 1 anda larger setof imagesfor one
subjectis shawn in figure 2. Theimagesaregreyscalewith aresolutionof 92 x 112.

!Physiologicabr behaioral characteristicsvhich uniquelyidentify people.

2However, experimentshave not beenperformedwherethe systemwasrequiredto rejectpeoplethatarenotin aselectgroup
(important,for example whenallowing accesso a building).

3The ORL databasés availablefree of chage,seehttp://www.cam-orl.co.uk/facedatabase.html.
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Figure 1. The ORL facedatabaseThereare10imageseachof the 40 subjects.

3 RelatedWork

This sectionsummarizeselatedwork onfacerecognition—- geometricafeaturebasedapproachesemplate

matchingheuralnetwork approachesandthe populareigenfaces technique.



Figure 2. Thesetof 10imagesfor onesubject.Considerableariationcanbe seen.

3.1 Geometrical Features

Many peoplehave exploredgeometricafeaturebasedmethodsfor facerecognition. Kanade(1973) pre-
sentedan automaticfeatureextractionmethodbasedon ratiosof distancegbetweerfeaturepointssuchas
the locationof the eyes,nose,etc.) andreporteda recognitionrate of betweem5-75%with a databasef

20 people.BrunelliandPoggio(1993)computea setof geometricafeaturessuchasnosewidth andlength,
mouthposition,andchin shape.They reporta 90% recognitionrateon a databasef 47 people.However,

they shawv thata simpletemplatematchingschemeprovides 100%recognitionfor the samedatabaseCox,
GhosnandYianilos (1995) have recentlyintroduceda mixture-distance techniquewhich achievesa recog-
nition rateof 95% using95 testimagesand685trainingimages(oneimageper personn eachcase).Each
faceis representetly 30 manually extracteddistances.

Systemsawhich emplogy preciselymeasurediistancedbetweerfeaturesmay be mostusefulfor finding pos-
sible matchesin a large mugshotdatabaséa mugshotdatabaseypically containsside views wherethe

performancef featurepointmethoddgs known to improve (Chellappaetal., 1995)). For otherapplications,
automatiddentificationof thesepointswould berequired,andtheresultingsystemwould be dependentn

theaccurag of the featurelocationalgorithm. Currentalgorithmsfor automatidocationof featurepoints
do not consistentlyprovide a high degreeof accurag (SutherlandRenshe andDeryer, 1992).

3.2 Eigenfaces

High-level recognitiontasksaretypically modeledwith mary stagef processingsin the Marr paradigm
of progressindgrom imagedo surfacesto three-dimensionahodelsto matchednodels(Marr, 1982).How-

ever, Turk andPentland1991)arguethatit is likely thatthereis alsoa recognitionproceshasedon low-

level, two-dimensionalmageprocessing.Their agumentis basedon the early developmentand extreme
rapidity of facerecognitionin humans,andon physiologicalexperimentsin monkey cortex which claim

to have isolatedneuronghatrespondselectvely to faces(Perret,Rolls and Caan,1982). However, these
experimentgdo not excludethe possibility of the soleoperationof the Marr paradigm.

Turk and Pentland(1991) presenta facerecognitionscheman which faceimagesare projectedonto the
principal components of the original setof training images. The resultingeigenfaces are classifiedby
comparisorwith knowvn individuals.



Turk andPentland1991)presentesultson adatabasef 16 subjectswvith variousheadorientation scaling,
andlighting. Theirimagesappeaidenticalotherwisewith little variationin facialexpressionfacialdetails,
pose,etc. For lighting, orientation,and scalevariationtheir systemachiares 96%, 85% and 64% correct
classificatiorrespectiely. Scaleis renormalizedo theeigenacesizebasedn anestimateof theheadsize.
Themiddleof thefaceds accentuatededucingary negative affect of changinghairstyleandbackgrounds.

In Pentlancetal. (1993;1994)goodresultsarereportedon alarge databas€95%recognitionof 200people
from adatabasef 3,000).It is difficult to drawv broadconclusionsasmary of theimagesof thesamepeople
look very similar (in the sensahatthereis little differencein expressionhairstyle,etc.),andthe database
hasaccurateregistrationand alignment(Moghaddamand Pentland,1994). In Moghaddamand Pentland
(1994),very goodresultsarereportedwith the US Army FERETdatabaseéatabase only onemistale was
madein classifying150 frontal view images. The systemusedextensve preprocessindor headlocation,
featuredetection,and normalizationfor the geometryof the face,translation lighting, contrast,rotation,
andscale.

In summaryit appearshateigenficess afast,simple,andpracticalalgorithm.However, it maybelimited
becaus@ptimalperformanceequiresa high degreeof correlationbetweerthe pixel intensitiesof thetrain-
ing andtestimages.This limitation hasbeenaddressetly usingextensiie preprocessingp normalizethe
images.

3.3 TemplateMatching

Templatematchingmethodssuchas(BrunelliandPoggio,1993)operateby performingdirectcorrelationof
imageseggments(e.g. by computingthe Euclideandistance) . Templatematchingis only effective whenthe
gueryimageshave the samescale orientation andillumination asthetrainingimagegCox et al., 1995).

3.4 Neural Network Approaches

Much of the presentiteratureon facerecognitionwith neuralnetworks presentsesultswith only a small
numberof classeqoften belov 20). For example,in (DeMersand Cottrell, 1993)the first 50 principal
component®f imagesareextractedandreducedo 5 dimensionsusingan autoassociate heuralnetwork.

Theresultingrepresentatiois classifiedusinga standardnultilayer perceptron Goodresultsarereported
but thedatabasés quitesimple:the picturesaremanuallyalignedandthereis nolighting variation,rotation,
or tilting. Thereare20 peoplein thedatabase.

