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Abstract

Facesrepresentcomplex, multidimensional,meaningfulvisual stimuli anddevelopinga computa-
tional modelfor facerecognitionis difficult [43]. We presenta hybrid neuralnetwork solutionwhich
comparesfavorablywith othermethods.Thesystemcombineslocal imagesampling,a self-organizing
mapneuralnetwork, anda convolutionalneuralnetwork. Theself-organizingmapprovidesa quanti-
zationof the imagesamplesinto a topologicalspacewhereinputsthatarenearbyin theoriginal space
arealsonearbyin the outputspace,therebyproviding dimensionalityreductionandinvarianceto mi-
nor changesin the imagesample,andtheconvolutionalneuralnetwork providesfor partial invariance
to translation,rotation,scale,anddeformation.Theconvolutionalnetwork extractssuccessively larger
featuresin a hierarchicalsetof layers.We presentresultsusingtheKarhunen-Lòevetransformin place
of the self-organizingmap,anda multi-layer perceptronin placeof the convolutional network. The
Karhunen-Lòeve transformperformsalmostas well (5.3% error versus3.8%). The multi-layer per-
ceptronperformsvery poorly (40%errorversus3.8%). Themethodis capableof rapidclassification,
requiresonly fast,approximatenormalizationandpreprocessing,andconsistentlyexhibits betterclas-
sificationperformancethantheeigenfacesapproach[43] on the databaseconsideredasthenumberof
imagesperpersonin thetrainingdatabaseis variedfrom 1 to 5. With 5 imagesperpersontheproposed
methodandeigenfacesresultin 3.8%and10.5%errorrespectively. Therecognizerprovidesa measure
of confidencein its outputandclassificationerror approacheszerowhenrejectingas few as 10% of
the examples.We usea databaseof 400 imagesof 40 individualswhich containsquite a high degree
of variability in expression,pose,andfacialdetails.We analyzecomputationalcomplexity anddiscuss
how new classescouldbeaddedto thetrainedrecognizer.

1 Intr oduction

The requirementfor reliablepersonalidentificationin computerizedaccesscontrol hasresultedin an in-
creasedinterestin biometrics1. Biometricsbeinginvestigatedincludefingerprints[4], speech[7], signature
dynamics[36], andfacerecognition[8]. Salesof identity verificationproductsexceed$100million [29].
Facerecognitionhasthebenefitof beingapassive,non-intrusive systemfor verifying personalidentity. The;=<?>@>�A4BDC@C,E@E�E�FHG�I�J�K�FHG	L�FMG�I�J�FNJPO�QRC,<	O�QSIPA	T�U?I�VPC@W?T,E?X?I�G	JPIY <?>@>�A4BDC@C,E@E�E�FHG�I�J�K�FHG	L�FMG�I�J�FNJPO�QRC,<	O�QSIPA	T�U?I�VPCPUSK�W�I�V�FM<?>�QRWZ
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1Physiologicalor behavioral characteristicswhichuniquelyidentify us.



techniquesusedin thebestfacerecognitionsystemsmaydependon theapplicationof thesystem.We can
identify at leasttwo broadcategoriesof facerecognitionsystems:

1. We want to find a personwithin a largedatabaseof faces(e.g. in a policedatabase).Thesesystems
typically returna list of themostlikely peoplein thedatabase[34]. Oftenonly oneimageis available
perperson.It is usuallynotnecessaryfor recognitionto bedonein real-time.

2. We want to identify particularpeoplein real-time(e.g. in a securitymonitoringsystem,location
trackingsystem,etc.),or we want to allow accessto a groupof peopleanddeny accessto all others
(e.g. accessto a building, computer, etc.) [8]. Multiple imagesper personareoften available for
trainingandreal-timerecognitionis required.

In this paper, weareprimarily interestedin thesecondcase2. Weareinterestedin recognitionwith varying
facialdetail,expression,pose,etc.Wedonotconsiderinvarianceto highdegreesof rotationor scaling– we
assumethata minimal preprocessingstageis availableif required.We areinterestedin rapidclassification
andhencewe do not assumethat time is availablefor extensive preprocessingandnormalization.Good
algorithmsfor locatingfacesin imagescanbefoundin [43, 40, 37].

Theremainderof this paperis organizedasfollows. Thedatawe usedis presentedin section2 andrelated
work with this andotherdatabasesis discussedin section3. The componentsanddetailsof our system
are describedin sections4 and 5 respectively. We presentand discussour resultsin sections6 and 7.
Computationalcomplexity is consideredin section8 andwedraw conclusionsin section10.

2 Data

We have usedtheORL databasewhich containsa setof facestakenbetweenApril 1992andApril 1994at
theOlivetti ResearchLaboratoryin Cambridge,UK3. Thereare10 differentimagesof 40 distinctsubjects.
For someof thesubjects,theimagesweretakenat differenttimes.Therearevariationsin facialexpression
(open/closedeyes,smiling/non-smiling),andfacialdetails(glasses/noglasses).All the imagesweretaken
againstadarkhomogeneousbackgroundwith thesubjectsin anup-right,frontalposition,with tolerancefor
sometilting androtationof up to about20 degrees.Thereis somevariationin scaleof up to about10%.
Thumbnailsof all of theimagesareshown in figure1 anda largersetof imagesfor onesubjectis shown in
figure2. Theimagesaregreyscalewith a resolutionof [6\^]`_6_�\ .
3 RelatedWork

3.1 GeometricalFeatures

Many peoplehave exploredgeometricalfeaturebasedmethodsfor facerecognition.Kanade[17] presented
anautomaticfeatureextractionmethodbasedon ratiosof distancesandreporteda recognitionrateof be-

2However, we have not performedany experimentswherewe have requiredthesystemto rejectpeoplethatarenot in a select
group(important,for example,whenallowing accessto abuilding).

