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Abstract

Facesrepresentcomplex, multidimensional,meaningfulvisual stimuli anddevelopinga computa-
tional model for facerecognitionis difficult (Turk andPentland,1991). We presenta hybrid neural
network solutionwhichcomparesfavorablywith othermethods.Thesystemcombineslocal imagesam-
pling, a self-organizingmapneuralnetwork, anda convolutionalneuralnetwork. The self-organizing
mapprovidesa quantizationof theimagesamplesinto a topologicalspacewhereinputsthatarenearby
in the original spacearealsonearbyin the outputspace,therebyproviding dimensionalityreduction
andinvarianceto minor changesin the imagesample,andthe convolutionalneuralnetwork provides
for partialinvarianceto translation,rotation,scale,anddeformation.Theconvolutionalnetwork extracts
successively largerfeaturesin a hierarchicalsetof layers.We presentresultsusingtheKarhunen-Lòeve
transformin placeof the self-organizingmap, and a multilayer perceptronin placeof the convolu-
tional network. TheKarhunen-Lòevetransformperformsalmostaswell (5.3%errorversus3.8%).The
multilayerperceptronperformsvery poorly (40% errorversus3.8%). Themethodis capableof rapid
classification,requiresonly fast,approximatenormalizationandpreprocessing,andconsistentlyexhibits
betterclassificationperformancethantheeigenfacesapproach(TurkandPentland,1991)onthedatabase
consideredasthe numberof imagesper personin the training databaseis variedfrom 1 to 5. With 5
imagesperpersontheproposedmethodandeigenfacesresultin 3.8%and10.5%errorrespectively. The
recognizerprovidesa measureof confidencein its outputandclassificationerrorapproacheszerowhen
rejectingasfew as10%of theexamples.We usea databaseof 400imagesof 40 individualswhichcon-
tainsquitea highdegreeof variability in expression,pose,andfacialdetails.We analyzecomputational
complexity anddiscusshow new classescouldbeaddedto thetrainedrecognizer.
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1 Intr oduction

The requirementfor reliablepersonalidentificationin computerizedaccesscontrol hasresultedin an in-
creasedinterestin biometrics1. Biometricsbeinginvestigatedincludefingerprints(Blue,Candela,Grother,
ChellappaandWilson, 1994),speech(Burton,1987),signaturedynamics(Qi andHunt, 1994),andface
recognition(Chellappa,WilsonandSirohey, 1995).Salesof identityverificationproductsexceed$100mil-
lion (Miller, 1994). Facerecognitionhasthebenefitof beinga passive, non-intrusive systemfor verifying
personalidentity. Thetechniquesusedin thebestfacerecognitionsystemsmaydependon theapplication
of thesystem.Thereareat leasttwo broadcategoriesof facerecognitionsystems:

1. Thegoal is to find a personwithin a largedatabaseof faces(e.g. in a policedatabase).Thesesystems
typically returna list of themostlikely peoplein thedatabase(Pentland,Starner, Etcoff, Masoiu,Oliyide
andTurk, 1993).Oftenonly oneimageis availableperperson.It is usuallynotnecessaryfor recognition
to bedonein real-time.

2. The goal is to identify particularpeoplein real-time(e.g. in a securitymonitoring system,location
trackingsystem,etc.),or to allow accessto a groupof peopleanddeny accessto all others(e.g. access
to abuilding, computer, etc.) (Chellappaetal.,1995).Multiple imagesperpersonareoftenavailablefor
trainingandreal-timerecognitionis required.

This paperis primarily concernedwith the secondcase2. This work considersrecognitionwith varying
facialdetail,expression,pose,etc. Invarianceto highdegreesof rotationor scalingarenotconsidered– it is
assumedthata minimal preprocessingstageis availableif required(i.e. to locatethepositionandscaleof
a facein a larger image).We areinterestedin rapidclassificationandhencewe do not assumethat time is
availablefor extensive preprocessingandnormalization.Goodalgorithmsfor locatingfacesin imagescan
befoundin (Turk andPentland,1991;SungandPoggio,1995;Rowley, BalujaandKanade,1995).

The remainderof this paperis organizedasfollows. The datausedis presentedin section2 andrelated
work with this andotherdatabasesis discussedin section3. The componentsanddetailsof our system
aredescribedin sections4 and 5 respectively. Resultsarepresentedanddiscussedin sections6 and7.
Computationalcomplexity is consideredin section8 andconclusionsaredrawn in section10.

2 Data

Thedatabaseusedis theORL databasewhich containsphotographsof facestakenbetweenApril 1992and
April 1994at the Olivetti ResearchLaboratoryin Cambridge,UK3. Thereare10 different imagesof 40
distinctsubjects.For someof thesubjects,theimagesweretakenat differenttimes.Therearevariationsin
facialexpression(open/closedeyes,smiling/non-smiling),andfacialdetails(glasses/noglasses).All of the
imagesweretakenagainstadarkhomogeneousbackgroundwith thesubjectsin anupright,frontalposition,
with tolerancefor sometilting androtationof up to about20 degrees.Thereis somevariationin scaleof
up to about10%. Thumbnailsof all of the imagesareshown in figure1 anda largersetof imagesfor one
subjectis shown in figure2. Theimagesaregreyscalewith a resolutionof _4`badc4c�` .

1Physiologicalor behavioral characteristicswhichuniquelyidentify people.
2However, experimentshave not beenperformedwherethesystemwasrequiredto rejectpeoplethatarenot in a selectgroup

(important,for example,whenallowing accessto abuilding).
3TheORL databaseis availablefreeof charge,see
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Figure 1. TheORL facedatabase.Thereare10 imageseachof the40subjects.

3 RelatedWork

Thissectionsummarizesrelatedwork onfacerecognition– geometricalfeaturebasedapproaches,template
matching,neuralnetwork approaches,andthepopulareigenfaces technique.
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Figure 2. Thesetof 10 imagesfor onesubject.Considerablevariationcanbeseen.

3.1 GeometricalFeatures

Many peoplehave exploredgeometricalfeaturebasedmethodsfor facerecognition. Kanade(1973)pre-
sentedanautomaticfeatureextractionmethodbasedon ratiosof distances(betweenfeaturepointssuchas
the locationof theeyes,nose,etc.) andreporteda recognitionrateof between45-75%with a databaseof
20people.Brunelli andPoggio(1993)computeasetof geometricalfeaturessuchasnosewidth andlength,
mouthposition,andchin shape.They reporta 90%recognitionrateon a databaseof 47 people.However,
they show thata simpletemplatematchingschemeprovides100%recognitionfor thesamedatabase.Cox,
GhosnandYianilos(1995)have recentlyintroduceda mixture-distance techniquewhich achievesa recog-
nition rateof 95%using95 testimagesand685trainingimages(oneimageperpersonin eachcase).Each
faceis representedby 30 manually extracteddistances.

Systemswhich employ preciselymeasureddistancesbetweenfeaturesmaybemostusefulfor finding pos-
sible matchesin a large mugshotdatabase(a mugshotdatabasetypically containsside views wherethe
performanceof featurepointmethodsis known to improve(Chellappaetal.,1995)).For otherapplications,
automaticidentificationof thesepointswouldberequired,andtheresultingsystemwouldbedependenton
theaccuracy of the featurelocationalgorithm. Currentalgorithmsfor automaticlocationof featurepoints
donotconsistentlyprovideahighdegreeof accuracy (Sutherland,Renshaw andDenyer, 1992).

3.2 Eigenfaces

High-level recognitiontasksaretypically modeledwith many stagesof processingasin theMarr paradigm
of progressingfrom imagesto surfacesto three-dimensionalmodelsto matchedmodels(Marr, 1982).How-
ever, Turk andPentland(1991)arguethat it is likely that thereis alsoa recognitionprocessbasedon low-
level, two-dimensionalimageprocessing.Their argumentis basedon the earlydevelopmentandextreme
rapidity of facerecognitionin humans,andon physiologicalexperimentsin monkey cortex which claim
to have isolatedneuronsthat respondselectively to faces(Perret,Rolls andCaan,1982). However, these
experimentsdonotexcludethepossibilityof thesoleoperationof theMarr paradigm.