3.5 The ORL Databaseand Application of HMM and EigenfacesMethods

In (SamariasandHarter 1994)aHMM-basedapproachs usedfor classificatiorof theORL databasémages.
HMMs aretypically usedfor the stochastienodelingof non-stationaryectortime series.In this casethey
areappliedto imagesandasamplingwindow is passeaver theimageto generat@vectorateachstep.The
bestmodelresultedn a13%errorrate. Samariaalsoperformedextensie testsusingthepopulareigenfices
algorithm (Turk and Pentland, 1991) on the ORL databasendreporteda besterror rate of around10%
whenthenumberof eigenficesvasbetweerl 75and199. Around10%errorwasalsoobseredin thiswork
whenimplementingthe eigenficesalgorithm. In (Samaria,1994) Samariaextendsthe top-davn HMM of
(Samariaand Harter 1994) with pseudotwo-dimensionaHMMs. The pseudo-2DHMMs are obtained



by linking one dimensionaHMMs to form vertical superstates.The network is not fully connectedn
two dimensions(hence“pseudo”). The error rate reducesto 5% at the expenseof high computational
compleity — a single classificationtakes four minuteson a Sun Sparcll. Samarianotesthat, although
an increasedecognitionrate was achieved, the sgmentationobtainedwith the pseudotwo-dimensional
HMMs appearedjuite erratic. Samariausesthe sametraining andtestsetsizesasusedlaterin this paper
(200trainingimagesand 200 testimageswith no overlapbetweerthe two sets). The 5% errorrateis the
besterrorratepreviously reportedor the ORL databas¢hatwe areawareof.

4 SystemComponents

4.1 Overview

The following sectionsintroducethe techniquesvhich form the component®f the proposedsystemand
describehemotivationfor usingthem.Briefly, theinvestigationconsidedocalimagesamplingandatech-
niquefor partiallighting invariance a self-oganizingmap(SOM) for projectionof the local imagesample
representatiomto a quantizedower dimensionakpacethe Karhunen-Léwe (KL) transformfor compar

ison with the self-oganizingmap, a corvolutional network (CN) for partial translationand deformation
invariance anda multilayer perceptron{MLP) for comparisorwith the convolutional network.

4.2 Local Image Sampling

Two differentmethodwof representindocal imagesampleshave beenevaluated.In eachmethodawindow
is scannedvertheimageasshavnin figure 3.

1. Thefirst methodsimply createsa vectorfrom alocal window ontheimageusingtheintensityvaluesat
eachpointin thewindow. Let z;; betheintensityat theith column,andthe jth row of the givenimage.
If thelocalwindow is asquareof sides2WW + 1 long, centeredn z;;, thenthevectorassociateavith this

window is Simply [Z; w,j—w, Ti-Wj— W15« - - Tijs - -+ s Titk W+ W1, it W,j+W)-

2. Thesecondnethodcreatesarepresentationf thelocal sampleby forming avectorout of a) theintensity
of the centerpixel z;;, andb) the differencein intensity betweenthe centerpixel andall other pixels
within thesquarewvindow. Thevectoris givenby [z;; — zi—w,j—w, Zij — Ti—Wj—W+1s - - -, WijLij, - - -,
Tij — TipW,j+W—1, Tij — Tivw,j+w]. Theresultingrepresentatiobecomespartially invariantto vari-
ationsin intensity of the completesample. The degreeof invariancecan be modified by adjustingthe
weightw;; (> 0) connectedo the centralintensitycomponent.

4.3 The Self-Organizing Map
4.3.1 Overview

Maps are an importantpart of both naturaland artificial neuralinformation processingsystems(Bauer
and Pawelzik, 1992). Examplesof mapsin the nenous systemare retinotopicmapsin the visual cortex
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Figure 3. A depictionof the local imagesamplingprocess.A window is steppedover the imageanda vectoris
createcdateachlocation.

(ObermayemBlasdelandSchulten1991),tonotopicmapsn theauditorycortex (Kita andNishikava, 1993),
andmapsfrom the skin ontothe somatosensoricortex (ObermayerRitter and Schulten,1990). The self-
organizingmap,or SOM, introducedby Teuwo Kohonen(1990;1995)is an unsupervisedearningprocess
which learnsthe distribution of a setof patternswithout ary classinformation. A patternis projectedfrom
aninput spaceto a positionin the map— informationis codedasthe locationof an activatednode. The
SOM s unlike mostclassificatioror clusteringtechniquesn thatit providesa topologicalorderingof the
classesSimilarity in input patternds presered in the outputof the process.Thetopologicalpreseration
of the SOM processnalesit especiallyusefulin theclassificatiorof datawhichincludesalarge numberof
classesln thelocalimagesampleclassificationfor example theremay be a very large numberof classes
in whichthetransitionfrom oneclassto the next is practicallycontinuougmakingit difficult to definehard
classboundaries).

4.3.2 Algorithm

We give a brief descriptionof the SOM algorithm,for moredetailssee(Kohonen,1995). The SOM defines
amappingfrom aninputspaceR™ ontoatopologicallyorderedsetof nodesusuallyin alowerdimensional
space.An exampleof atwo-dimensionaSOM is shavn in figure 4. A referencevectorin theinputspace,
m; = [fi1, iz, - in] . € R™, is assignedo eachnodein the SOM. During training, eachinput, z, is

comparedo all of them;, obtainingthelocationof theclosesmatch(||z — m.|| = min;{||z — m;||}). The

input pointis mappedo thislocationin the SOM. Nodesin the SOM areupdatedaccordingo:

mi(t + 1) = m;(t) + hei(t)[z(t) — m;i(t)] 1)

wheret is the time during learningandh;(t) is the neighborhood function, a smoothingkernelwhich is
maximumat m.. Usually h.;(t) = h(||r. — 7i||,t), wherer. andr; representhe locationof the nodes
in the SOM outputspace.r, is the nodewith the closestweightvectorto the input sampleandr; ranges
over all nodes.h;(t) approache® as||r. — r;|| increasesndalsoast approachesc. A widely applied
neighborhoodunctionis:

_ ]2
hei = a(t) exp (—%) )



wherea(t) is ascalavaluedlearningrateando (¢) defineshewidth of thekernel. They aregenerallyboth
monotonicallydecreasingvith time. The useof the neighborhoodunction meansthat nodeswhich are
topographicallyclosein the SOM structureactivateeachotherto learnsomethingrom thesameinputz. A
relaxationor smoothingeffectresultswhich leadsto a globalorderingof themap.Notethato (¢) shouldnot
bereducedoo far asthe mapwill loseits topographicabrderif neighboringnodesare not updatedalong
with the closesthode. The SOM canbe considered non-linearprojectionof the probability density,p(x)
(Kohonen,1995).

h.(t,)
e o o o o o o o o o hm(tg)
h’m<t3)

Figure 4. A two-dimensionaBOM shaving a squareneighborhoodunctionwhich startsash.;(¢;) andreducesn
sizeto h.;(t3) overtime.