3TheORL databaseis availablefreeof charge,see
<?>@>�A�BaC@C,E@E@E4FNJ�T�QRb�OPX�W�FNJPO�FHc�dSC,e�T?JPI@f�T,>�T,gST?VPI�Fh<?>�QRW

.
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Figure 1: TheORL facedatabase.Thereare10 imageseachof the40subjects.

tween45-75%with a databaseof 20 people.Brunelli andPoggio[6] computea setof geometricalfeatures
suchasnosewidth andlength,mouthposition,andchin shape.They reporta 90% recognitionrateon a
databaseof 47 people.However, they show thata simpletemplatematchingschemeprovides100%recog-
nition for the samedatabase.Cox et al. [9] have recentlyintroduceda mixture-distancetechniquewhich
achievesarecognitionrateof 95%usingaquerydatabaseof 95imagesfrom atotalof 685individuals.Each
faceis representedby 30manuallyextracteddistances.
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Figure 2: Thesetof 10 imagesfor onesubject.Considerablevariationcanbeseen.

Systemswhich employ preciselymeasureddistancesbetweenfeaturesmaybemostusefulfor finding pos-
siblematchesin a largemugshotdatabase4. For otherapplications,automaticidentificationof thesepoints
wouldberequired,andtheresultingsystemwouldbedependentontheaccuracy of thefeaturelocationalgo-
rithm. Currentalgorithmsfor automaticlocationof featurepointsdonot provide a highdegreeof accuracy
andrequireconsiderablecomputationalcapacity[41].

3.2 Eigenfaces

High-level recognitiontasksaretypically modeledwith many stagesof processingasin theMarr paradigm
of progressingfrom imagesto surfacesto three-dimensionalmodelsto matchedmodels[28]. However,
Turk andPentland[43] arguethatit is likely thatthereis alsoarecognitionprocessbasedonlow-level, two-
dimensionalimageprocessing.Their argumentis basedon theearlydevelopmentandextremerapidity of
facerecognitionin humans,andonphysiologicalexperimentsin monkey cortex whichclaimto haveisolated
neuronsthat respondselectively to faces[35]. However, it is not clearthat theseexperimentsexcludethe
soleoperationof theMarr paradigm.

Turk andPentland[43] presentafacerecognitionschemein whichfaceimagesareprojectedontotheprinci-
palcomponentsof theoriginalsetof trainingimages.Theresultingeigenfacesareclassifiedby comparison
with known individuals.

Turk andPentlandpresentresultson a databaseof 16 subjectswith variousheadorientation,scaling,and
lighting. Their imagesappearidenticalotherwisewith little variation in facial expression,facial details,
pose,etc. For lighting, orientation,andscalevariationtheir systemachieves96%,85% and64% correct
classificationrespectively. Scaleis renormalizedto theeigenfacesizebasedonanestimateof theheadsize.
Themiddleof thefacesis accentuated,reducingany negativeaffectof changinghairstyleandbackgrounds.

In Pentlandetal. [34, 33] goodresultsarereportedonalargedatabase(95%recognitionof 200peoplefrom
adatabaseof 3,000).It is difficult to draw broadconclusionsasmany of theimagesof thesamepeoplelook
very similar, andthe databasehasaccurateregistrationandalignment[30]. In MoghaddamandPentland
[30], very goodresultsarereportedwith theFERETdatabase– only onemistake wasmadein classifying
150frontal view images.Thesystemusedextensive preprocessingfor headlocation,featuredetection,and
normalizationfor thegeometryof theface,translation,lighting, contrast,rotation,andscale.

4A mugshotdatabasetypically containssideviewswheretheperformanceof featurepointmethodsis known to improve [8].
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Swetsand Weng [42] presenta methodof selectingdiscriminanteigenfeaturesusing multi-dimensional
linear discriminantanalysis.They presentmethodsfor determiningthe Most Expressive Features(MEF)
andtheMostDiscriminatoryFeatures(MDF). Wearenotcurrentlyawareof theavailability of resultswhich
arecomparablewith thoseof eigenfaces(e.g.ontheFERETdatabaseasin MoghaddamandPentland[30]).

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[6] operateby performingdirectcorrelationof imagesegments.Tem-
platematchingis only effectivewhenthequeryimageshave thesamescale,orientation,andilluminationas
thetrainingimages[9].

3.4 Graph Matching

Anotherapproachto facerecognitionis the well known methodof GraphMatching. In [21], Ladeset
al. presenta DynamicLink Architecturefor distortioninvariantobjectrecognitionwhich employs elastic
graphmatchingto find thecloseststoredgraph.Objectsarerepresentedwith sparsegraphswhosevertices
are labeledwith a multi-resolutiondescriptionin termsof a local power spectrum,andwhoseedgesare
labeledwith geometricaldistances.They presentgoodresultswith adatabaseof 87 peopleandtestimages
composedof differentexpressionsandfacesturned15 degrees.The matchingprocessis computationally
expensive, taking roughly 25 secondsto comparean imagewith 87 storedobjectswhenusinga parallel
machinewith 23 transputers.Wiskott et al. [45] usean updatedversionof the techniqueandcompare
300 facesagainst300 different facesof the samepeopletaken from the FERETdatabase.They reporta
recognitionrateof 97.3%.Therecognitiontime for thissystemwasnotgiven.

3.5 Neural Network Approaches

Much of thepresentliteratureon facerecognitionwith neuralnetworkspresentsresultswith only a small
numberof classes(oftenbelow 20). Webriefly describeacoupleof approaches.

In [10] the first 50 principal componentsof the imagesareextractedandreducedto 5 dimensionsusing
an autoassociative neuralnetwork. The resultingrepresentationis classifiedusinga standardmulti-layer
perceptron.Goodresultsarereportedbut thedatabaseis quitesimple:thepicturesaremanuallyalignedand
thereis no lighting variation,rotation,or tilting. Thereare20peoplein thedatabase.

A hierarchicalneuralnetwork which is grown automaticallyandnot trainedwith gradient-descentwasused
for facerecognitionby WengandHuang[44]. They reportgoodresultsfor discriminationof tendistinctive
subjects.
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3.6 The ORL Database

In [39] a HMM-basedapproachis usedfor classificationof the ORL databaseimages. The bestmodel
resultedin a13%errorrate.Samariaalsoperformedextensive testsusingthepopulareigenfacesalgorithm
[43] on the ORL databaseandreporteda besterror rateof around10% whenthe numberof eigenfaces
wasbetween175and199. We implementedtheeigenfacesalgorithmandalsoobservedaround10%error.
In [38] Samariaextendsthe top-down HMM of [39] with pseudotwo-dimensionalHMMs. Theerror rate
reducesto 5% at theexpenseof high computationalcomplexity – a singleclassificationtakesfour minutes
onaSunSparcII. Samarianotesthatalthoughanincreasedrecognitionratewasachievedthesegmentation
obtainedwith the pseudotwo-dimensionalHMMs appearedquiteerratic. Samariausesthesametraining
andtestsetsizesaswe do (200trainingimagesand200testimageswith no overlapbetweenthetwo sets).
The5%errorrateis thebesterrorratepreviously reportedfor theORL databasethatweareawareof.