Turk andPentland(1991)presenta facerecognitionschemein which faceimagesareprojectedonto the
principal componentsof the original set of training images. The resultingeigenfaces are classifiedby
comparisonwith known individuals.
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Turk andPentland(1991)presentresultsonadatabaseof 16subjectswith variousheadorientation,scaling,
andlighting. Their imagesappearidenticalotherwisewith little variationin facialexpression,facialdetails,
pose,etc. For lighting, orientation,andscalevariationtheir systemachieves96%,85% and64% correct
classificationrespectively. Scaleis renormalizedto theeigenfacesizebasedonanestimateof theheadsize.
Themiddleof thefacesis accentuated,reducingany negativeaffectof changinghairstyleandbackgrounds.

In Pentlandetal. (1993;1994)goodresultsarereportedonalargedatabase(95%recognitionof 200people
from adatabaseof 3,000).It is difficult to draw broadconclusionsasmany of theimagesof thesamepeople
look very similar (in thesensethat thereis little differencein expression,hairstyle,etc.),andthedatabase
hasaccurateregistrationandalignment(MoghaddamandPentland,1994). In MoghaddamandPentland
(1994),verygoodresultsarereportedwith theUSArmy FERETdatabasedatabase– only onemistake was
madein classifying150 frontal view images.Thesystemusedextensive preprocessingfor headlocation,
featuredetection,andnormalizationfor the geometryof the face,translation,lighting, contrast,rotation,
andscale.

In summary, it appearsthateigenfacesis a fast,simple,andpracticalalgorithm.However, it maybelimited
becauseoptimalperformancerequiresahighdegreeof correlationbetweenthepixel intensitiesof thetrain-
ing andtestimages.This limitation hasbeenaddressedby usingextensive preprocessingto normalizethe
images.

3.3 TemplateMatching

Templatematchingmethodssuchas(Brunelli andPoggio,1993)operateby performingdirectcorrelationof
imagesegments(e.g.by computingtheEuclideandistance).Templatematchingis only effective whenthe
queryimageshave thesamescale,orientation,andilluminationasthetrainingimages(Coxetal., 1995).

3.4 Neural Network Approaches

Much of thepresentliteratureon facerecognitionwith neuralnetworkspresentsresultswith only a small
numberof classes(often below 20). For example,in (DeMersandCottrell, 1993) the first 50 principal
componentsof imagesareextractedandreducedto 5 dimensionsusinganautoassociative neuralnetwork.
Theresultingrepresentationis classifiedusinga standardmultilayerperceptron.Goodresultsarereported
but thedatabaseis quitesimple:thepicturesaremanuallyalignedandthereis nolighting variation,rotation,
or tilting. Thereare20peoplein thedatabase.

3.5 The ORL Databaseand Application of HMM and EigenfacesMethods

In (SamariaandHarter, 1994)aHMM-basedapproachis usedfor classificationof theORLdatabaseimages.
HMMs aretypically usedfor thestochasticmodelingof non-stationaryvectortimeseries.In thiscase,they
areappliedto imagesandasamplingwindow is passedover theimageto generateavectorateachstep.The
bestmodelresultedin a13%errorrate.Samariaalsoperformedextensive testsusingthepopulareigenfaces
algorithm(Turk andPentland,1991)on the ORL databaseandreporteda besterror rateof around10%
whenthenumberof eigenfaceswasbetween175and199.Around10%errorwasalsoobservedin thiswork
whenimplementingtheeigenfacesalgorithm. In (Samaria,1994)Samariaextendsthetop-down HMM of
(Samariaand Harter, 1994)with pseudotwo-dimensionalHMMs. The pseudo-2DHMMs are obtained
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by linking one dimensionalHMMs to form vertical superstates.The network is not fully connectedin
two dimensions(hence“pseudo”). The error rate reducesto 5% at the expenseof high computational
complexity – a single classificationtakes four minuteson a Sun SparcII. Samarianotesthat, although
an increasedrecognitionratewasachieved, the segmentationobtainedwith the pseudotwo-dimensional
HMMs appearedquiteerratic. Samariausesthesametrainingandtestsetsizesasusedlater in this paper
(200 training imagesand200 testimageswith no overlapbetweenthe two sets).The5% error rateis the
besterrorratepreviously reportedfor theORL databasethatweareawareof.

4 SystemComponents

4.1 Overview

The following sectionsintroducethe techniqueswhich form the componentsof the proposedsystemand
describethemotivationfor usingthem.Briefly, theinvestigationsconsiderlocal imagesamplingandatech-
niquefor partial lighting invariance,a self-organizingmap(SOM) for projectionof thelocal imagesample
representationinto a quantizedlower dimensionalspace,theKarhunen-Lòeve (KL) transformfor compar-
ison with the self-organizingmap,a convolutional network (CN) for partial translationand deformation
invariance,andamultilayerperceptron(MLP) for comparisonwith theconvolutionalnetwork.

4.2 Local ImageSampling

Two differentmethodsof representinglocal imagesampleshave beenevaluated.In eachmethodawindow
is scannedover theimageasshown in figure3.

1. Thefirst methodsimply createsa vectorfrom a local window on theimageusingtheintensityvaluesat
eachpoint in thewindow. Let j1kml betheintensityat the n th column,andthe o th row of thegivenimage.
If thelocalwindow is asquareof sides̀�prqsc long,centeredon j kml , thenthevectorassociatedwith this
window is simply t j�kYu1v � l�u1vxwRj1kiu1v � l�u1vzy � w={={={Kw|j�kmlQw={={={RwRj1k}y�v � l�y�v~u � wRj1kLy�v � lOy�vz� .

2. Thesecondmethodcreatesarepresentationof thelocalsampleby formingavectoroutof a) theintensity
of the centerpixel j1k�l , andb) the differencein intensitybetweenthe centerpixel andall otherpixels
within thesquarewindow. Thevectoris givenby t j kml�� j kiu1v � l�u1v w�j kml�� j kYu1v � l�u1vzy � w={={={KwK� kml j k�l w={={={Kwj�kml � j1kLy�v � lOy�v�u � w#j1kml � j1k}y�v � l�y�vz� . Theresultingrepresentationbecomespartially invariantto vari-
ationsin intensityof the completesample.The degreeof invariancecanbe modifiedby adjustingthe
weight ��k�l ( ��� ) connectedto thecentralintensitycomponent.

4.3 The Self-OrganizingMap

4.3.1 Overview

Maps are an importantpart of both naturaland artificial neural information processingsystems(Bauer
andPawelzik, 1992). Examplesof mapsin the nervoussystemareretinotopicmapsin the visual cortex
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Figure 3. A depictionof the local imagesamplingprocess.A window is steppedover the imageanda vectoris
createdateachlocation.

(Obermayer, BlasdelandSchulten,1991),tonotopicmapsin theauditorycortex (Kita andNishikawa,1993),
andmapsfrom theskin ontothesomatosensoriccortex (Obermayer, Ritter andSchulten,1990). Theself-
organizingmap,or SOM, introducedby Teuvo Kohonen(1990;1995)is anunsupervisedlearningprocess
which learnsthedistribution of a setof patternswithout any classinformation.A patternis projectedfrom
an input spaceto a positionin the map– informationis codedasthe locationof an activatednode. The
SOM is unlike mostclassificationor clusteringtechniquesin that it providesa topologicalorderingof the
classes.Similarity in input patternsis preserved in theoutputof theprocess.Thetopologicalpreservation
of theSOMprocessmakesit especiallyusefulin theclassificationof datawhich includesa largenumberof
classes.In the local imagesampleclassification,for example,theremaybea very largenumberof classes
in which thetransitionfrom oneclassto thenext is practicallycontinuous(makingit difficult to definehard
classboundaries).