4.3.3 Improving the BasicSOM

Theoriginal self-oganizingmapis computationallyexpensie because:

1. Intheearlystage®f learning,mary nodesareadjustedn acorrelatednanner Luttrell (1989)proposed
a method,which is usedhere,wherelearningstartsin a small network, andthe network is doubledin
sizeperiodicallyduringtraining. Whendoubling,new nodesareinsertedbetweerthecurrentnodes.The
weightsof the nev nodesare setequalto the averageof the weightsof the immediatelyneighboring
nodes.

2. Eachlearningpassequirescomputatiorof thedistanceof thecurrentsampleto all nodesn thenetwork,
which is O(N). However, this may be reducedto O(log N) using a hierarchyof networks which is
createcusingthe above nodedoublingstratgy”. This hasnotbeenusedfor theresultsreportedhere.

“This assumeshatthetopologicalorderis optimalprior to eachdoublingstep.
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4.4 Karhunen-Loéwe Transform

The optimal linear method(in the leastmeansquarecerror sensefor reducingredundang in a dataseis
the Karhunen-Léwe (KL) transformor eigewector expansionvia Principle Component#nalysis(PCA)
(Fukunagal990).ThebasicideabehindtheKL transformis to transformpossiblycorrelatedsariablesn a
datasetinto uncorrelatedariables.Thetransformedsariableswill beorderedsothatthefirst onedescribes
mostof the variationof the original dataset. The secondwill try to describeheremainingpartof variation
undertheconstrainthatit shouldbeuncorrelateavith thefirst variable. This continuesuntil all thevariation
is describedy the new transformedrariableswhich arecalledprincipalcomponentsPCA appeardo be
involvedin somebiologicalprocesses.g. edgesggmentsareprincipalcomponentandedgesegmentsare
amongthefirst featuresextractedin theprimaryvisualcortex (HubelandWiesel,1962).

Mathematicallythe KL transformcanbewritten as(Dony andHaykin, 1995):
y = Wx 3

wherex is an N dimensionalinput vector y is an M dimensionaloutputvector (M < N), andW is
anM x N dimensionatransformatiormatrix. The transformatiomrmatrix, W, consistsof M rows of the
eigevectorswhich correspondo the M largesteigewaluesof the sampleautoceariancematrix, . (Dony
andHaykin, 1995):

Y= <xxT> (4)
where<> representgxpectation.

TheKL transformis usedherefor comparisorwith the SOM in the dimensionalityreductionof the local
imagesamples.The KL transformis alsousedin eigenfices,however in thatcaseit is usedon the entire
imagesvhereast is only usedon smalllocalimagesamplesn this work.

4.5 Convolutional Networks

The problemof facerecognitionfrom 2D imagesis typically very ill-posed,i.e. thereare mary models
whichfit thetraining pointswell but do not generalizevell to unseerimages.In otherwords,therearenot
enoughrainingpointsin the spacecreatedy theinputimagesn orderto allow accuratestimatiorof class
probabilitiesthroughoutheinputspace Additionally, for MLP networkswith the2D imagesasinput, there
is noinvarianceto translationor local deformationof theimageg(Le CunandBengio,1995).

Convolutional networks (CN) incorporateconstraintsand achiere somedegree of shift and deformation
invarianceusingthreeideas: local receptve fields, sharedweights,and spatialsubsampling.The useof

sharedweightsalsoreduceghe numberof parameterén the systemaiding generalization. Corvolutional
networks have beensuccessfullyappliedto characterecognition(Le Cun,1989;Le Cun, Boser Denler,

HendersonHoward, HubbardandJaclel, 1990;Bottou, Cortes,Denlker, Drucker, Guyon,Jaclel, Le Cun,
Muller, SackingerSimardandVapnik, 1994;Bengio,Le CunandHenderson1994;Le CunandBengio,
1995).

A typical convolutionalnetwork is shawvn in figure5 (Le Cun,Boser Denlker, HendersonHoward,Hubbard
and Jaclel, 1990). The network consistsof a setof layerseachof which containsone or more planes.
Imageswhich are approximatelycenteredand normalizedenterat the input layer Eachunit in a plane
recevesinputfrom asmallneighborhoodn the planesof thepreviouslayer Theideaof connectingunitsto
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local receptve fieldsdatesbackto the 1960swith the perceptrorandHubelandWiesels (1962)discovery
of locally sensitve, orientation-seleate neuronsn thevisual systemof a cat(Le CunandBengio,1995).
The weightsforming the receptie field for a planeareforcedto be equalat all pointsin the plane. Each
planecanbe consideredisa featuremapwhich hasa fixed featuredetectorthatis corvolved with a local

window which is scannedver the planesin the previous layer Multiple planesare usuallyusedin each
layersothatmultiple featurescanbe detected Thesdayersarecalledcorvolutionallayers.Oncea feature
hasbeendetectedits exactlocationis lessimportant.Hence the convolutionallayersaretypically followed

by anotheldayerwhich doesa local averagingandsubsamplingpperation(e.g. for a subsamplingactorof

2: yij = (w2125 + Toit1,25 + T2i2541 + T2i41,25+1) /4 Wherey;; is the outputof a subsamplinglaneat
positions, j andz;; is the outputof the sameplanein the previouslayer). The network is trainedwith the
usualbackpropagatiogradientdescenprocedurgHaykin, 1994).

Input Feature maps Feature maps Feature maps Feature maps Output
23x28 20@21x26 20@11x13 25@9x11 25@5x6 40@1x1

Convolutional Subsampling Convolutional Subsampling Fully
connected

Figure 5. A typical corvolutionalnetwork.

A connectionstratgy can be usedto reducethe numberof weightsin the network. For example,with
referencdo figure5, Le Cun, Boser Denker, HendersonHoward, HubbardandJaclel (1990)connecthe
featuremapsin the secondconvolutional layer only to 1 or 2 of the mapsin the first subsamplindayer
(the connectionstratgy was chosenmanually). This canreducetraining time andimprove performance
(Le Cun,Boser Denker, HendersoniHoward, HubbardandJaclel, 1990).

Convolutional networks are similar to the Neocognitron(Fukushima,1980; Fukushima,Miyake and Ito,
1983;Hummel,1995)which is a neuralnetwork modelof deformation-resistarpatternrecognition. The
Neocognitronis similarto the corvolutional neuralnetwork. AlternatingS andC-cell layersin the Neocog-
nitron correspondo the corvolutional andblurring layersin the corvolutional network. However, in the
Neocognitronthe C-cell layersrespondto the mostactive input S-cell as opposedo performingan av-
eragingoperation. The Neocognitroncan be trainedusing either unsupervisear supervisedapproaches
(Fukushima;1995).