4 SystemComponents

4.1 Overview

In thefollowing sectionsweintroducethetechniqueswhichformthecomponentsof oursystemanddescribe
our motivation for usingthem. Briefly, we explore the useof local imagesamplinganda techniquefor
partial lighting invariance,a self-organizingmap(SOM) for projectionof the imagesamplerepresentation
into a quantizedlower dimensionalspace,the Karhunen-Lòeve (KL) transformfor comparisonwith the
self-organizingmap,aconvolutionalnetwork (CN) for partialtranslationanddeformationinvariance,anda
multi-layerperceptron(MLP) for comparisonwith theconvolutionalnetwork.

4.2 Local ImageSampling

Wehave evaluatedtwo differentmethodsof representinglocal imagesamples.In eachmethodawindow is
scannedover theimageasshown in figure3.

1. Thefirst methodsimplycreatesavectorfrom a localwindow on theimageusingtheintensityvalues
at eachpoint in thewindow. Let i�jlk betheintensityat the m th column,andthe n th row of thegiven
image.If thelocalwindow is asquareof sides\�oqpr_ long,centeredon i�jlk , thenthevectorassociated
with thiswindow is simply s i�jat3u � k?t3uwvxi�jat3u � k�t3uzy � v?{?{?{	vSi3j|k�v?{?{?{	vxi�jMy u � k�y u}t � vxi�jMy u � k�y u^~ .

2. The secondmethodcreatesa representationof the local sampleby forming a vectorout of a) the
intensityof thecenterpixel i jlk , andb) thedifferencein intensitybetweenthecenterpixel andall other
pixelswithin thesquarewindow. Thevectoris givenby s i�jlk���i3jat3u � k?t3uwv�i3j|k���i�jat3u � k�t3uzy � v?{?{?{	v� jlk�i�jlkRv?{?{?{	v3i�jlk���i3jMy u � kPy u�t � v�i3jlk���i�jMy u � k�y u�~ . The resultingrepresentationbecomespartially
invariantto variationsin intensityof thecompletesample.Thedegreeof invariancecanbemodified
by adjustingtheweight � jlk connectedto thecentralintensitycomponent.
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Figure 3: A depictionof the local imagesamplingprocess.A window is steppedover the imageanda vectoris
createdateachlocation.

4.3 The Self-OrganizingMap

4.3.1 Intr oduction

Mapsarean importantpart of both naturalandartificial neuralinformationprocessingsystems[2]. Ex-
amplesof mapsin the nervous systemareretinotopicmapsin the visual cortex [31], tonotopicmapsin
theauditorycortex [18], andmapsfrom theskin onto thesomatosensoriccortex [32]. Theself-organizing
map,or SOM,introducedby Teuvo Kohonen[20, 19] is anunsupervisedlearningprocesswhich learnsthe
distribution of a setof patternswithoutany classinformation.A patternis projectedfrom aninputspaceto
a positionin themap– informationis codedasthelocationof anactivatednode.TheSOM is unlike most
classificationor clusteringtechniquesin that it providesa topologicalorderingof theclasses.Similarity in
input patternsis preserved in theoutputof theprocess.The topologicalpreservation of theSOM process
makesit especiallyusefulin theclassificationof datawhich includesa largenumberof classes.In thelocal
imagesampleclassification,for example,theremaybeaverylargenumberof classesin whichthetransition
from oneclassto thenext is practicallycontinuous(makingit difficult to definehardclassboundaries).

4.3.2 Algorithm

We give a brief descriptionof the SOM algorithm, for moredetailssee[20]. The SOM definesa map-
ping from an input space�z� onto a topologicallyorderedsetof nodes,usually in a lower dimensional
space. An exampleof a two-dimensionalSOM is shown in figure 4. A referencevector in the input
space,��j���s � j � v�� j � v?{�{�{�v�� j � ~�������� , is assignedto eachnodein the SOM. During training, eachin-
put vector, � , is comparedto all of the �`j , obtainingthe location of the closestmatch ��� (given by� ������� �#�����H� j)� � �����`j �¡  where

� ¢£�
denotesthenormof vector

¢
). The input point is mappedto this

locationin theSOM.Nodesin theSOMareupdatedaccordingto:�`j¥¤a¦#p§_	¨ � �`j�¤a¦�¨ pª©��Nj�¤a¦�¨@s �«¤a¦�¨¬���`j¥¤a¦�¨~ (1)

where ¦ is the time during learningand ©4�Nj�¤a¦�¨ is the neighbourhoodfunction, a smoothingkernelwhich
is maximumat ®�� . Usually, ©��Nj�¤a¦�¨ � ©�¤ �|¯ �¬� ¯ j � v�¦�¨ , where

¯ � and
¯ j representthe locationof thenodes
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in theSOM outputspace.
¯ � is thenodewith theclosestweightvectorto the input sampleand

¯ j ranges
over all nodes. ©��Nj�¤a¦�¨ approaches0 as

� ¯ �¬� ¯ j � increasesandalsoas ¦ approaches° . A widely applied
neighbourhoodfunctionis: ©4�Nj �§± ¤a¦�¨�²@³�´ µ � � ¯ �¬� ¯ j � �\R¶ � ¤a¦�¨�· (2)

where
± ¤a¦�¨ is ascalarvaluedlearningrateand ¶¸¤a¦�¨ definesthewidth of thekernel.They aregenerallyboth

monotonicallydecreasingwith time [20]. Theuseof theneighbourhoodfunctionmeansthatnodeswhich
aretopographicallyclosein theSOMstructurearemovedtowardstheinputpatternalongwith thewinning
node.Thiscreatesasmoothingeffectwhichleadsto aglobalorderingof themap.Notethat ¶¸¤a¦�¨ shouldnot
bereducedtoo far asthemapwill loseits topographicalorderif neighbouringnodesarenot updatedalong
with theclosestnode.TheSOM canbeconsidereda non-linearprojectionof theprobabilitydensity, ¹£¤a�º¨
[20].