4.3.2 Algorithm

Wegiveabrief descriptionof theSOMalgorithm,for moredetailssee(Kohonen,1995).TheSOMdefines
amappingfrom aninputspace�z� ontoatopologicallyorderedsetof nodes,usuallyin a lowerdimensional
space.An exampleof a two-dimensionalSOM is shown in figure4. A referencevectorin theinput space,� k���t ��k � w���k � w={}{}{}w���k � �}�����z� , is assignedto eachnodein the SOM. During training,eachinput, j , is
comparedto all of the � k , obtainingthelocationof theclosestmatch( �}� j � ��� �}�#�����L� k'� �}� j � � k �}� � ). The
inputpoint is mappedto this locationin theSOM.Nodesin theSOMareupdatedaccordingto:� k�¡Y¢�q�cK£�� � k�¡Y¢-£�q¥¤ � k�¡Y¢-£>t j¦¡Y¢-£ � � k�¡Y¢�£§� (1)

where ¢ is the time during learningand ¤ � k�¡Y¢�£ is the neighborhood function, a smoothingkernelwhich is
maximumat � � . Usually, ¤ � k-¡Y¢-£;�¨¤©¡-�}� ª � � ªKk��}�«w�¢-£ , where ª � and ª�k representthe locationof the nodes
in theSOM outputspace. ª � is thenodewith the closestweightvectorto the input sampleand ª�k ranges
over all nodes. ¤ � k�¡Y¢-£ approaches0 as �}� ª � � ª�k-�}� increasesandalsoas ¢ approaches¬ . A widely applied
neighborhoodfunctionis:

¤ � k!��­%¡Y¢-£�®>¯
° ± � �}� ª � � ª�k-�}� �`Q² � ¡Y¢�£´³ (2)
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where­%¡Y¢-£ is ascalarvaluedlearningrateand ²�¡Y¢�£ definesthewidth of thekernel.They aregenerallyboth
monotonicallydecreasingwith time. The useof the neighborhoodfunction meansthat nodeswhich are
topographicallyclosein theSOMstructureactivateeachotherto learnsomethingfrom thesameinput j . A
relaxationor smoothingeffect resultswhichleadsto aglobalorderingof themap.Notethat ²�¡Y¢-£ shouldnot
bereducedtoo far asthemapwill loseits topographicalorderif neighboringnodesarenot updatedalong
with theclosestnode.TheSOM canbeconsidereda non-linearprojectionof theprobabilitydensity,µ¶¡Yj)£
(Kohonen,1995).

Figure 4. A two-dimensionalSOM showing a squareneighborhoodfunctionwhich startsas ·
¸B¹§ºF»'¼-½ andreducesin
sizeto · ¸B¹ ºL»¿¾>½ over time.

4.3.3 Impr oving the BasicSOM

Theoriginal self-organizingmapis computationallyexpensive because:

1. In theearlystagesof learning,many nodesareadjustedin acorrelatedmanner. Luttrell (1989)proposed
a method,which is usedhere,wherelearningstartsin a small network, andthe network is doubledin
sizeperiodicallyduringtraining.Whendoubling,new nodesareinsertedbetweenthecurrentnodes.The
weightsof the new nodesaresetequalto the averageof the weightsof the immediatelyneighboring
nodes.

2. Eachlearningpassrequirescomputationof thedistanceof thecurrentsampleto all nodesin thenetwork,
which is Àz¡BÁÂ£ . However, this may be reducedto Àz¡BÃ}Ä4ÅÆÁÇ£ usinga hierarchyof networks which is
createdusingtheabove nodedoublingstrategy4. Thishasnotbeenusedfor theresultsreportedhere.

4Thisassumesthatthetopologicalorderis optimalprior to eachdoublingstep.
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4.4 Karhunen-Loève Transform

Theoptimal linearmethod(in the leastmeansquarederrorsense)for reducingredundancy in a datasetis
the Karhunen-Lòeve (KL) transformor eigenvectorexpansionvia PrincipleComponentsAnalysis(PCA)
(Fukunaga,1990).ThebasicideabehindtheKL transformis to transformpossiblycorrelatedvariablesin a
datasetinto uncorrelatedvariables.Thetransformedvariableswill beorderedsothatthefirst onedescribes
mostof thevariationof theoriginaldataset.Thesecondwill try to describetheremainingpartof variation
undertheconstraintthatit shouldbeuncorrelatedwith thefirst variable.Thiscontinuesuntil all thevariation
is describedby thenew transformedvariables,which arecalledprincipalcomponents.PCA appearsto be
involvedin somebiologicalprocesses,e.g.edgesegmentsareprincipalcomponentsandedgesegmentsare
amongthefirst featuresextractedin theprimaryvisualcortex (HubelandWiesel,1962).

Mathematically, theKL transformcanbewrittenas(Dony andHaykin,1995):È ��É¨Ê (3)

where Ê is an Á dimensionalinput vector, È is an Ë dimensionaloutputvector ( Ë ÌÍÁ ), and É is
an Ë aÎÁ dimensionaltransformationmatrix. Thetransformationmatrix, É , consistsof Ë rows of the
eigenvectorswhichcorrespondto the Ë largesteigenvaluesof thesampleautocovariancematrix, Ï (Dony
andHaykin,1995): ÏÐ��Ñ�Ê�Ê �ÓÒ (4)

where ÔÖÕ representsexpectation.

TheKL transformis usedherefor comparisonwith theSOM in thedimensionalityreductionof the local
imagesamples.TheKL transformis alsousedin eigenfaces,however in thatcaseit is usedon theentire
imageswhereasit is only usedonsmalllocal imagesamplesin thiswork.

4.5 Convolutional Networks

The problemof facerecognitionfrom 2D imagesis typically very ill-posed, i.e. therearemany models
which fit thetrainingpointswell but do not generalizewell to unseenimages.In otherwords,therearenot
enoughtrainingpointsin thespacecreatedby theinput imagesin orderto allow accurateestimationof class
probabilitiesthroughouttheinputspace.Additionally, for MLP networkswith the2D imagesasinput,there
is no invarianceto translationor localdeformationof theimages(Le CunandBengio,1995).

Convolutional networks (CN) incorporateconstraintsand achieve somedegreeof shift and deformation
invarianceusingthreeideas: local receptive fields, sharedweights,andspatialsubsampling.The useof
sharedweightsalsoreducesthenumberof parametersin thesystemaidinggeneralization.Convolutional
networks have beensuccessfullyappliedto characterrecognition(Le Cun,1989;Le Cun,Boser, Denker,
Henderson,Howard,HubbardandJackel, 1990;Bottou,Cortes,Denker, Drucker, Guyon,Jackel, Le Cun,
Muller, Sackinger, SimardandVapnik,1994;Bengio,Le CunandHenderson,1994;Le CunandBengio,
1995).

A typicalconvolutionalnetwork is shown in figure5 (Le Cun,Boser, Denker, Henderson,Howard,Hubbard
and Jackel, 1990). The network consistsof a setof layerseachof which containsone or moreplanes.
Imageswhich areapproximatelycenteredandnormalizedenterat the input layer. Eachunit in a plane
receivesinputfrom asmallneighborhoodin theplanesof thepreviouslayer. Theideaof connectingunitsto
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local receptive fieldsdatesbackto the1960swith theperceptronandHubelandWiesel’s (1962)discovery
of locally sensitive, orientation-selective neuronsin thevisualsystemof a cat(Le CunandBengio,1995).
Theweightsforming the receptive field for a planeareforcedto beequalat all pointsin theplane. Each
planecanbeconsideredasa featuremapwhich hasa fixedfeaturedetectorthat is convolved with a local
window which is scannedover the planesin the previous layer. Multiple planesareusuallyusedin each
layersothatmultiple featurescanbedetected.Theselayersarecalledconvolutional layers.Oncea feature
hasbeendetected,its exactlocationis lessimportant.Hence,theconvolutionallayersaretypically followed
by anotherlayerwhich doesa local averagingandsubsamplingoperation(e.g. for a subsamplingfactorof
2: ×4kml~�r¡Bj � k � � lÆqØj � kLy ��� � lÆqÙj � k � � lOy � qØj � kLy ��� � lOy � £2ÚRÛ where ×4kml is the outputof a subsamplingplaneat
position n-w§o and j kml is theoutputof thesameplanein theprevious layer). Thenetwork is trainedwith the
usualbackpropagationgradientdescentprocedure(Haykin,1994).

