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Abstract

Facesrepresentomple, multidimensionalmeaningfulvisual stimuli and developinga computa-
tional modelfor facerecognitionis difficult [43]. We presenta hybrid neuralnetwork solutionwhich
comparegavorablywith othermethods.The systemcombinedocal imagesampling,a self-omganizing
map neuralnetwork, anda cornvolutional neuralnetwork. The self-olganizingmap providesa quanti-
zationof theimagesamplesnto a topologicalspacewhereinputsthatarenearbyin the original space
arealsonearbyin the outputspace therebyproviding dimensionalityreductionand invarianceto mi-
nor changesn theimagesample,andthe convolutional neuralnetwork providesfor partialinvariance
to translationrotation,scale,anddeformation. The corvolutional network extractssuccessiely larger
featuredn a hierarchicaketof layers.We presentesultsusingthe Karhunen-L@&ve transformin place
of the self-olganizingmap, and a multi-layer perceptronn placeof the corvolutional network. The
Karhunen-L@we transformperformsalmostas well (5.3% error versus3.8%). The multi-layer per
ceptronperformsvery poorly (40% error versus3.8%). The methodis capableof rapid classification,
requiresonly fast,approximatenormalizationand preprocessingand consistentlyexhibits betterclas-
sificationperformancehanthe eigenficesapproach43] on the databas&onsideredasthe numberof
imagesperpersonin thetrainingdatabasés variedfrom 1 to 5. With 5 imagesper persortheproposed
methodandeigenticesresultin 3.8%and10.5%errorrespectiely. Therecognizeprovidesa measure
of confidencen its outputand classificationerror approachezerowhenrejectingas few as 10% of
the examples. We usea databasef 400 imagesof 40 individualswhich containsquite a high degree
of variability in expressionpose,andfacial details. We analyzecomputationatompleity anddiscuss
how new classegouldbe addedo thetrainedrecognizer

1 Intr oduction

The requirementor reliable personaldentificationin computerizedaccessontrol hasresultedin anin-
creasednterestin biometrics. Biometricsbeinginvestigatedncludefingerprints[4], speech7], signature
dynamics[36], andfacerecognition[8]. Salesof identity verificationproductsexceed$100million [29].
Facerecognitionhasthe benefitof beinga passie, non-intrusie systenfor verifying personaldentity. The
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techniqueaisedin the bestfacerecognitionsystemsnay dependon the applicationof the system.We can
identify atleasttwo broadcateoriesof facerecognitionsystems:

1. We wantto find a personwithin alarge databas®f faces(e.g. in a police database)Thesesystems
typically returnalist of themostlikely peoplein the databas§34]. Oftenonly oneimageis available
perperson.lt is usuallynot necessarjor recognitionto be donein real-time.

2. We wantto identify particularpeoplein real-time(e.g. in a securitymonitoring system,location
trackingsystemgetc.),or we wantto allow accesgo a groupof peopleanddery accesgo all others
(e.g. accesdo a building, computer etc.) [8]. Multiple imagesper personare often available for
trainingandreal-timerecognitionis required.

In this papey we areprimarily interestedn thesecondcasé. We areinterestedn recognitionwith varying

facialdetail,expressionpose etc. We do not considelinvarianceto high degreesof rotationor scaling—we

assumehata minimal preprocessingtageis availableif required.We areinterestedn rapidclassification
and hencewe do not assumehat time is availablefor extensive preprocessingnd normalization. Good

algorithmsfor locatingfacesin imagescanbefoundin [43, 40, 37).

Theremaindeof this paperis organizedasfollows. The datawe usedis presentedn section2 andrelated
work with this and otherdatabasess discussedn section3. The componentanddetailsof our system
are describedn sections4 and 5 respectiely. We presentand discussour resultsin sectionsé and 7.
Computationatompleity is consideredn section8 andwe drav conclusionsn sectionl10.

2 Data

We have usedthe ORL databasevhich containsa setof facestaken betweenApril 1992andApril 1994at
the Olivetti Research.aboratoryin Cambridge UK 2. Thereare10 differentimagesof 40 distinctsubjects.
For someof the subjectstheimagesweretaken at differenttimes. Therearevariationsin facial expression
(open/closedyes,smiling/non-smiling) andfacial details(glasses/nglasses) All theimagesweretaken
againstadarkhomogeneouackgroundvith thesubjectsn anup-right,frontal position,with toleranceor
sometilting androtationof up to about20 degrees. Thereis somevariationin scaleof up to about10%.
Thumbnailsof all of theimagesareshavn in figure1 anda larger setof imagedor onesubjectis shavn in
figure2. Theimagesaregreyscalewith aresolutionof

3 RelatedWork

3.1 Geometrical Features

Many peoplehave exploredgeometricafeaturebasedmethoddor facerecognition.Kanadg17] presented
an automaticfeatureextractionmethodbasedon ratios of distancesandreporteda recognitionrate of be-