Figure 4: A two-dimensionalSOM showing a squareneighborhoodfunctionwhich startsas »�¼D½¾H¿)À�Á andreducesin
sizeto »�¼D½¾M¿ÃÂ@Á over time.

4.3.3 Impr oving the BasicSOM

Theoriginal self-organizingmapis computationallyexpensive dueto:

1. In theearlystagesof learning,many nodesareadjustedin acorrelatedmanner. Luttrel [27] proposed
a method,which is usedhere,thatstartsby learningin a smallnetwork, anddoublesthesizeof the
network periodicallyduring training. Whendoubling,new nodesare insertedbetweenthe current
nodes.Theweightsof thenew nodesaresetequalto theaverageof theweightsof the immediately
neighboringnodes.

2. Eachlearningpassrequirescomputationof the distanceof the currentsampleto all nodesin the
network, which is Äz¤DÅÆ¨ . However, this maybereducedto Äz¤DÇ�È6É«ÅÊ¨ usinga hierarchyof networks
which is createdfrom theabove nodedoublingstrategy5.

5Thisassumesthatthetopologicalorderis optimalprior to eachdoublingstep.
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4.4 Karhunen-Loève Transform

Theoptimallinearmethod6 for reducingredundancy in a datasetis theKarhunen-Lòeve (KL) transformor
eigenvectorexpansionvia PrincipleComponentsAnalysis(PCA) [12]. PCA generatesa setof orthogonal
axesof projectionsknown astheprincipalcomponents,or theeigenvectors,of theinputdatadistribution in
theorderof decreasingvariance.TheKL transformis awell known statisticalmethodfor featureextraction
andmultivariatedataprojectionandhasbeenusedwidely in patternrecognition,signalprocessing,image
processing,anddataanalysis.Pointsin an Ë -dimensionalinput spaceareprojectedinto an ® -dimensional
space,®ÍÌÎË . TheKL transformis usedherefor comparisonwith theSOMin thedimensionalityreduction
of thelocal imagesamples.TheKL transformis alsousedin eigenfaces,however in thatcaseit is usedon
theentireimageswhereasit 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[23].

Convolutional networks (CN) incorporateconstraintsand achieve somedegreeof shift and deformation
invarianceusingthreeideas: local receptive fields, sharedweights,andspatialsubsampling.The useof
sharedweightsalsoreducesthenumberof parametersin thesystemaidinggeneralization.Convolutional
networkshave beensuccessfullyappliedto characterrecognition[24, 22, 23, 5, 3].

A typical convolutional network is shown in figure 5 [24]. The network consistsof a setof layerseach
of which containsoneor moreplanes.Approximatelycenteredandnormalizedimagesenterat the input
layer. Eachunit in a planereceives input from a small neighborhoodin the planesof the previous layer.
Theideaof connectingunitsto local receptive fieldsdatesbackto the1960swith theperceptronandHubel
andWiesel’s [15] discoveryof locally sensitive,orientation-selective neuronsin thecat’svisualsystem[23].
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: Ï6jlk � ¤Di � j � � kÐp�i � jMy ��� � kÐpÑi � j � � kPy � p�i � jMy ��� � kPy � ¨4ÒSÓ where Ï6jlk is the outputof a subsamplingplaneat
position m�vn and i�jlk is theoutputof thesameplanein theprevious layer). Thenetwork is trainedwith the
usualbackpropagationgradient-descentprocedure[13]. A connectionstrategy canbe usedto reducethe
numberof weightsin thenetwork. For example,with referenceto figure5, Le Cunet al. [24] connectthe
featuremapsin thesecondconvolutional layeronly to 1 or 2 of themapsin thefirst subsamplinglayer(the
connectionstrategy waschosenmanually).

6In theleastmeansquarederrorsense.
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Figure 5: A typicalconvolutionalnetwork.

5 SystemDetails

Thesystemwe have usedfor facerecognitionis a combinationof theprecedingparts– a high-level block
diagramisshown in figure6 andfigure7showsabreakdown of thevarioussubsystemsthatweexperimented
with or discuss.

Figure 6: A high-level blockdiagramof thesystemwehaveusedfor facerecognition.

Oursystemworksasfollows (wegive completedetailsof dimensionsetc. later):

1. For the imagesin the trainingset,a fixedsizewindow (e.g. Ôr]ÊÔ ) is steppedover theentireimage
asshown in figure3 andlocal imagesamplesareextractedat eachstep.At eachstepthewindow is
movedby 4 pixels.

2. A self-organizingmap(e.g. with threedimensionsandfive nodesper dimension,ÔRÕ � _�\6Ô total
nodes)is trainedonthevectorsfrom thepreviousstage.TheSOMquantizesthe25-dimensionalinput
vectorsinto 125topologicallyorderedvalues.Thethreedimensionsof theSOMcanbethoughtof as
threefeatures.We alsoexperimentedwith replacingtheSOM with theKarhunen-Lòeve transform.
In this case,theKL transformprojectsthevectorsin the25-dimensionalspaceinto a 3-dimensional
space.

3. Thesamewindow asin thefirst stepis steppedoverall of theimagesin thetrainingandtestsets.The
local imagesamplesarepassedthroughtheSOMat eachstep,therebycreatingnew trainingandtest
setsin theoutputspacecreatedby theself-organizingmap.(Eachinput imageis now representedby
3 maps,eachof whichcorrespondsto adimensionin theSOM.Thesizeof thesemapsis equalto the
sizeof theinput image( [6\�]�_6_�\ ) dividedby thestepsize(for astepsizeof 4, themapsare \6Ö8]×\6Ø ).)
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Figure7: A diagramof thesystemwehaveusedfor facerecognitionshowing alternativemethodswhichweconsider
in this paper. Thetop “multi-layer perceptronstyleclassifier”representsthefinal MLP stylefully connectedlayerof
the convolutional network. We have shown this decompositionof the convolutional network in order to highlight
the possibility of replacingthe final layer (or layers)with a differenttype of classifier. The nearest-neighborstyle
classifieris potentially interestingbecauseit may make it possibleto addnew classeswith minimal extra training
time. Thebottom“multi-layer perceptron”shows thattheentireconvolutionalnetwork canbereplacedwith a multi-
layer perceptron.We presentresultswith eithera self-organizingmapor the Karhunen-Lòeve transformusedfor
dimensionalityreduction,andeitheraconvolutionalneuralnetwork or a multi-layerperceptronfor classification.