Figure5. A typical convolutionalnetwork.

A connectionstrategy can be usedto reducethe numberof weightsin the network. For example,with
referenceto figure5, Le Cun,Boser, Denker, Henderson,Howard,HubbardandJackel (1990)connectthe
featuremapsin the secondconvolutional layer only to 1 or 2 of the mapsin the first subsamplinglayer
(the connectionstrategy waschosenmanually). This canreducetraining time andimprove performance
(Le Cun,Boser, Denker, Henderson,Howard,HubbardandJackel, 1990).

Convolutional networks aresimilar to the Neocognitron(Fukushima,1980;Fukushima,Miyake andIto,
1983;Hummel,1995)which is a neuralnetwork modelof deformation-resistant patternrecognition.The
Neocognitronis similar to theconvolutionalneuralnetwork. AlternatingSandC-cell layersin theNeocog-
nitron correspondto the convolutional andblurring layersin the convolutional network. However, in the
Neocognitron,the C-cell layersrespondto the mostactive input S-cell asopposedto performingan av-
eragingoperation. The Neocognitroncanbe trainedusingeitherunsupervisedor supervisedapproaches
(Fukushima,1995).
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5 SystemDetails

The systemusedfor facerecognitionin this paperis a combinationof the precedingparts– a high-level
block diagramis shown in figure 6 and figure 7 shows a breakdown of the varioussubsystemsthat are
experimentedwith or discussed.

Figure6. A high-level blockdiagramof thesystemusedfor facerecognition.

Figure7. A diagramof thesystemusedfor facerecognitionshowing alternativemethodswhichareconsideredin this
paper. Thetop “multilayer perceptronstyleclassifier”(5) representsthefinal MLP stylefully connectedlayerof the
convolutionalnetwork (theCN is a constrainedMLP, howeverthefinal layerhasnoconstraints).Thisdecomposition
of theconvolutionalnetwork is shown in orderto highlight thepossibilityof replacingthefinal layer(or layers)with
a different type of classifier. The nearest-neighborstyle classifieris potentially interestingbecauseit may make it
possibleto addnew classeswith minimal extra training time. The bottom“multilayer perceptron”(7) shows that
the entireconvolutionalnetwork canbe replacedwith a multilayer perceptron.Resultsarepresentedwith eithera
self-organizingmap(2) or theKarhunen-Lòevetransform(3) for dimensionalityreduction,andeitheraconvolutional
neuralnetwork (4,5)or a multilayerperceptron(7) for classification.

Thesystemworksasfollows (completedetailsof dimensionsetc.aregivenlater):
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1. For the imagesin the trainingset,a fixedsizewindow (e.g. Ü~aÂÜ ) is steppedover theentireimageas
shown in figure3 andlocal imagesamplesareextractedat eachstep.At eachstepthewindow is moved
by 4 pixels.

2. A self-organizingmap(e.g.with threedimensionsandfivenodesperdimension,ÜQÝ��Þc�`4Ü totalnodes)is
trainedonthevectorsfrom thepreviousstage.TheSOMquantizesthe25-dimensionalinputvectorsinto
125topologicallyorderedvalues.Thethreedimensionsof theSOM canbethoughtof asthreefeatures.
The SOM is usedprimarily as a dimensionalityreductiontechniqueand it is thereforeof interestto
comparetheSOMwith amoretraditionaltechnique.Hence,experimentswereperformedwith theSOM
replacedby the Karhunen-Lòeve transform. In this case,the KL transformprojectsthe vectorsin the
25-dimensionalspaceinto a3-dimensionalspace.

3. Thesamewindow asin thefirst stepis steppedover all of the imagesin thetrainingandtestsets.The
local imagesamplesarepassedthroughtheSOMateachstep,therebycreatingnew trainingandtestsets
in theoutputspaceof theself-organizingmap.(Eachinput imageis now representedby 3 maps,eachof
which correspondsto a dimensionin theSOM. Thesizeof thesemapsis equalto thesizeof the input
image( _4`baßc4c�` ) dividedby thestepsize(for astepsizeof 4, themapsare `4àbaá`4â ).)

4. A convolutional neuralnetwork is trainedon the newly createdtraining set. Traininga standardMLP
wasalsoinvestigatedfor comparison.

5.1 Simulation Details

Detailsof thebestperformingsystemfrom all experimentsaregivenin thissection.

For theSOM,trainingwassplit into two phasesasrecommendedby Kohonen(1995)– anorderingphase,
andafine-adjustmentphase.100,000updateswereperformedin thefirst phase,and50,000in thesecond.In
thefirst phase,theneighborhoodradius startedat two-thirdsof thesizeof themapandwasreducedlinearly
to 1. Thelearningrateduringthis phasewas: �
{«ãzas¡�c �dä Ú�ÁÇ£ whereä is thecurrentupdatenumber, andÁ is thetotalnumberof updates.In thesecondphase,theneighborhoodradiusstartedat2 andwasreduced
to 1. Thelearningrateduringthisphasewas: �
{m��`zad¡�c �ßä Ú�ÁÇ£ .
Theconvolutionalnetwork containedfivelayersexcludingtheinputlayer. A confidencemeasurewascalcu-
latedfor eachclassification:×4åæ¡Y×4å � × � åç£ where×4å is themaximumoutput,and × � å is thesecondmaxi-
mumoutput(for outputswhichhave beentransformedusingthesoftmax transformation:× k � èMéOêQëíìKîiïðbñò'ó+ô èMéOêQëíì ò ï
where õ�k are the original outputs, ×4k are the transformedoutputs,and ö is the numberof outputs). The
numberof planesin eachlayer, the dimensionsof the planes,andthe dimensionsof the receptive fields
areshown in table1. Thenetwork wastrainedwith backpropagation(Haykin, 1994)for a total of 20,000
updates.Weightsin thenetwork wereupdatedaftereachpatternpresentation,asopposedto batchupdate
whereweightsareonly updatedonceper passthroughthe trainingset. All inputswerenormalizedto lie
in therangeminusoneto one.All nodesincludeda biasinput which waspartof theoptimizationprocess.
Thebestof 10 randomweightsetswaschosenfor the initial parametersof thenetwork by evaluatingthe
performanceon thetrainingset.Weightswereinitialized on a nodeby nodebasisasuniformly distributed
randomnumbersin the range ¡ � `
{�Û�Ú|÷©k-w�`
{�Û�Ú|÷©k'£ where ÷©k is the fan-in of neuronn (Haykin, 1994). Tar-
getoutputswere-0.8 and0.8 usingthe ø-ù4�2ú outputactivation function5. Thequadraticcostfunctionwas

5This helpsavoid saturatingthesigmoidfunction. If targetsweresetto theasymptotesof the sigmoidthis would tendto: a)
drive theweightsto infinity, b) causeoutlier datato producevery largegradientsdueto the largeweights,andc) producebinary
outputsevenwhenincorrect– leadingto decreasedreliability of theconfidencemeasure.
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used.A searchthenconverge learningrateschedulewasused6: ûü� ý-þÿ����� y � ô���
	�� ô�
 � � ô�� ���
	 � þ 
 � ô � ÿ � � � ������ ô � � � ��� � whereûÎ� learningrate, û��;� initial learningrate= 0.1, Á � total trainingepochs,ä � currenttrainingepoch,� � ��ÜQ� , � � ���
{��4Ü . Thescheduleis shown in figure8. Total trainingtimewasaroundfour hoursonanSGI
Indy 100MhzMIPSR4400system.

0
0.05
0.1

0.15
0.2

0.25
0.3

0.35
0.4

0.45
0.5

50 100 150 200 250 300 350 400 450 500

Le
ar

ni
ng

 R
at

e

�

Epoch

Layer 1
Layer 2

Figure8. Thelearningrateasa functionof theepochnumber.