10



5 SystemDetails

The systemusedfor facerecognitionin this paperis a combinationof the precedingparts— a high-level
block diagramis shavn in figure 6 andfigure 7 shaws a breakdavn of the varioussubsystemshat are
experimentedvith or discussed.

Image » | Dimensionality Feature
Sampling " Reduction Extraction

Images — Classifier | Classification

Figure 6. A high-level block diagramof the systemusedfor facerecognition.

Multi-layer

! Perceptron i
i Style 1
Sel.f-. i Feature Classifier !
Organizing | —+ 1  Extraction i
Map Layers |
2 |
Image 4 Nearest- ! . .
Images —P S oy Neighbor ‘ Classification
Classifier

Karhunen-Loéve

|
|
|
|
Transform ! 3
N b N T L
|
3 |
|
Dimensionality i Multi-layer
Reduction i Perceptron
7

Figure 7. A diagramof thesystenusedfor facerecognitiorshaving alternatie methodswhich areconsideredh this
paper Thetop “multilayer perceptrorstyle classifier’(5) representshefinal MLP stylefully connectedayer of the
convolutionalnetwork (the CN is a constrainedLP, howeverthefinal layerhasno constraints)This decomposition
of the convolutionalnetwork is shavn in orderto highlight the possibility of replacingthefinal layer (or layers)with
a differenttype of classifier The nearest-neighbastyle classifieris potentiallyinterestingbecausat may make it
possibleto add new classesvith minimal extra training time. The bottom “multilayer perceptron”(7) shows that
the entire corvolutional network canbe replacedwith a multilayer perceptron.Resultsare presentedvith eithera
self-oiganizingmap(2) or the Karhunen-L@we transform(3) for dimensionalityreduction,andeithera corvolutional
neuralnetwork (4,5) or amultilayerperceptror(7) for classification.

The systemworksasfollows (completedetailsof dimensionstc. aregivenlater):
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1. For theimagesin thetraining set,a fixed sizewindow (e.g. 5 x 5) is steppedover the entireimageas
shavn in figure 3 andlocalimagesamplesareextractedat eachstep.At eachstepthewindow is moved
by 4 pixels.

2. A self-oganizingmap(e.g.with threedimensionsindfive nodegperdimension® = 125 totalnodes)s
trainedon thevectorsfrom the previousstage . The SOM quantizeghe 25-dimensionainputvectorsinto
125topologicallyorderedvalues.Thethreedimensionf the SOM canbethoughtof asthreefeatures.
The SOM is usedprimarily as a dimensionalityreductiontechniqueandit is thereforeof interestto
comparghe SOMwith amoretraditionaltechnique Hence experimentsavereperformedwith the SOM
replacedby the Karhunen-L@we transform. In this case the KL transformprojectsthe vectorsin the
25-dimensionaspaceinto a 3-dimensionaspace.

3. Thesamewindow asin thefirst stepis steppedver all of theimagesin thetraining andtestsets. The
localimagesamplesarepassedhroughthe SOM ateachstep therebycreatingnew trainingandtestsets
in the outputspaceof the self-oganizingmap. (Eachinputimageis now representetly 3 maps.eachof
which correspondso a dimensionin the SOM. The sizeof thesemapsis equalto the size of theinput
image(92 x 112) divided by the stepsize(for astepsizeof 4, themapsare23 x 28).)

4. A cornvolutional neuralnetwork is trainedon the newly createdtraining set. Training a standardviLP
wasalsoinvestigatedor comparison.

5.1 Simulation Details

Detailsof the bestperformingsystemfrom all experimentsaregivenin this section.

For the SOM, training wassplit into two phasesasrecommendetty Kohonen(1995)— anorderingphase,
andafine-adjustmenphase 100,000updatesvereperformedn thefirst phaseand50,000in thesecondlIn
thefirst phasetheneighborhoodadius startedat two-thirdsof the sizeof themapandwasreducedinearly
to 1. Thelearningrateduringthis phasewas: 0.7 x (1 — n/N) wheren is the currentupdatenumbey and
N isthetotal numberof updatesin the secondhasethe neighborhoodadiusstartedat 2 andwasreduced
to 1. Thelearningrateduringthis phasewas:0.02 x (1 — n/N).

Theconvolutionalnetwork containedive layersexcludingtheinputlayer A confidenceneasuravascalcu-
latedfor eachclassificationy,,, (ym — yom) Wherey,, is themaximumoutput,andys,, is the secondnaxi-

mumoutput(for outputswhich have beentransformedisingthe softmax transformationy; = %
wherew; arethe original outputs,y; arethe transformedbutputs,andk is the numberof outpj)u'ts). Tﬁe
numberof planesin eachlayer, the dimensionsof the planes,andthe dimensionsof the receptve fields
areshavn in table1. The network wastrainedwith backpropagatiofHaykin, 1994)for a total of 20,000
updates.Weightsin the network wereupdatedafter eachpatternpresentationasopposedo batchupdate
whereweightsare only updatedonceper passthroughthe training set. All inputswerenormalizedto lie
in therangeminusoneto one. All nodesincludeda biasinput which waspartof the optimizationprocess.
The bestof 10 randomweight setswaschoserfor theinitial parametersf the network by evaluatingthe
performancen thetraining set. Weightswereinitialized on a nodeby nodebasisasuniformly distributed
randomnumbersin therange(—2.4/F;, 2.4/ F;) whereF; is the fan-in of neuron: (Haykin, 1994). Tar
getoutputswere-0.8 and0.8 usingthe tanh outputactivation functior?. The quadraticcostfunctionwas

5This helpsavoid saturatinghe sigmoidfunction. If tamgetsweresetto the asymptote®f the sigmoidthis would tendto: a)
drive the weightsto infinity, b) causeoutlier datato producevery large gradientsdueto the large weights,andc) producebinary
outputsevenwhenincorrect— leadingto decreaseceliability of the confidencaneasure.
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used.A searchthencornverge learningrateschedulevasused: n = — 0 where

W+,nax(1 LT

- . -y . . . - ’ (1_02)N . -

n = learningrate,n, = initial learningrate= 0.1, N = total trainingepochsy = currenttrainingepoch,
c1 = 50, c; = 0.65. Theschedulas shavn in figure 8. Totaltrainingtime wasaroundfour hoursonan SGl

Indy 100MhzMIPS R4400system.