4. A convolutional neuralnetwork is trainedon the newly createdtraining set. We alsoexperimented
with trainingastandardmulti-layerperceptronfor comparison.

5.1 Simulation Details

In this sectionwegive thedetailsof oneof thebestperformingsystems.

For theSOM, trainingis split into two phasesasrecommendedby Kohonen[20] – anorderingphase,and
a fine-adjustmentphase.100,000updatesareperformedin thefirst phase,and50,000in thesecond.In the
first phase,theneighborhoodradiusstartsat two-thirdsof thesizeof themapandreduceslinearly to 1. The
learningrateduring this phaseis: Ù�{ÛÚ�]Ü¤�_Ý�ÎËºÒ�ÅÊ¨ where Ë is the currentupdatenumber, and Å is the
total numberof updates.In thesecondphase,theneighborhoodradiusstartsat 2 andis reducedto 1. The
learningrateduringthisphaseis: Ù�{lÙ�\^]`¤�_Þ��ËºÒ�ÅÊ¨ .
Theconvolutionalnetwork containedfivelayersexcludingtheinputlayer. A confidencemeasurewascalcu-
latedfor eachclassification:Ï6ß�¤aÏ6ßª�ÆÏ � ß�¨ whereÏ6ß is themaximumoutput,and Ï � ß is thesecondmaxi-
mumoutput(for outputswhichhave beentransformedusingthesoftmaxtransformation:Ï6j � àNáPâRãåä	æhçè^éê)ë.ì àNáPâRãåä ê ç
where í�j are the original outputs, Ï6j are the transformedoutputs,and î is the numberof outputs). The
numberof planesin eachlayer, thedimensionsof theplanes,andthedimensionsof thereceptive fieldsare
shown in table1. Thenetwork wastrainedwith backpropagation[13] for atotalof 20,000updates.Weights
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in thenetwork wereupdatedaftereachpatternpresentation,asopposedto batchupdatewhereweightsare
only updatedonceperpassthroughthetrainingset. All inputswerenormalizedto lie in therange-1 to 1.
All nodesincludeda biasinput which waspartof theoptimizationprocess.Thebestof 10 randomweight
setswaschosenfor theinitial parametersof thenetwork by evaluatingtheperformanceon thetrainingset.
Weightswere initialized on a nodeby nodebasisasuniformly distributed randomnumbersin the range¤¥��\�{|Ó�Òxïºj�v,\�{|Ó�Òxï�j�¨ where ï�j is thefan-inof neuronm [13]. Targetoutputswere-0.8and0.8usingthe ð�ñ �4ò
outputactivation function7. The quadraticcost function wasused. A searchthenconverge learningrate
schedulewasused8: ó � ô�õö÷�ø)ù y ú ìû.üDýSþ ìNÿ � ú ì�� û.üDý � õ ÿ ú ì � ö � ú ù ÷����� ì � ú ù � ÷ � whereó � learningrate, ó�� � initial learningrate

= 0.1, Å �
total trainingepochs,Ë � currenttrainingepoch,	 � � ÔRÙ , 	 � � Ù�{�
6Ô . Thescheduleis shown in

figure8. Total trainingtimewasaroundfour hoursonanSGI Indy 100MhzMIPSR4400system.
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Figure 8: 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 Cunetal. [24] for characterrecognition.However, asopposedto themanualconnectionstrategy used
by Le Cun et al., the connectionsbetweenlayers2 and3 arechosenrandomly. As an exampleof how the precise
connectionscanbedeterminedfrom thetable– thesizeof thefirst layerplanes( ������� ) is equalto thetotalnumber
of waysof positioninga ����� receptivefield on theinput layerplanes( ������� ).

7This 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.

8Relatively 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
hencewe have addedanothertermto further reducethe learningrateover thefinal epochs(a simplerlinearschedulealsoworks
well). Wehave foundtheuseof learningrateschedulesto improve performanceconsiderably.
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6 Experimental Results

We performedvariousexperimentsandpresenttheresultshere.Exceptwhenstatedotherwise,all experi-
mentswereperformedwith 5 trainingimagesand5 testimagesperpersonfor a totalof 200trainingimages
and200testimages.Therewasno overlapbetweenthetrainingandtestsets.We notethata systemwhich
guessesthe correctanswerwould be right oneout of forty times,giving an error rateof 97.5%. For the
following setsof experiments,wevaryonly oneparameterin eachcase.Theerrorbarsshown in thegraphs
representplusor minusonestandarddeviation of thedistribution of resultsfrom anumberof simulations9.
We notethat ideally we would like to have performedmoresimulationsper reportedresult,however, we
werelimited in termsof computationalcapacityavailableto us. The constantsusedin eachsetof exper-
imentswere: numberof classes:40, dimensionalityreductionmethod:SOM, dimensionsin theSOM: 3,
numberof nodesperSOMdimension:5, imagesampleextraction:original intensityvalues,trainingimages
perclass:5. Notethattheconstantsin eachsetof experimentsmaynot give thebestpossibleperformance
asthecurrentbestperformingsystemwasonly obtainedasa resultof theseexperiments.Theexperiments
areasfollows:

1. Variation of thenumberof outputclasses– table2 andfigure9 show theerrorrateof thesystemasthe
numberof classesis variedfrom 10 to 20 to 40. We madeno attemptto optimizethesystemfor the
smallernumbersof classes.As we expect,performanceimproveswith fewer classesto discriminate
between.

Numberof classes 10 20 40

Error rate 1.33% 4.33% 5.75%

Table2: Errorrateof thefacerecognitionsystemwith varyingnumberof classes(subjects).Eachresultis theaverage
of threesimulations.
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Figure9: Theerrorrateasafunctionof thenumberof classes.Wedid notmodify thenetwork from thatusedfor the
40classcase.

9Weranmultiplesimulationsin eachexperimentwherewevariedtheselectionof thetrainingandtestimages(out of a total of����� � ���"!$#%�'&)( �
possibilities)andtherandomseedusedto initialize theweightsin theconvolutionalneuralnetwork.
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2. Variation of thedimensionalityof theSOM– table3 andfigure10 show theerrorrateof thesystem
asthedimensionof theself-organizingmapis variedfrom 1 to 4. Thebestperformingvalueis three
dimensions.