Layer Type Units x y Receptive Receptive Connection
field x field y Percentage

1 Convolutional 20 21 26 3 3 100
2 Subsampling 20 11 13 2 2 –
3 Convolutional 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 convolutionalnetwork. The connectionpercentagerefersto the percentageof nodes
in thepreviouslayerwhich eachnodein thecurrentlayer is connectedto – a valuelessthan100%reducesthetotal
numberof weightsin thenetwork andmay improve generalization.Theconnectionstrategy usedhereis similar to
thatusedby Le Cunet al. (1990)for characterrecognition.However, asopposedto themanualconnectionstrategy
usedby Le Cunetal., theconnectionsbetweenlayers2 and3 arechosenrandomly. As anexampleof how theprecise
connectionscanbedeterminedfrom thetable– thesizeof thefirst layerplanes(21x26)is equalto thetotal number
of waysof positioninga3x3 receptivefield on theinput layerplanes(23x28).

6 Experimental Results

Variousexperimentswereperformedandtheresultsarepresentedin this section.Exceptwherenoted,all
experimentswereperformedwith 5 trainingimagesand5 testimagesperpersonfor a total of 200training

6Relatively highlearningratesaretypically usedin orderto helpavoidslow convergenceandlocalminima.However, aconstant
learningrateresultsin significantparameterandperformancefluctuationduringtheentiretrainingcyclesuchthattheperformance
of thenetwork canaltersignificantlyfrom thebeginningto theendof thefinal epoch.Moody andDarkin have proposed“search
thenconverge” learningrateschedules.We have found that theseschedulesstill resultin considerableparameterfluctuationand
hencewehave addedanothertermto furtherreducethelearningrateover thefinal epochs.Wehave foundtheuseof learningrate
schedulesto improveperformanceconsiderably.
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imagesand200 test images. Therewasno overlapbetweenthe training and testsets. A systemwhich
guessesthe correctanswerwould be right oneout of forty times,giving an error rateof 97.5%. For the
following setsof experiments,only oneparameteris variedin eachcase.Theerrorbarsshown in thegraphs
representplusor minusonestandarddeviation of thedistribution of resultsfrom anumberof simulations7.
Ideally, it wouldbedesirableto performmoresimulationsperresult,however, thecomputationalresources
availablewerelimited. The constantsusedin eachsetof experimentswere: numberof classes:40, di-
mensionalityreductionmethod:SOM,dimensionsin theSOM:3, numberof nodesperSOMdimension:5,
local imagesampleextraction:originalintensityvalues,trainingimagesperclass:5. Notethattheconstants
in eachsetof experimentsmaynotgivethebestpossibleperformanceasthecurrentbestperformingsystem
wasonly obtainedasa resultof theseexperiments.Theexperimentsareasfollows:

1. Variation of the number of output classes – table2 andfigure 9 show the error rateof the systemas
the numberof classesis variedfrom 10 to 20 to 40. No attemptwasmadeto optimizethe systemfor
thesmallernumbersof classes.As expected,performanceimproveswith fewer classesto discriminate
between.
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Figure9. Theerrorrateasa functionof thenumberof classes.Thenetwork wasnotmodifiedfrom thatusedfor the
40classcase.Theerrorbarsrepresentplusandminusonestandarddeviation.

Numberof classes 10 20 40

Error rate 1.33% 4.33% 5.75%

Table2. Errorrateof thefacerecognitionsystemwith varyingnumberof classes(subjects).Eachresultis theaverage
of threesimulations.

2. Variation of the dimensionality of the SOM – table3 andfigure 10 show the error rateof the system
asthe dimensionof the self-organizingmapis variedfrom 1 to 4. The bestperformingvalueis three
dimensions.

7Multiple simulationswereperformedin eachexperimentwheretheselectionof thetrainingandtestimages(out of a total of���! "$#! &%(')�+*-,$�
possibilities)andtherandomseedusedto initialize theweightsin theSOMandtheconvolutionalneuralnetwork

werevaried.
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Figure10. Theerrorrateasa functionof thenumberof dimensionsin theSOM.

SOMDimension 1 2 3 4

Error rate 8.25% 6.75% 5.75% 5.83%

Table 3. Error rateof the facerecognitionsystemwith varyingnumberof dimensionsin the self-organizingmap.
Eachresultgivenis theaverageof threesimulations.

3. Variation of the quantization level of the SOM – table4 andfigure11 show theerror rateof thesystem
asthesizeof theself-organizingmapis variedfrom 4 to 10 nodesperdimension.TheSOM hasthree
dimensionsin eachcase.Thebesterrorrateoccursfor 8 or 9 nodesperdimension.This is alsothebest
errorrateof all experiments.
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Figure 11. Theerrorrateasa functionof thenumberof nodesperdimensionin theSOM.
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SOMSize 4 5 6 7 8 9 10

Error rate 8.5% 5.75% 6.0% 5.75% 3.83% 3.83% 4.16%

Table4. Error rateof thefacerecognitionsystemwith varyingnumberof nodesperdimensionin theself-organizing
map.Eachresultgivenis theaverageof threesimulations.

4. Variation of the local image sample extraction algorithm – table5 shows the resultof using the two
local imagesamplerepresentationsdescribedearlier. Using the original intensityvalueswasfound to
give thebestperformance.Altering theweightassignedto thecentralintensityvaluein thealternative
representationwasinvestigatedwithoutsuccess.

Input type Pixel intensities Differencesw/baseintensity

Error rate 5.75% 7.17%

Table 5. Error rateof the facerecognitionsystemwith varying imagesamplerepresentation.Eachresult is the
averageof threesimulations.

5. Substituting the SOM with the KL transform – table6 shows theresultsof replacingtheself-organizing
mapwith theKarhunen-Lòeve transform.Usingthefirst one,two,or threeeigenvectorswasinvestigated.
Surprisingly, thesystemperformedbestwith only oneeigenvector. ThebestSOM parametersthatwere
testedproducedslightly betterperformance.The quantizationinherentin the SOM could provide a
degreeof invarianceto minor imagesampledifferencesandquantizationof the PCA projectionsmay
improve performance.

Dimensionalityreduction KL SOM

Error rate 5.33% 3.83%

Table 6. Error rateof thefacerecognitionsystemwith KL andSOM featureextractionmechanisms.Eachresultis
theaverageof threesimulations.

6. Replacing the CN with an MLP – table7 shows theresultsof replacingtheconvolutionalnetwork with
a multilayer perceptron.Performanceis very poor. This result was expectedbecausethe multilayer
perceptrondoesnothavetheinbuilt invarianceto minortranslationandlocaldeformationwhichis created
in theconvolutionalnetwork usingthelocalreceptivefields,sharedweights,andspatialsubsampling.As
anexample,considerwhena featureis shiftedin a testimagein comparisonwith thetrainingimage(s)
for theindividual. TheMLP is expectedto have difficulty recognizinga featurewhich hasbeenshifted
in comparisonto thetrainingimagesbecausetheweightsconnectedto thenew locationwerenot trained
for thefeature.

TheMLP containedonehiddenlayer. The following hiddenlayersizesweretested:20, 50, 100,200,
and500. The bestperformancewasobtainedwith 200 hiddennodesanda training time of 2.5 days
(on anSGI R4400150Mhzmachine).Thelearningratescheduleandinitial learningratewerethesame
as for the original network. Note that the bestperformingKL parameterswere usedwhile the best
performingSOMparameterswerenot. Notethatit maybeconsideredfairerto compareagainstanMLP
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KL SOM

MLP 41.2% 39.6%
CN 5.33% 3.83%

Table7. Errorratecomparisonof thevariousfeatureextractionandclassificationmethods.Eachresultis theaverage
of threesimulations.

with multiple hiddenlayers(Haykin, 1996),however selectionof the appropriatenumberof nodesin
eachlayerandtrainingis difficult (e.g. trying a network with two hiddenlayerscontaining100and50
nodesrespectively resultedin anerrorrateof 90%).