0.5 T T T T T T T T T
0.45 | Layer 1 — 7
£ 003;‘; i Layer 2 ----— ]
T o3} ]
g 0.25 B
5 02 i
g 0.15 i
0.1 4
005 i 1 1 1 1 1 1 1 1 1 ]
0 50 100 150 200 250 300 350 400 450 500
Epoch
Figure 8. Thelearningrateasa functionof theepochnumber
Layer Type Units | x | vy | Receptie | Receptie | Connection
field x fieldy Percentage
1 Corvolutional 20 |21 26 3 3 100
2 Subsampling | 20 | 11| 13 2 2 -
3 Corvolutional 25 9 |11 3 3 30
4 Subsampling | 25 | 5| 6 2 2 -
5 Fully connected 40 1)1 5 6 100

Table 1. Dimensionsfor the corvolutional network. The connectionpercentageefersto the percentagef nodes
in the previouslayerwhich eachnodein the currentlayeris connectedo — a valuelessthan 100%reduceghetotal
numberof weightsin the network and may improve generalization.The connectiorstratgly usedhereis similar to
thatusedby Le Cunetal. (1990)for characterecognition. However, asopposedo the manualconnectiorstratey
usedby Le Cunetal.,theconnectionbetweerlayers2 and3 arechoserrandomly As anexampleof how theprecise
connectionganbe determinedrom the table— the size of the first layer planes(21x26)is equalto the total number
of waysof positioninga 3x3 receptvefield ontheinputlayerplanes(23x28).

6 Experimental Results

Variousexperimentswvere performedandthe resultsare presentedn this section. Exceptwherenoted,all
experimentsvereperformedwith 5 trainingimagesand5 testimagesper personfor a total of 200training

SRelatively highlearningratesaretypically usedn orderto helpavoid slow convergenceandlocal minima. However, aconstant
learningrateresultsin significantparameteandperformancdluctuationduringthe entiretrainingcycle suchthatthe performance
of the network canalter significantlyfrom the beginning to the endof the final epoch.Moody andDarkin have proposedsearch
thenconverge” learningrate schedulesWe have found thattheseschedulestill resultin considerablg@arametefluctuationand
hencewe have addedanotheitermto furtherreducethelearningrateover the final epochs We have foundthe useof learningrate
scheduleso improve performancesonsiderably
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imagesand 200 testimages. Therewas no overlap betweenthe training andtestsets. A systemwhich
guesseshe correctanswerwould be right one out of forty times, giving an error rate of 97.5%. For the
following setsof experimentspnly oneparameteis variedin eachcase.Theerrorbarsshavn in thegraphs
represenplusor minusonestandardieviation of the distribution of resultsfrom anumberof simulation$.
Ideally; it would bedesirableo performmoresimulationgperresult,however, the computationatesources
availablewerelimited. The constantaisedin eachsetof experimentswere: numberof classes:40, di-
mensionalityreductionmethod:SOM, dimensiongn the SOM: 3, numberof nodesperSOM dimension5,
localimagesamplesxtraction:originalintensityvalues trainingimageerclass:5. Notethattheconstants
in eachsetof experimentsmaynotgive thebestpossibleperformanceasthe currentbestperformingsystem
wasonly obtainedasa resultof theseexperiments The experimentsareasfollows:

1. Variation of the number of output classes — table 2 andfigure 9 shaw the error rate of the systemas
the numberof classess variedfrom 10to 20 to 40. No attemptwasmadeto optimizethe systemfor
the smallernumbersof classes As expected performanceémproveswith fewer classego discriminate
between.

10 T T T

Test Error %

O 1 1
10 20 40
Number of classes

Figure 9. Theerrorrateasa functionof the numberof classesThenetwork wasnot modifiedfrom thatusedfor the
40 classcase.Theerrorbarsrepresenplusandminusonestandardieviation.

\Numberofclasseq 10 \ 20 \ 40 \
\ Errorrate | 1.33%] 4.33%] 5.75% |

Table 2. Errorrateof thefacerecognitionsystenmwith varyingnumberof classegsubjects) Eachresultis theaverage
of threesimulations.

2. Variation of the dimensionality of the SOM — table 3 andfigure 10 shawv the error rate of the system
asthe dimensionof the self-oganizingmapis variedfrom 1 to 4. The bestperformingvalueis three
dimensions.

"Multiple simulationswereperformedn eachexperimentwherethe selectionof the training andtestimages(out of a total of

10!/5! = 30240 possibilities)andtherandomseedusedto initialize theweightsin the SOM andthe corvolutional neuralnetwork
werevaried.
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Figure 10. Theerrorrateasa functionof the numberof dimensionsn the SOM.

[SOMDimension] 1 | 2 | 3 [ 4 |
\ Errorrate | 8.25%| 6.75%] 5.75% 5.83% |

Table 3. Errorrate of the facerecognitionsystemwith varying numberof dimensionsn the self-oganizingmap.
Eachresultgivenis theaverageof threesimulations.

3. Variation of the quantization level of the SOM — table4 andfigure 11 shaw the errorrate of the system
asthe sizeof the self-oganizingmapis variedfrom 4 to 10 nodesper dimension.The SOM hasthree

dimensiongn eachcase.Thebesterrorrateoccursfor 8 or 9 nodesperdimension.This is alsothe best
errorrateof all experiments.

10 T T T T T

Test Error %
()]
T
4
——
e
1

o 1 1 1 1 1 1 1

4 5 6 7 8 9 10
SOM nodes per dimension

Figure 11. Theerrorrateasa functionof the numberof nodesperdimensiorin the SOM.
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|SOMSize|] 4 | 5 | 6 | 7 | 8 | 9 | 10 |
| Errorrate | 8.5% | 5.75%] 6.0% | 5.75%| 3.83%| 3.83%| 4.16%|

Table 4. Errorrateof thefacerecognitionsystenwith varyingnumberof nodesperdimensiorin theself-olganizing
map.Eachresultgivenis the averageof threesimulations.