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.
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Figure 10: Theerrorrateasa functionof thenumberof dimensionsin theSOM.

3. Variation of thequantizationlevelof theSOM– table4 andfigure11show theerrorrateof thesystem
asthesizeof theself-organizingmapis variedfrom 4 to 10nodesperdimension.TheSOMhasthree
dimensionsin eachcase.Thebestaverageerror rateoccursfor 8 or 9 nodesperdimension.This is
alsothebestaverageerrorrateof all experiments.

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 image sampleextractionalgorithm– table5 shows theresultof usingthetwo local
imagesamplerepresentationsdescribedearlier. Wefoundthatusingtheoriginal intensityvaluesgave
thebestperformance.Weinvestigatedalteringtheweightassignedto thecentralintensityvaluein the
alternative representationbut wereunableto improve theresults.

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.
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Figure 11: Theerrorrateasa functionof thenumberof nodesperdimensionin theSOM.

5. SubstitutingtheSOMwith theKL transform– table6 showstheresultsof replacingtheself-organizing
mapwith theKarhunen-Lòeve transform.We investigatedusingthefirst one,two, or threeeigenvec-
tors for projection.Surprisingly, thesystemperformedbestwith only 1 eigenvector. ThebestSOM
parameterswe tried producedslightly betterperformance.The quantizationinherentin the SOM
couldprovidea degreeof invarianceto minor imagesampledifferencesandquantizationof thePCA
projectionsmayimprove performance.

Dimensionalityreduction LinearPCA SOM

Error rate 5.33% 3.83%

Table 6: Error rateof the facerecognitionsystemwith linearPCA andSOM featureextractionmechanisms.Each
resultis theaverageof threesimulations.

6. Replacingthe CN with an MLP – table7 shows the resultsof replacingthe convolutional network
with a multi-layerperceptron.Performanceis verypoor. This resultwasexpectedbecausethemulti-
layerperceptrondoesnothave theinbuilt invarianceto minortranslationandlocaldeformationwhich
is createdin the convolutional network usingthe local receptive fields, sharedweights,andspatial
subsampling.As anexample,considerwhena featureis shiftedin a testimagein comparisonwith
the trainingimage(s)for the individual. We expecttheMLP to have difficulty recognizinga feature
whichhasbeenshiftedin comparisonto thetrainingimagesbecausetheweightsconnectedto thenew
locationwerenot trainedfor thefeature.

TheMLP containedonehiddenlayer. We investigatedthefollowing hiddenlayersizesfor themulti-
layer perceptron:20, 50, 100, 200, and500. The bestperformancewasobtainedwith 200 hidden
nodesandatrainingtimeof 2 days.Thelearningratescheduleandinitial learningratewerethesame
asfor the original network. Note that the bestperformingKL parameterswereusedwhile the best
performingSOMparameterswerenot. Wenotethatit maybeconsideredfairerto compareagainstan
MLP with multiplehiddenlayers[14], however selectionof theappropriatenumberof nodesin each
layer is difficult (e.g. we have tried a network with two hiddenlayerscontaining100and50 nodes
respectively which resultedin anerrorrateof 90%).

7. Thetradeoff betweenrejectionthresholdandrecognition accuracy– Figure12 shows a histogramof
therecognizer’s confidencefor thecaseswhentheclassifieris correctandwhenit is wrongfor oneof
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LinearPCA SOM

MLP 41.2% 39.6%
CN 5.33% 3.83%

Table7: Errorratecomparisonof thevariousfeatureextractionandclassificationmethods.Eachresultis theaverage
of threesimulations.

thebestperformingsystems.Fromthis graphweexpectthatclassificationperformancewill increase
significantly if we rejectcasesbelow a certainconfidencethreshold. Figure13 shows the system
performanceastherejectionthresholdis increased.We canseethatby rejectingexampleswith low
confidencewe cansignificantlyincreasetheclassificationperformanceof thesystem.If we consider
asystemwhichusedavideocamerato takeanumberof picturesoverashortperiod,wecouldexpect
thatahighperformancewouldbeattainablewith anappropriaterejectionthreshold.
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Figure 12: A histogramdepictingtheconfidenceof theclassifierwhenit turnsout to becorrect,andtheconfidence
whenit is wrong.Thegraphsuggeststhatwecanimproveclassificationperformanceconsiderablyby rejectingcases
wheretheclassifierhasa low confidence.
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Figure 13: Thetestsetclassificationperformanceasa functionof thepercentageof samplesrejected.Classification
performancecanbeimprovedsignificantlyby rejectingcaseswith low confidence.

8. Comparisonwith otherknownresultson thesamedatabase– Table8 shows a summaryof theper-
formanceof thesystemsfor which we have resultsusingtheORL database.In this case,we useda
SOM quantizationlevel of 8. Our systemis thebestperformingsystem10 andperformsrecognition

10The4%errorratereportedis anaverageof multiplesimulations– individualsimulationshavegivenerrorratesaslow as1.5%.
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roughly500timesfasterthanthesecondbestperformingsystem– thepseudo2D-HMMs of Samaria.
Figure14showstheimageswhichwereincorrectlyclassifiedfor oneof thebestperformingsystems.

Figure14: Testimages.Theimageswith a thick whiteborderwereincorrectlyclassifiedby oneof thebestperform-
ing systems.

System Error rate Classificationtime

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

Pseudo2D-HMM 5% 240seconds
�

SOM+CN 3.8% + 0.5seconds
�

Table8: Error rateof thevarioussystems.À On aSunSparcII. , OnanSGI Indy MIPSR4400100Mhzsystem.

9. Variation of the numberof training images per person. Table9 shows the resultsof varying the
numberof imagesper classusedin the training set from 1 to 5 for PCA+CN,SOM+CN andalso
for the eigenfacesalgorithm. We implementedtwo versionsof the eigenfacesalgorithm– the first
versioncreatesvectorsfor eachclassin the training set by averagingthe resultsof the eigenface
representationover all imagesfor the sameperson.This correspondsto the algorithmasdescribed
by Turk andPentland[43]. However, we foundthatusingseparatetrainingvectorsfor eachtraining
imageresultedin betterperformance.We foundthatusingbetween40 to 100eigenfacesresultedin
similar performance.We canseethat thePCA+CNandSOM+CNmethodsarebothsuperiorto the
eigenfacestechniqueevenwhenthereis only onetrainingimageperperson.TheSOM+CNmethod
consistentlyperformsbetterthanthePCA+CNmethod.
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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: Error ratefor theeigenfacesalgorithmandtheSOM+CNasthesizeof thetrainingsetis variedfrom 1 to 5
imagesperperson.Averagedovertwo differentselectionsof thetrainingandtestsets.