7. The tradeoff between rejection threshold and recognition accuracy – Figure12 shows a histogramof
the confidenceof the system for the caseswhenthe classifieris correctandwhenit is wrong for one
of the bestperformingsystems.Fromthis graphit is expectedthat the classificationperformancewill
increasesignificantly if casesbelow a certainconfidencethresholdarerejected. Figure13 shows the
systemperformanceastherejectionthresholdis increased.It canbeseenthatby rejectingexampleswith
low confidenceit is possibleto significantlyincreasetheclassificationperformanceof thesystem.For a
systemwhichusedavideocamerato takeanumberof picturesoverashortperiod,it maybepossibleto
obtainahigh level of performancewith anappropriaterejectionthreshold.
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Figure 12. A histogramdepictingtheconfidenceof theclassifierwhenit turnsout to becorrect,andtheconfidence
whenit is wrong.Thegraphsuggeststhatit is possibleto improveclassificationperformanceconsiderablyby rejecting
caseswheretheclassifierhasa low confidence(becausethecaseswheretheclassifieris wronghave low confidence).

8. Comparison with other known results on the same database – Table8 shows a summaryof theperfor-
manceof thesystemsfor which resultsareavailableusingtheORL database.A SOMquantizationlevel
of 8 is usedin this case.TheSOM+CNsystempresentedhereis thebestperformingsystem8 andper-
formsrecognitionroughlytwo ordersof magnitudefasterthanthesecondbestperformingsystem– the
pseudo2D-HMMs of Samaria.Figure14 shows theimageswhich wereincorrectlyclassifiedfor oneof
thebestperformingsystems.
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Figure 13. Thetestsetclassificationperformanceasa functionof thepercentageof samplesrejected.Classification
performancecanbeimprovedsignificantlyby rejectingcaseswith low confidence.

Figure14. Testimages.Theimageswith athick whiteborderwereincorrectlyclassifiedby oneof thebestperform-
ing systems.

9. Variation of the number of training images per person. Table9 andfigure15show theresultsof varying
thenumberof imagesperclassusedin thetrainingsetfrom 1 to 5 for PCA+CN,SOM+CNandalsofor
theeigenfacesalgorithm.Two versionsof theeigenfacesalgorithmwereimplemented.Thefirst version
createsvectorsfor eachclassin thetrainingsetby averagingtheresultsof theeigenfacerepresentation
overall imagesfor thesameperson.Thiscorrespondsto thealgorithmasdescribedby Turk andPentland
(1991). However, it wasfound that usingseparatetraining vectorsfor eachtraining imageresultedin
betterperformance.Using between40 and100 eigenfacesresultedin similar performance.It canbe
observed that thePCA+CNandSOM+CNmethodsarebothsuperiorto theeigenfacestechniqueeven

8The3.83%error ratereportedis anaverageof multiple simulations– individual simulationshave givenerror ratesaslow as
1.5%.
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System Error rate Classificationtime

Top-down HMM 13% n/a
Eigenfaces 10.5% n/a

Pseudo2D-HMM 5% 240seconds
�

SOM+CN 3.8% Ô 0.5seconds
�

Table8. Error rateof thevarioussystems.¼ OnaSunSparcII. / OnanSGI Indy MIPSR4400100Mhzsystem.Ac-
cordingto theSPECint92andSPECfp92ratingsat 021�1436587�7!0�349�9�9;:�<!3�=2>?:�@$0A7+BC<!D�@$0C74E!F�G2HI:J0�1!K�> theSGI machine
is approximately3 timesfasterthantheSunSparcII, makingtheSOM+CNapproximately160timesfasterthanthe
Pseudo2D-HMMs for classification.

whenthereis only onetraining imageper person.The SOM+CNmethodconsistentlyperformsbetter
thanthePCA+CNmethod.
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Figure15. Theerrorrateof thefacerecognitionsystemandeigenfacesasthenumberof imagesperpersonis varied.
Averagedover two differentselectionsof thetrainingandtestsets.

Imagesperperson 1 2 3 4 5

Eigenfaces– averageperclass 38.6 28.8 28.9 27.1 26
Eigenfaces– oneperimage 38.6 20.9 18.2 15.4 10.5

PCA+CN 34.2 17.2 13.2 12.1 7.5
SOM+CN 30.0 17.0 11.8 7.1 3.8

Table9. Theerrorratefor theeigenfacesalgorithmandtheSOM+CNasthesizeof thetrainingsetis variedfrom 1
to 5 imagesperperson.Averagedover two differentselectionsof thetrainingandtestsets.100eigenfaceswereused
in theeigenfacesalgorithm.Thearchitectureof theCN wasasgivenin table1. TheSOM dimensionalitywas3, the
numberof nodesperdimensionwas8, andthePCAreducedthedatato 3 dimensions.
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7 Discussion

Convolutionalnetworkshave traditionallybeenusedonraw imageswithoutany preprocessing.Without the
preprocessingusedin this work (thelocal imagesamplingandSOM or KL transformstages),theresulting
convolutional networksarelarger, morecomputationallyintensive, andhave not performedaswell in our
experiments(e.g.usingnopreprocessingandthesameCN architectureexceptinitial receptive fieldsof 8 a
8 resultedin approximatelytwo timesgreatererror(for thecaseof five imagesperperson)).

Figure16 shows the randomlychoseninitial local imagesamplescorrespondingto eachnodein a two-
dimensionalSOM,andthefinalsampleswhichtheSOMconvergesto. Lookingacrosstherowsandcolumns
it canbeseenthat thequantizedsamplesrepresentsmoothlychangingshadingpatterns.This is the initial
representationfrom whichsuccessively higherlevel featuresareextractedusingtheconvolutionalnetwork.
Figure17shows theactivationof thenodesin asampleconvolutionalnetwork for aparticulartestimage.

Figure 16. SOMimagesamplesbeforetraining(a randomsetof imagesamples)andaftertraining.

Figure18 shows theresultsof sensitivity analysisin orderto determinewhich partsof theinput imageare
mostimportantfor classification.Usingthemethodof BalujaandPomerleauasdescribedin Rowley et al.
(1995),eachof the input planesto theconvolutional network wasdivided into `~aß` segments(the input
planesare `4à~aß`4â ). Eachof 168 ( c�`~a¥c>Û ) segmentswasreplacedwith randomnoise,onesegmentat a
time. Thetestperformancewascalculatedateachstep.Theerrorof thenetwork whenreplacingpartsof the
inputwith randomnoisegivesanindicationof how importanteachpartof theimageis for theclassification
task.Fromthefigureit canbeobservedthattheeyes,nose,mouth,chin,andhair regionsareall important
to theclassificationtask.

8 Computational Complexity

TheSOM trainingprocessis relatively slow. This maynot bea majordrawbackof theapproachhowever,
becauseit maybepossibleto extendthesystemto cover new classeswithout retrainingtheSOM.All that
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Figure 17. A depictionof the nodemapsin a sampleconvolutionalnetwork showing the activation valuesfor a
particulartestimage. The input imageis shown on the left. In this casethe imageis correctlyclassifiedwith only
oneactivatedoutputnode(the top node). From left to right after the input image,the layersare: the input layer,
convolutionallayer1, subsamplinglayer1, convolutionallayer2, subsamplinglayer2, andtheoutputlayer. Thethree
planesin theinput layercorrespondto thethreedimensionsof theSOM.
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Figure 18. Sensitivity to variouspartsof the input image. It canbeobservedthat theeyes,mouth,nose,chin, and
hair regionsareall importantfor theclassification.The L axiscorrespondsto themeansquarederrorratherthanthe
classificationerror (themeansquarederror is preferablebecauseit variesin a smootherfashionasthe input images
areperturbed).Theimageorientationcorrespondsto uprightfaceimages.
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is requiredis that the imagesamplesoriginally usedto train theSOM aresufficiently representative of the
imagesamplesusedin new images.For theexperimentsreportedhere,thequantizedoutputof theSOM is
very similar if it is trainedwith only 20 classesinsteadof 40. In addition,theKarhunen-Lòeve transform
canbeusedin placeof theSOMwith a relatively minor impactonsystemperformance.