4. Variation of the local image sample extraction algorithm — table 5 shaws the resultof usingthe two
local imagesamplerepresentationdescribedearlier. Using the original intensity valueswasfound to
give the bestperformance Altering the weightassignedo the centralintensityvaluein the alternatve
representatiowasinvestigatedvithout success.

| Inputtype | Pixelintensities| Differencesv/baseintensity |
| Errorrate | 575% | 7.17% \

Table 5. Error rate of the facerecognitionsystemwith varying image samplerepresentation.Eachresultis the
averageof threesimulations.

5. Substituting the SOM with the KL transform — table6 shavs the resultsof replacingthe self-oganizing
mapwith the Karhunen-Léwe transform.Usingthefirst one,two, or threeeigemwectorswasinvestigated.
Surprisingly the systemperformedbestwith only oneeigewector The bestSOM parameterghatwere
testedproducedslightly better performance. The quantizationinherentin the SOM could provide a
degreeof invarianceto minor imagesampledifferencesand quantizationof the PCA projectionsmay
improve performance.

| Dimensionalityreduction] KL [ SOM |
\ Errorrate | 5.33%| 3.83%|

Table 6. Error rateof the facerecognitionsystemwith KL andSOM featureextractionmechanismsEachresultis
theaverageof threesimulations.

6. Replacing the CN with an MLP — table7 shavs the resultsof replacingthe corvolutional network with
a multilayer perceptron. Performancas very poor This resultwas expectedbecausehe multilayer
perceptromoesothave theinbuilt invarianceto minortranslatiorandlocaldeformatiorwhichis created
in theconvolutionalnetwork usingthelocal receptve fields,sharedveights,andspatialsubsamplingAs
anexample,considemwhenafeatureis shiftedin atestimagein comparisorwith thetrainingimage(s)
for theindividual. The MLP is expectedto have difficulty recognizinga featurewhich hasbeenshifted
in comparisorio thetrainingimagesbecause¢heweightsconnectedo the new locationwerenottrained
for thefeature.

The MLP containedonehiddenlayer The following hiddenlayer sizesweretested:20, 50, 100, 200,
and500. The bestperformanceavas obtainedwith 200 hiddennodesand a training time of 2.5 days
(onanSGI R4400150Mhzmachine).Thelearningratescheduleandinitial learningratewerethe same
asfor the original network. Note that the bestperformingKL parametersvere usedwhile the best
performingSOM parametersverenot. Notethatit maybe consideredairerto compareagainsan MLP

16



\ | KL | SOM |
MLP | 41.2%] 39.6%
CN | 5.33%| 3.83%

Table 7. Errorratecomparisorof thevariousfeatureextractionandclassificatiormethods Eachresultis theaverage
of threesimulations.

with multiple hiddenlayers(Haykin, 1996), hovever selectionof the appropriatenumberof nodesin
eachlayerandtrainingis difficult (e.g. trying a network with two hiddenlayerscontainingl00 and50
nodesrespectiely resultedn anerrorrateof 90%).

7. The tradeoff between rejection threshold and recognition accuracy — Figure 12 shavs a histogramof
the confidenceof the system for the caseswhenthe classifieris correctandwhenit is wrong for one
of the bestperformingsystems.Fromthis graphit is expectedthatthe classificationperformancewill
increasesignificantlyif casesbelov a certainconfidencethresholdare rejected. Figure 13 shaws the
systemperformanceastherejectionthresholds increasedlt canbeseerthatby rejectingexampleswith
low confidencet is possibleto significantlyincreasehe classificatiorperformancef the system.For a
systemwhich useda videocamerao take a numberof picturesover a shortperiod,it maybepossibleto
obtainahigh level of performancevith anappropriateejectionthreshold.

30 T T T T

,,,,,

25 | Confidencé when Wrong—— |

20 - o

,,,,,,

15_ |

Histogram

10 |+

5 | o I —
O [ 1 1 | | |

Confidence

Figure 12. A histogramdepictingthe confidenceof the classifierwhenit turnsoutto be correct,andthe confidence
whenit iswrong. Thegraphsuggestthatit is possibleo improve classificatiorperformanceonsiderablyy rejecting
casesvherethe classifiethasalow confidenc€because¢he casesvheretheclassifieris wrong have low confidence).

8. Comparison with other known results on the same database — Table8 shavs a summaryof the perfor
manceof the systemdor which resultsareavailableusingthe ORL databaseA SOM gquantizatiorievel
of 8 is usedin this case.The SOM+CN systempresentedhereis the bestperformingsyster andper
formsrecognitionroughlytwo ordersof magnitudefasterthanthe seconcbestperformingsystem-the
pseudd®D-HMMs of Samaria Figure14 shavs theimageswhich wereincorrectlyclassifiedfor oneof
thebestperformingsystems.
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Figure 13. Thetestsetclassificatiorperformanceasa functionof the percentagef samplesejected.Classification
performanceanbeimprovedsignificantlyby rejectingcasesvith low confidence.

Figure 14. Testimages.Theimageswith athick white borderwereincorrectlyclassifiedoy oneof the bestperform-
ing systems.

9. Variation of the number of training images per person. Table9 andfigure 15 shawv theresultsof varying
thenumberof imagesperclassusedin thetrainingsetfrom 1 to 5 for PCA+CN,SOM+CNandalsofor
theeigenficesalgorithm. Two versionsof the eigenficesalgorithmwereimplementedThefirst version
createsrectorsfor eachclassin thetraining setby averagingthe resultsof the eigenficerepresentation
overall imagedor thesameperson.Thiscorrespondto thealgorithmasdescribedy Turk andPentland
(1991). However, it wasfound that using separateraining vectorsfor eachtraining imageresultedin
betterperformance.Using between40 and 100 eigenfcesresultedin similar performance.lt canbe
obsenred thatthe PCA+CNand SOM+CN methodsare both superiorto the eigenficestechniqueeven

8The 3.83%errorratereporteds an averageof multiple simulations— individual simulationshave given errorratesaslow as
1.5%.
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\ System

\ Errorrate\ Classificatiortime \

Top-davn HMM
Eigenfices

Pseud@D-HMM
SOM+CN

13%
10.5%
5%
3.8%

n/a
n/a

240seconds
< 0.5seconds

Table 8. Errorrateof thevarioussystems! OnaSunSpardl. 2 OnanSGlIndy MIPS R4400100Mhzsystem.Ac-
cordingto the SPECint92and SPECfp92atingsathttp: //hpwww. epfl.ch/bench/SPEC.html the SGI machine
is approximately3 timesfasterthanthe SunSparcll, makingthe SOM+CNapproximatelyl60timesfasterthanthe

Pseud®D-HMMs for classification.

whenthereis only onetrainingimageper person. The SOM+CN methodconsistentlyperformsbetter

thanthe PCA+CNmethod.
40 T LI T T
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30 b - PCA+CN - |
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Figure 15. Theerrorrateof thefacerecognitionsystemandeigenficesasthenumberof imagesperpersoris varied.