7 Discussion

Theresultsindicatethataconvolutionalnetwork canbemoresuitablein thegivensituationwhencompared
with a standardmulti-layer perceptron.This correlateswith the commonbelief that the incorporationof
prior knowledgeis desirablefor MLP stylenetworks(theCN incorporatesdomainknowledgeregardingthe
relationshipof thepixelsanddesiredinvarianceto adegreeof translation,scaling,andlocaldeformation).

Convolutional networks have traditionally beenusedon raw imageswithout any preprocessing.Without
thepreprocessingwe have used,theresultingconvolutionalnetworksarelarger, morecomputationallyin-
tensive, andhave not performedaswell in our experiments(e.g. usingno preprocessingandthesameCN
architectureexceptinitial receptive fieldsof 8 ] 8 resultedin approximatelytwo timesgreatererror(for the
caseof five imagesperperson)).

Figure15 shows the randomlychoseninitial local imagesamplescorrespondingto eachnodein a two-
dimensionalSOM, and the final sampleswhich the SOM converges to. Scanningacrossthe rows and
columnswe canseethat thequantizedsamplesrepresentsmoothlychangingshadingpatterns.This is the
initial representationfrom which successively higher level featuresareextractedusing the convolutional
network. Figure16shows theactivationof thenodesin asampleconvolutionalnetwork for aparticulartest
image.

Figure 15: SOMimagesamplesbeforetraining(a randomsetof imagesamples)andaftertraining.

Figure17 shows theresultsof sensitivity analysisin orderto determinewhich partsof theinput imageare
most importantfor classification.Using the methodof Baluja andPomerleauasdescribedin [37], each
of the input planesto the convolutional network wasdivided into \ ]Ñ\ segments(the input planesare\6Ö=]r\6Ø ). Eachof 168( _�\=]w_@Ó ) segmentswasreplacedwith randomnoise,onesegmentata time. Thetest
performancewascalculatedat eachstep. Theerrorof thenetwork whenreplacingpartsof the input with
randomnoisegivesanindicationof how importanteachpartof theimageis for theclassificationtask.From

18



Figure 16: 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.

thefigureit canbeobservedthat,asexpected,theeyes,nose,mouth,chin,andhair regionsareall important
to theclassificationtask.

Cantheconvolutionalnetwork featureextractionform theoptimalsetof features?Theansweris negative
– it is unlikely that thenetwork couldextractanoptimalsetof featuresfor all images.Althoughtheexact
processof humanfacerecognitionis unknown, therearemany featureswhich humansmay usebut our
systemis unlikely to discover optimally – e.g. a) knowledgeof thethree-dimensionalstructureof theface,
b) knowledgeof thenose,eyes,mouth,etc.,c) generalizationto glasses/noglasses,differenthair growth,
etc.,andd) knowledgeof facialexpressions.

8 Computational Complexity

TheSOM takesconsiderabletime to train. This is not a drawbackof theapproachhowever, asthesystem
canbe extendedto cover new classeswithout retrainingthe SOM. All that is requiredis that the image
samplesoriginally usedto train theSOM aresufficiently representative of the imagesamplesusedin new
images.For theexperimentswe have reportedhere,thequantizedoutputof theSOM is very similar if we
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Figure 17: Sensitivity to variouspartsof the input image. It canbeobservedthat theeyes,mouth,nose,chin, and
hair regionsareall importantfor theclassification.The - axiscorrespondsto themeansquarederrorratherthanthe
classificationerror (themeansquarederror is preferablebecauseit variesin a smootherfashionasthe input images
areperturbed).Theimageorientationcorrespondsto uprightfaceimages.

train it with only 20 classesinsteadof 40. In addition,theKarhunen-Lòeve transformcanbeusedin place
of theSOMwith aminimal impactonsystemperformance.

It alsotakesa considerableamountof time to train a convolutional network, how significantis this? The
convolutionalnetwork extractsfeaturesfrom theimage.It is possibleto usefixedfeatureextraction.Con-
siderif we separatethe convolutional network into two parts: the initial featureextractionlayersandthe
final featureextractionandclassificationlayers. Givena well chosensampleof the completedistribution
of faceswhich we wantto recognize,thefeaturesextractedfrom thefirst sectioncouldbeexpectedto also
beusefulfor theclassificationof new classes.Thesefeaturescould thenbeconsideredfixed featuresand
thefirst partof thenetwork maynot needto beretrainedwhenaddingnew classes.Thepoint at which the
convolutional network is broken into two would dependon how well the featuresat eachstageareuseful
for theclassificationof new classes(thelarger featuresin thefinal layersarelesslikely to bea goodbasis
for classificationof new examples).Wenotethatit maybepossibleto replacethesecondpartwith another
typeof classifier– e.g.anearest-neighborsclassifier. In thiscasethetimerequiredfor retrainingthesystem
whenaddingnew classesis minimal(theextractedfeaturevectorsaresimplystoredfor thetrainingimages).

To give anideaof thecomputationalcomplexity of eachpartof thesystemwedefine:

.0/
Thenumberof classes.21
Thenumberof nodesin theself-organizingmap.2354
Thenumberof weightsin theconvolutionalnetwork. 3�6
Thenumberof weightsin theclassifier.27�8
Thenumberof trainingexamples.29
Thenumberof nodesin theneighborhoodfunction.29 9�4
Thetotal numberof next nodesusedto backpropagatetheerrorin theCN. 9 9 6
Thetotal numberof next nodesusedto backpropagatetheerrorin theMLP classifier.0:<;
Theoutputdimensionof theKL projection.2=>;
Theinputdimensionof theKL projection. 1@?�ACB�DFEG1
Thenumberof trainingsamplesfor theSOMor theKL projection.23 = 9 ;H: 3
Thenumberof local imagesamplesperimage
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Tables10 and11 show theapproximatecomplexity of thevariouspartsof thesystemduring trainingand
classification.We show thecomplexity for boththeSOM andKL alternativesfor dimensionalityreduction
andfor boththeneuralnetwork (MLP) andanearest-neighborsclassifier(asthelastpartof theconvolutional
network – not asa completereplacement,i.e. this is not the sameas the earliermulti-layer perceptron
experiments).We notethat theconstantassociatedwith the log factorsmay increaseexponentiallyin the
worst case(cf. neighborsearchingin high dimensionalspaces[1]). We have aimedto show how the
computationalcomplexity scalesaccordingto thenumberof classes,e.g. for thetrainingcomplexity of the
MLP classifier:althoughIKJML2NOIQP"PRL maybelargerthan IQS , both IQJML and IKPTPRL scaleroughlyaccording
to IQS .