Theconvolutionalnetwork trainingprocessis alsorelatively slow, how significantis this?Theconvolutional
network extractsfeaturesfrom the image. It is possibleto usefixed featureextraction. Considerif the
convolutional network is divided into two parts: the initial featureextractionlayersandthe final feature
extractionandclassificationlayers. Given a well chosensampleof the completedistribution of facesto
recognize,the featuresextractedfrom the first sectionmay also be useful for the classificationof new
classes.Thesefeaturescould thenbe consideredfixed featuresandthe first part of the network may not
needto beretrainedwhenaddingnew classes.Thepointat which theconvolutionalnetwork is broken into
two woulddependonhow well thefeaturesateachstageareusefulfor theclassificationof new classes(the
larger featuresin the final layersarelesslikely to be a goodbasisfor classificationof new examples).It
maybepossibleto replacethesecondpartwith anothertypeof classifier– e.g.anearest-neighborclassifier.
In this casethe time requiredfor retrainingthe systemwhenaddingnew classeswould be minimal (the
extractedfeaturevectorsaresimplystoredfor thetrainingimages).

The following variableswill be usedto give an ideaof the computationalcomplexity of eachpart of the
system:

M ¸ Thenumberof classesMON
Thenumberof nodesin theself-organizingmapMQP ¼ Thenumberof weightsin theconvolutionalnetworkMQP / Thenumberof weightsin theclassifierMSRUT
Thenumberof trainingexamplesMQV
Thenumberof nodesin theneighborhoodfunctionM V!V ¼ Thetotal numberof next nodesusedto backpropagatetheerrorin theCNM V!V / Thetotal numberof next nodesusedto backpropagatetheerrorin theMLP classifierMOW8X
Theoutputdimensionof theKL projectionM ¹ X Theinputdimensionof theKL projectionM ¹ N Thenumberof local imagesamplesperimageM N�Y
Thenumberof trainingsamplesfor theSOMor theKL projection

Tables10 and11 show theapproximatecomplexity of thevariouspartsof thesystemduring trainingand
classification.Thecomplexity is shown for boththeSOMandKL alternativesfor dimensionalityreduction
andfor boththeneuralnetwork (MLP) andanearest-neighborclassifier(asthelastpartof theconvolutional
network – not as a completereplacement,i.e. this is not the sameas the earlier multilayer perceptron
experiments).Notethattheconstantassociatedwith thelog factorsmayincreaseexponentiallyin theworst
case(cf. neighborsearchingin highdimensionalspaces(Arya andMount,1993)).Theapproximationsaim
to show how thecomputationalcomplexity scalesaccordingto thenumberof classes,e.g. for thetraining
complexity of theMLP classifier, althoughÁ[Z � q Á �|� � maybelarger than Á � , both Á[Z � and Á �R� � scale
roughlyaccordingto Á � .
With referenceto table11,consider, for example,themainSOM+CNarchitecturein recognitionmode.The
complexity of theSOM moduleis independentof thenumberof classes.Thecomplexity of theCN scales
accordingto thenumberof weightsin thenetwork. Whenthenumberof featuremapsin theinternallayers
is constant,thenumberof weightsscalesroughlyaccordingto thenumberof outputclasses(thenumberof
weightsin theoutputlayerdominatestheweightsin theinitial layers).
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Section Trainingcomplexity

KL À�¡�¡M`�qÙÁ �k]\ £ Á_^¿åØqÐàQÁ Ý` \ £ba À�¡BÁ �k�\ qÙÁ Ý` \ £
SOM À�¡Mö � Á_cCd Á � ö � Ã}Ä4ÅÓÁ ^ £ba Àz¡BÁ ^§å Á � Ã}Ä4Å%Á ^ £ ( Á � varies)
CN À�¡Mö Ý Áfe]g4¡BÁ[Z � qÙÁ �R� � £�£ba À�¡BÁfe]g=Á[Z � £
MLP Classifier À�¡Mö Ý Áfe]g4¡BÁ[Z � qÙÁ �R� � £�£ba À�¡BÁfe]g=Á � £
NN Classifier À�¡BÁ e]g £

Table 10. Trainingcomplexity. h ¼ and hR¾ representthenumberof timesthetrainingsetis presentedto thenetwork
for theSOMandtheCN respectively.

Section Classificationcomplexity

KL À�¡BÁæk]^�Á k]\ Á ` \ £
SOM À�¡BÁæk]^Oö � Ã}Ä4Å%Ái^�£ja À�¡BÁækU^�ÃLÄ4ÅÓÁi^�£
CN À�¡Mö � Á Z � £ka À�¡BÁ Z � £
MLP Classifier À�¡BÁfZ � £ja Àz¡BÁ � £
NN Classifier À�¡Mö2l©Ã}Ä4ÅÓÁfe]g�£ja À�¡BÃ}Ä4Å%Á � £

Table11. Classificationcomplexity. h / representsthedegreeof sharedweightreplication.

In termsof computationtime, therequirementsof real-timetasksvaries. Thesystempresentedshouldbe
suitablefor a numberof real-timeapplications. The systemis capableof performinga classificationin
lessthanhalf a secondfor 40 classes.This speedis sufficient for taskssuchasaccesscontrol androom
monitoringwhenusing40classes.It is expectedthatanoptimizedversioncouldbesignificantlyfaster.

9 Further Research

Thefollowing topicsfor furtherresearchcouldimprove performance:

1. Morecarefulselectionof theconvolutionalnetwork architecture,e.g.byusingtheOptimalBrainDamage
algorithm(Le Cun,Denker andSolla,1990)asusedby Le Cunet al. (1990)to improve generalization
andspeeduphandwrittendigit recognition.

2. More precisenormalizationof the imagesto accountfor translation,rotation,andscalechanges.Any
normalizationwouldbelimited by thedesiredrecognitionspeed.

3. Thevariousfacialfeaturescouldberankedaccordingto their importancein recognizingfacesandsepa-
ratemodulescouldbe introducedfor variouspartsof theface,e.g. theeye region, thenoseregion, and
the mouthregion (Brunelli andPoggio(1993)obtainvery goodperformanceusinga simpletemplate
matchingstrategy onpreciselytheseregions).

4. An ensembleof recognizerscould be used. Thesecould be combinedby usingsimplemethodssuch
as a linear combinationbasedon the performanceof eachnetwork, or via a gatingnetwork and the
Expectation-Maximizationalgorithm(Drucker, Cortes,Jackel, Le CunandVapnik,1994;Jacobs,1995).
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Examinationof the errorsmadeby networks trainedwith different randomweightsandby networks
trainedwith the SOM dataversusnetworks trainedwith the KL datashows that a combinationof net-
worksshouldimprove performance(thesetof commonerrorsbetweentherecognizersis oftensignifi-
cantlysmallerthanthetotal numberof errors).

5. Invarianceto a groupof desiredtransformationscouldbeenhancedwith theadditionof pseudo-datato
thetrainingdatabase– i.e. theadditionof new examplescreatedfrom thecurrentexamplesusinglocal
deformation,etc. Leen(1991)shows thataddingpseudo-datacanbeequivalentto addinga regularizer
to thecostfunctionwherethe regularizerpenalizeschangesin theoutputwhenthe input goesundera
transformationfor which invarianceis desired.

10 Conclusions

A fast,automaticsystemfor facerecognitionhasbeenpresentedwhich is a combinationof a local image
samplerepresentation,a self-organizingmapnetwork, anda convolutional network. The self-organizing
mapprovidesquantizationof theimagesamplesinto a topologicalspacewhereinputsthatarenearbyin the
originalspacearealsonearbyin theoutputspace,whichresultsin invarianceto minorchangesin theimage
samples,andtheconvolutionalneuralnetwork providesfor partial invarianceto translation,rotation,scale,
anddeformation.Substitutionof theKarhunen-Lòeve transformfor theself-organizingmapproducedsim-
ilar but slightly worseresults.Themethodis capableof rapidclassification,requiresonly fast,approximate
normalizationandpreprocessing,andconsistentlyexhibitsbetterclassificationperformancethantheeigen-
facesapproach(Turk andPentland,1991)onthedatabaseconsideredasthenumberof imagesperpersonin
thetrainingdatabaseis variedfrom 1 to 5. With 5 imagesperpersontheproposedmethodandeigenfaces
resultin 3.8%and10.5%errorrespectively. Therecognizerprovidesa measureof confidencein its output
andclassificationerrorapproacheszerowhenrejectingasfew as10%of theexamples.Therearenoexplicit
three-dimensionalmodelsin thesystem,however it wasfoundthatthequantizedlocal imagesamplesused
asinput to theconvolutionalnetwork representsmoothlychangingshadingpatterns.Higher level features
areconstructedfrom thesebuilding blocksin successive layersof theconvolutionalnetwork. Thesystemis
partially invariantto changesin thelocal imagesamples,scaling,translation,anddeformationby design.