Averagedver two differentselection®f thetrainingandtestsets.

\ Imagesperperson

| 1 [ 2 ]3] 4]5]

PCA+CN
SOM+CN

Eigenfices- averageperclass| 38.6
Eigenfaices- oneperimage | 38.6

34.2
30.0

28.8
20.9
17.2
17.0

28.9
18.2
13.2
11.8

27.1
15.4
12.1
7.1

26
10.5
7.5
3.8

Table 9. Theerrorratefor the eigenficesalgorithmandthe SOM+CNasthe sizeof thetrainingsetis variedfrom 1
to 5 imagesperperson.Averagedvertwo differentselectionf thetrainingandtestsets.100eigenficesvereused
in the eigenficesalgorithm. The architectureof the CN wasasgivenin table1. The SOM dimensionalitywas3, the

numberof nodesperdimensionvas8, andthe PCAreducedhedatato 3 dimensions.
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7 Discussion

Cornvolutionalnetworkshave traditionallybeenusedon raw imageswithoutary preprocessingiithoutthe
preprocessingsedin thiswork (thelocalimagesamplingandSOM or KL transformstages)theresulting
convolutional networks arelarger, morecomputationallyintensve, andhave not performedaswell in our
experimentqe.g.usingno preprocessingndthe sameCN architecturexceptinitial receptve fieldsof 8 x
8 resultedn approximatelytwo timesgreatererror (for the caseof fiveimagesperperson)).

Figure 16 shavs the randomlychoseninitial local imagesamplescorrespondingo eachnodein a two-

dimensionaBOM, andthefinal samplesvhichthe SOM corvergesto. Lookingacrosgherowsandcolumns
it canbe seenthatthe quantizedsamplesepresensmoothlychangingshadingpatterns.This is theinitial

representatiofrom which successily higherlevel featuresareextractedusingthe convolutional network.

Figurel7 shavsthe activation of thenodesin a sampleconvolutionalnetwork for a particulartestimage.

Figure 16. SOMimagesampleseforetraining (arandomsetof imagesamplespndaftertraining.

Figure 18 shavs the resultsof sensitvity analysisin orderto determinewhich partsof theinputimageare
mostimportantfor classification.Usingthe methodof BalujaandPomerleawasdescribedn Rowley etal.

(1995), eachof the input planesto the convolutional network wasdividedinto 2 x 2 seggments(the input

planesare23 x 28). Eachof 168 (12 x 14) sgmentswasreplacedwith randomnoise,onesegmentat a

time. Thetestperformancevascalculatecateachstep.Theerrorof thenetwork whenreplacingpartsof the
inputwith randomnoisegivesanindicationof haw importanteachpartof theimageis for theclassification
task. Fromthefigureit canbe obseredthatthe eyes,nose mouth,chin, andhair regionsareall important
to the classificatiortask.

8 Computational Complexity

The SOM training processs relatively slov. This may not be a majordravbackof the approacthowever,
becausét maybe possibleto extendthe systemto cover new classesithout retrainingthe SOM. All that
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Figure 17. A depictionof the nodemapsin a sampleconvolutional network shaving the activation valuesfor a
particulartestimage. The input imageis shavn on the left. In this casethe imageis correctly classifiedwith only
one activatedoutputnode (the top node). From left to right after the inputimage, the layersare: the input layer,
convolutionallayer1, subsamplindgayer1, corvolutionallayer2, subsamplindayer2, andtheoutputlayer. Thethree
planesin theinputlayercorrespondo thethreedimensionof the SOM.

Figure 18. Sensitvity to variouspartsof theinputimage. It canbe obseredthatthe eyes,mouth,nose,chin, and
hair regionsareall importantfor the classification.The z axis correspondso the meansquareckerrorratherthanthe
classificatiorerror (the meansquarecerroris preferablebecauset variesin a smootherfashionasthe inputimages
areperturbed) Theimageorientationcorresponds$o uprightfaceimages.
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is requiredis thatthe imagesampleoriginally usedto train the SOM aresuficiently representate of the
imagesamplesisedin nen images.For the experimentgeportedhere,the quantizedutputof the SOMis
very similar if it is trainedwith only 20 classesnsteadof 40. In addition,the Karhunen-Léwe transform
canbeusedin placeof the SOM with arelatvely minorimpacton systemperformance.

Theconvolutionalnetwork trainingprocesss alsorelatively slow, how significantis this? Thecorvolutional
network extractsfeaturesfrom the image. It is possibleto usefixed featureextraction. Considerif the
convolutional network is divided into two parts: theinitial featureextractionlayersandthe final feature
extraction and classificationlayers. Given a well chosensampleof the completedistribtution of facesto

recognize the featuresextractedfrom the first sectionmay also be useful for the classificationof nen

classes.Thesefeaturescould thenbe consideredixed featuresandthe first part of the network may not
needto beretrainedvhenaddingnew classesThe pointat which the convolutional network is brokeninto

two would dependon how well thefeaturesat eachstageareusefulfor the classificatiorof new classegthe
larger featuresin the final layersarelesslikely to be a goodbasisfor classificationof new examples). It

maybepossibleo replacethe secondoartwith anothettypeof classifier— e.g.anearest-neighbarassifier
In this casethe time requiredfor retrainingthe systemwhenaddingnew classesvould be minimal (the
extractedfeaturevectorsaresimply storedfor thetrainingimages).