Section Trainingcomplexity

KL UWV�VYXZNOI L[�\T] I_^a`cbed�f�gh^iNkjRImln \"]0o UWVGI L[p\ NOImln \"]
SOM UWVYqsr)I�^H`)bid�ftgu^�IQP5qvLxwpy�z{I ^ ]0o U|VGI�^H`)bid�ftgu^)IKP}wpy�z{I ^ ] ( IKP varies)
CN UWVYq l IQ~p�RVGIQJ�reNkIKPTPvr ]�]2o U|VGIQ~p�'IQJir ]
MLP Classifier UWVYq l I ~p� VGI J�L NkI PTPTL ]�]2o U|VGI ~p� I S ]
NN Classifier UWVGIK~p� ]

Table 10: Trainingcomplexity. �R� and �"� representthenumberof timesthetrainingsetis presentedto thenetwork
for theSOMandtheCN respectively.

Section Classificationcomplexity

KL U|VGI J [ P \ n J I [p\ I n \ ]
SOM U|VGI J [ P \ n J qsr�wpy�z}I ^ ]0o U|VGI J [ P \ n J w�y�z{I ^ ]
CN U|VYq�L�IQJir ]0o U|VGIQJ�r ]
MLP Classifier U|VGIQJ�L ]2o UWVGIQS ]
NN Classifier U|VYq���w�y�z{IQ~p� ]2o U|VGwpy�z�I_S ]

Table11: Classificationcomplexity. �"� representsthedegreeof sharedweightreplication.

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).

In termsof computationtime, the requirementsof real-timetasksvaries. The systemwe have presented
shouldbe suitablefor a numberof real-timeapplications.The systemis capableof performinga classi-
fication in lessthanhalf a secondfor 40 classes.This speedis sufficient for taskssuchasaccesscontrol
androommonitoringwhenusing40 classes.It is expectedthatanoptimizedversioncouldbesignificantly
faster.

9 Further Research

Wecanidentify thefollowing avenuesfor improving performance:
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1. More carefulselectionof the convolutional network architecture,e.g. by using the Optimal Brain
Damagealgorithm[25] asusedby Le Cunet al. [24] to improve generalizationandspeeduphand-
writtendigit recognition.

2. Moreprecisenormalizationof theimagesto accountfor translation,rotation,andscalechanges.Any
normalizationwouldbelimited by thedesiredrecognitionspeed.

3. The variousfacial featurescould be ranked accordingto their importancein recognizingfacesand
separatemodulescould be introducedfor variouspartsof the face,e.g. the eye region, the nose
region, andthemouthregion (Brunelli andPoggio[6] obtainvery goodperformanceusinga simple
templatematchingstrategy onpreciselytheseregions).

4. An ensembleof recognizerscould be used. Thesecould be combinedvia simplemethodssuchas
a linear combinationbasedon the performanceof eachnetwork, or via a gatingnetwork and the
Expectation-Maximizationalgorithm[16, 11]. Examinationof theerrorsmadeby networks trained
with differentrandomseedsandby networkstrainedwith theSOMdataversusnetworkstrainedwith
theKL datashows thata combinationof networksshouldimprove performance(thesetof common
errorsbetweentherecognizersis oftenmuchsmallerthanthetotal numberof errors).

5. Invarianceto a groupof desiredtransformationscouldbeenhancedwith theadditionof pseudo-data
to thetrainingdatabase– i.e. theadditionof new examplescreatedfrom thecurrentexamplesusing
translation,etc.Leen[26] shows thataddingpseudo-datacanbeequivalentto addinga regularizerto
thecostfunctionwheretheregularizerpenalizeschangesin theoutputwhenthe input goesundera
transformationfor which invarianceis desired.

10 Conclusions

We have presenteda fast,automaticsystemfor facerecognitionwhich is a combinationof a local image
samplerepresentation,a self-organizingmapnetwork, anda convolutional network for facerecognition.
The self-organizingmapprovidesa quantizationof the imagesamplesinto a topologicalspacewherein-
putsthatarenearbyin theoriginal spacearealsonearbyin theoutputspace,which resultsin invarianceto
minor changesin the imagesamples,andtheconvolutional neuralnetwork providesfor partial invariance
to translation,rotation,scale,anddeformation.Substitutionof theKarhunen-Lòeve transformfor theself-
organizingmapproducedsimilar but slightly worseresults.Themethodis capableof rapidclassification,
requiresonly fast,approximatenormalizationandpreprocessing,andconsistentlyexhibitsbetterclassifica-
tion performancethantheeigenfacesapproach[43] onthedatabaseconsideredasthenumberof imagesper
personin the trainingdatabaseis variedfrom 1 to 5. With 5 imagesperpersontheproposedmethodand
eigenfacesresultin 3.8%and10.5%errorrespectively. Therecognizerprovidesameasureof confidencein
its outputandclassificationerrorapproacheszerowhenrejectingasfew as10%of theexamples.We have
presentedavenuesfor furtherimprovement.

Therearenoexplicit three-dimensionalmodelsin oursystem,howeverwehave foundthatthequantizedlo-
cal imagesamplesusedasinputto theconvolutionalnetwork representsmoothlychangingshadingpatterns.
Higher level featuresareconstructedfrom thesebuilding blocksin successive layersof the convolutional
network. In comparisonwith theeigenfacesapproach,we believe that thesystempresentedhereis ableto
learnmoreappropriatefeaturesin orderto provideimprovedgeneralization.Thesystemis partiallyinvariant
to changesin thelocal imagesamples,scaling,translationanddeformationby design.
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