Acknowledgments

Wewould like to thankIngemarCoxfor helpfulcommentsandtheOlivetti ResearchLaboratoryandFerdi-
nandoSamariafor compilingandmaintainingtheORL database.

References

Arya, S.andMount,D. (1993),Algorithmsfor fastvectorquantization,in J.A. StorerandM. Cohn,eds,‘Proceedingsof DCC93:
DataCompressionConference’,IEEEPress,pp.381–390.

Bauer, H.-U. andPawelzik, K. R. (1992),‘Quantifying the neighborhoodpreservation of Self-OrganizingFeatureMaps’, IEEE
Transactions on Neural Networks 3(4), 570–579.

Bengio, Y., Le Cun, Y. and Henderson,D. (1994), Globally trainedhandwrittenword recognizerusing spatialrepresentation,
spacedisplacementneuralnetworksandhiddenMarkov models,in ‘Advancesin NeuralInformationProcessingSystems6’,
MorganKaufmann,SanMateoCA.

24



Blue, J.,Candela,G., Grother, P., Chellappa,R. andWilson, C. (1994),‘Evaluationof patternclassifiersfor fingerprintandOCR
applications’,Pattern Recognition 27(4), 485–501.

Bottou,L., Cortes,C.,Denker, J.,Drucker, H., Guyon,I., Jackel,L., Le Cun,Y., Muller, U., Sackinger, E.,Simard,P. andVapnik,V.
(1994),Comparisonof classifiermethods:A casestudyin handwrittendigit recognition,in ‘Proceedingsof theInternational
ConferenceonPatternRecognition’,IEEEComputerSocietyPress,LosAlamitos,CA.

Brunelli, R. andPoggio,T. (1993), ‘Facerecognition: Featuresversustemplates’,IEEE Transactions on Pattern Analysis and
Machine Intelligence 15(10),1042–1052.

Burton,D. K. (1987),‘Text-dependentspeakerverificationusingvectorquantizationsourcecoding’,IEEE Transactions on Acous-
tics, Speech, and Signal Processing 35(2), 133.

Chellappa,R., Wilson,C. andSirohey, S. (1995),‘Humanandmachinerecognitionof faces:A survey’, Proceedings of the IEEE
83(5), 705–740.

Cox, I. J., Ghosn,J. andYianilos, P. N. (1995),Feature-basedfacerecognitionusingmixture-distance,Technicalreport,NEC
ResearchInstitute,Princeton,NJ.

DeMers,D. andCottrell,G. (1993),Non-lineardimensionalityreduction,in S.Hanson,J.CowanandC. L. Giles,eds,‘Advances
in NeuralInformationProcessingSystems5’, MorganKaufmannPublishers,SanMateo,CA, pp.580–587.

Dony, R. andHaykin,S.(1995),‘Neuralnetwork approachesto imagecompression’,Proceedings of the IEEE 83(2), 288–303.

Drucker, H., Cortes,C.,Jackel, L., Le Cun,Y. andVapnik,V. (1994),‘Boostingandotherensemblemethods’,Neural Computation
6, 1289–1301.

Fukunaga,K. (1990),Introduction to Statistical Pattern Recognition, Second Edition, AcademicPress,Boston,MA.

Fukushima,K. (1980),‘Neocognitron:A self-organizingneuralnetwork modelfor a mechanismof patternrecognitionunaffected
by shift in position’,Biological Cybernetics 36, 193–202.

Fukushima,K. (1995),Neocognitron:A modelfor visualpatternrecognition,in M. A. Arbib, ed.,‘The Handbookof BrainTheory
andNeuralNetworks’, MIT Press,Cambridge,Massachusetts,pp.613–617.

Fukushima,K., Miyake, S.andIto, T. (1983),‘Neocognitron:A neuralnetwork modelfor a mechanismof visualpatternrecogni-
tion’, IEEE Transactions on Systems, Man, and Cybernetics 13.

Haykin,S.(1994),Neural Networks, A Comprehensive Foundation, Macmillan,New York, NY.

Haykin,S.(1996),‘Personalcommunication’.

Hubel, D. andWiesel,T. (1962), ‘Receptive fields, binocularinteraction,andfunctionalarchitecturein the cat’s visual cortex’,
Journal of Physiology (London) 160, 106–154.

Hummel,J. (1995),Objectrecognition,in M. A. Arbib, ed.,‘The Handbookof Brain TheoryandNeuralNetworks’, MIT Press,
Cambridge,Massachusetts,pp.658–660.

Jacobs,R. (1995),‘Methodsfor combiningexperts’probabilityassessments’,Neural Computation 7, 867–888.

Kanade,T. (1973),PictureProcessingby ComputerComplex andRecognitionof HumanFaces,PhDthesis,KyotoUniversity.

Kita, H. andNishikawa, Y. (1993),Neuralnetwork modelof tonotopicmapformationbasedon the temporaltheoryof auditory
sensation,in ‘Proc.WCNN 93,World CongressonNeuralNetworks’,Vol. II, LawrenceErlbaum,Hillsdale,NJ,pp.413–418.

Kohonen,T. (1990),‘The self-organizingmap’,Proceedings of the IEEE 78, 1464–1480.

Kohonen,T. (1995),Self-Organizing Maps, Springer-Verlag,Berlin, Germany.

Le Cun,Y. (1989),Generalisationandnetwork designstrategies,TechnicalReportCRG-TR-89-4,Departmentof ComputerSci-
ence,Universityof Toronto.

Le Cun,Y. andBengio,Y. (1995),Convolutionalnetworksfor images,speech,andtimeseries,in M. A. Arbib, ed.,‘The Handbook
of BrainTheoryandNeuralNetworks’, MIT Press,Cambridge,Massachusetts,pp.255–258.

Le Cun,Y., Boser, B., Denker, J.,Henderson,D., Howard,R., Hubbard,W. andJackel, L. (1990),Handwrittendigit recognition
with abackpropagationneuralnetwork, in D. Touretzky, ed.,‘Advancesin NeuralInformationProcessingSystems2’, Morgan
Kaufmann,SanMateo,CA, pp.396–404.

Le Cun,Y., Denker, J. andSolla,S. (1990),OptimalBrain Damage,in D. Touretzky, ed., ‘Advancesin NeuralInformationPro-
cessingSystems’,Vol. 2, (Denver 1989),MorganKaufmann,SanMateo,pp.598–605.

Leen,T. K. (1991),‘From datadistributionsto regularizationin invariantlearning’,Neural Computation 3(1), 135–143.

Luttrell, S.P. (1989),Hierarchicalself-organizingnetworks,in ‘Proc.1stIEE Conf.of Artificial NeuralNetworks’, British Neural
Network Society, London,UK, pp.2–6.

25



Marr, D. (1982),Vision, W. H. Freeman,SanFrancisco.

Miller, B. (1994),‘V ital signsof identity’, IEEE Spectrum pp.22–30.

Moghaddam,B. andPentland,A. (1994),Facerecognitionusingview-basedandmodulareigenspaces,in ‘AutomaticSystemsfor
theIdentificationandInspectionof Humans,SPIE’,Vol. 2257.

Obermayer, K., Blasdel,G. G. andSchulten,K. (1991),A neuralnetwork model for the formationandfor the spatialstructure
of retinotopicmaps,orientationandoculardominancecolumns,in T. Kohonen,K. Mäkisara,O. SimulaandJ.Kangas,eds,
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