The following variableswill be usedto give anideaof the computationacompleity of eachpart of the
system:

N, Thenumberof classes

N, Thenumberof nodesn the self-oiganizingmap

N,1  Thenumberof weightsin the corvolutionalnetwork

Ny2  Thenumberof weightsin the classifier

Ny, Thenumberof trainingexamples

N, Thenumberof nodesn theneighborhoodunction

Npnn1  Thetotal numberof next nodesusedto backpropagattheerrorin theCN
Npnn2  Thetotal numberof next nodesusedto backpropagattheerrorin the MLP classifier
N,q  Theoutputdimensionof theKL projection

Niq Theinputdimensionof the KL projection

N; Thenumberof localimagesampleperimage

N,,,  Thenumberof trainingsampledor the SOM or the KL projection

Tables10 and11 shav the approximatecompleity of the variouspartsof the systemduring training and

classification.The compleity is shavn for boththe SOM andKL alternatvesfor dimensionalityreduction
andfor boththeneuralnetwork (MLP) andanearest-neighbaassifier(asthelastpartof thecorvolutional

network — not as a completereplacementj.e. this is not the sameas the earlier multilayer perceptron
experiments) Notethatthe constanassociateavith thelog factorsmayincreasesxponentiallyin theworst

case(cf. neighborsearchingn high dimensionakpacegArya andMount, 1993)). Theapproximationgim

to shav how the computationatomplity scalesaccordingto the numberof classese.g. for thetraining

compleity of the MLP classifier althoughN,,2 + N,,2 maybelargerthanN,, both N, and N,,,,» scale
roughlyaccordingo N..

With referencdo table11, considerfor example themain SOM+CNarchitecturen recognitionmode.The

compleity of the SOM moduleis independentf the numberof classesThe compl«ity of the CN scales
accordingo the numberof weightsin the network. Whenthe numberof featuremapsin theinternallayers
is constantthe numberof weightsscalesoughlyaccordingo the numberof outputclassegthe numberof

weightsin the outputlayerdominategsheweightsin theinitial layers).
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| Section | Trainingcompleity \

KL O((2 + N?) Ny, + 3N3)) ~ O(NZ + N3))

SOM O(k, Ng 2 Noks log N, ) O(Ng Ny, log Ny) (N, varies)
CN ( Ntr( wl + Nnnl)) O(Nterl)

MLP Classifier| O(ksNy(Ny2 + Npn2)) = O(Ny,-Ne)

NN Classifier | O(Ny)

Table 10. Trainingcompleity. k; andks representhe numberof timesthetraining setis presentedo the network
for the SOM andthe CN respectiely.

| Section | Classificatiorcomplexity \
KL O(NisNidNod)
SOM O(N;skqlog Ng) = O(N;s log Ny)
CN O(kQNwl) ~ O(Nwl)

MLP Classifier| O(Nyz2) = O(N,)
NN Classifier | O(k4log Ny,) =~ O(log N,)

Table 11. Classificatiorcompleity. k2 representthe degreeof sharedveightreplication.

In termsof computationtime, the requirement®f real-timetasksvaries. The systempresenteghouldbe
suitablefor a numberof real-timeapplications. The systemis capableof performinga classificationin
lessthanhalf a secondfor 40 classes.This speeds sufiicient for taskssuchasaccescontrolandroom
monitoringwhenusing40 classeslt is expectedhatanoptimizedversioncouldbe significantlyfaster

9 Further Reseach
Thefollowing topicsfor furtherresearcttouldimprove performance:

1. Morecarefulselectiorof theconvolutionalnetwork architecturee.g. by usingtheOptimalBrain Damage
algorithm(Le Cun, Denker andSolla,1990)asusedby Le Cunetal. (1990)to improve generalization
andspeedup handwrittendigit recognition.

2. More precisenormalizationof the imagesto accountfor translationrotation,and scalechanges.Any
normalizationvould belimited by the desiredrecognitionspeed.

3. Thevariousfacialfeaturescould beranked accordingto theirimportancen recognizinglacesandsepa-
ratemodulescould be introducedfor variouspartsof the face,e.g. the eye region, the noseregion, and
the mouth region (Brunelli and Poggio(1993) obtain very good performanceusing a simpletemplate
matchingstratgy on preciselytheseregions).

4. An ensembleof recognizercould be used. Thesecould be combinedby using simple methodssuch
as a linear combinationbasedon the performanceof eachnetwork, or via a gating network andthe
Expectation-Maximizatioalgorithm(Drucker, Cortes Jaclel, Le CunandVapnik,1994;Jacobs1995).

23



Examinationof the errorsmadeby networks trainedwith differentrandomweightsand by networks
trainedwith the SOM dataversusnetworks trainedwith the KL datashavs thata combinationof net-
works shouldimprove performancgthe setof commonerrorsbetweerthe recognizerss often signifi-
cantlysmallerthanthetotal numberof errors).

5. Invarianceto a groupof desiredtransformationgould be enhancedvith the additionof pseudo-datto
thetrainingdatabase- i.e. the additionof nev examplescreatedrom the currentexamplesusinglocal
deformation etc. Leen(1991)shavs thataddingpseudo-dataanbe equivalentto addinga regularizer
to the costfunctionwherethe regularizerpenalizeschangesn the outputwhenthe input goesundera
transformatiorfor whichinvariances desired.

10 Conclusions

A fast,automaticsystemfor facerecognitionhasbeenpresentedvhich is a combinationof a local image
samplerepresentationa self-oganizingmap network, anda corvolutional network. The self-oganizing
mapprovidesquantizatiorof theimagesamplesnto atopologicalspacevhereinputsthatarenearbyin the
original spaceaarealsonearbyin the outputspacewhichresultsin invarianceto minor changesn theimage
samplesandthe cornvolutional neuralnetwork providesfor partialinvarianceto translationyotation,scale,
anddeformation.Substitutionof the Karhunen-Lewe transformfor the self-oganizingmapproducedsim-
ilar but slightly worseresults.The methodis capableof rapidclassificationrequiresonly fast,approximate
normalizationrandpreprocessingandconsistentlyexhibits betterclassificatiorperformancehantheeigen-
facesapproachTurk andPentland;1991)onthe databaseonsideredsthe numberof imagesperpersonin
thetrainingdatabasés variedfrom 1 to 5. With 5 imagesper personthe proposednethodandeigenfices
resultin 3.8%and10.5%errorrespectiely. Therecognizemprovidesa measuref confidencen its output
andclassificatiorerrorapproacheserowhenrejectingasfew as10%of theexamples.Thereareno explicit
three-dimensionahodelsin the systemhowever it wasfoundthatthe quantizedocalimagesamplesised
asinput to the corvolutional network represensmoothlychangingshadingpatterns.Higher level features
areconstructedrom thesebuilding blocksin successie layersof the convolutionalnetwork. The systemis
partially invariantto changesn thelocalimagesamplesscaling translationanddeformatiornby design.
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