2However, we have not performedary experimentsvherewe have requiredthe systemto rejectpeoplethatarenotin a select
group(important,for example whenallowing accesso a building).
3The ORL databasés availablefree of chage,see



Figure 1. TheORL facedatabaseThereare10imageseachof the 40 subjects.

tween45-75%with a databasef 20 people.BrunelliandPoggio[6] computea setof geometricafeatures
suchasnosewidth andlength, mouthposition,andchin shape.They reporta 90% recognitionrateon a

databasef 47 people.However, they shawv thata simpletemplatematchingschemeprovides 100%recog-
nition for the samedatabase Cox et al. [9] have recentlyintroduceda mixture-distancetechniquewhich

achieresarecognitiorrateof 95%usingaquerydatabasef 95imagesrom atotal of 685individuals.Each
faceis representetly 30 manuallyextracteddistances.



Figure 2: Thesetof 10imagesfor onesubject.Considerableariationcanbe seen.

Systemawhich emplogy preciselymeasuredlistancedbetweerfeaturesmay be mostusefulfor finding pos-
siblematchesn alarge mugshotdatabast For otherapplicationsautomatiddentificationof thesepoints
wouldberequired andtheresultingsystemwould bedependentntheaccurag of thefeaturelocationalgo-
rithm. Currentalgorithmsfor automatidocationof featurepointsdo not provide a high degreeof accurayg
andrequireconsiderableomputationatapacity[41].

3.2 Eigenfaces

High-level recognitiontasksaretypically modeledwith mary stagesf processingsin the Marr paradigm
of progressingrom imagesto surfacesto three-dimensionainodelsto matchedmodels[28]. However,

Turk andPentland43] arguethatit is likely thatthereis alsoarecognitionprocesdasedn low-level, two-

dimensionaimageprocessing.Their agumentis basedon the early developmentandextremerapidity of

facerecognitionn humansandon physiologicakxperimentsn monkey cortex whichclaimto haveisolated
neuronghatrespondselectvely to faces[35]. However, it is not clearthattheseexperimentsexcludethe
soleoperationof the Marr paradigm.

Turk andPentland43] presentfacerecognitionschemen whichfaceimagesareprojectecdontotheprinci-
palcomponent®sf theoriginal setof trainingimages.Theresultingeigenfacesareclassifiedoy comparison
with known individuals.

Turk and Pentlandpresentresultson a databas®f 16 subjectswith variousheadorientation,scaling,and
lighting. Their imagesappeardentical otherwisewith little variationin facial expression facial details,
pose,etc. For lighting, orientation,and scalevariationtheir systemachiares 96%, 85% and 64% correct
classificatiorrespectiely. Scaleis renormalizedo theeigenacesizebasedn anestimateof theheadsize.
Themiddleof thefaceds accentuatededucingary negative affect of changinghairstyleandbackgrounds.

In Pentlancktal. [34, 33] goodresultsarereportedonalarge databas€d5%recognitionof 200peoplefrom
adatabasef 3,000).It is difficult to draw broadconclusionasmary of theimagesof thesamepeoplelook
very similar, andthe databasédasaccurateaegistrationandalignment[30]. In Moghaddamand Pentland
[30], very goodresultsarereportedwith the FERET database- only onemistale wasmadein classifying
150frontal view images.The systemusedextensve preprocessingpr headlocation,featuredetectionand
normalizatiorfor the geometryof theface translation}ighting, contrastyotation,andscale.

4A mugshotlatabaséypically containssideviews wherethe performancef featurepoint methodss known to improve [8].
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Swetsand Weng [42] presenta methodof selectingdiscriminanteigenfeaturesising multi-dimensional
linear discriminantanalysis. They presentmethodsfor determiningthe Most Expressie FeatureMEF)
andthe Most DiscriminatoryFeature$MDF). We arenot currentlyawareof theavailability of resultswhich
arecomparablevith thoseof eigenfices(e.g.ontheFERETdatabasasin MoghaddanandPentland30]).

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

3.3 TemplateMatching

Templatematchingmethodssuchas[6] operateby performingdirectcorrelationof imagesegments.Tem-
platematchingis only effective whenthequeryimageshave the samescale orientation andilluminationas
thetrainingimaged9].

3.4 Graph Matching

Another approachto facerecognitionis the well known methodof GraphMatching. In [21], Ladeset

al. presenta DynamicLink Architecturefor distortioninvariantobjectrecognitionwhich emplgs elastic
graphmatchingto find the closeststoredgraph. Objectsarerepresentedith sparsegraphswvhosevertices
are labeledwith a multi-resolutiondescriptionin termsof a local powver spectrum,andwhoseedgesare

labeledwith geometricabdistancesThey presengoodresultswith a databasef 87 peopleandtestimages
composef differentexpressionsandfacesturned15 deggrees. The matchingprocesds computationally
expensve, taking roughly 25 secondgo comparean imagewith 87 storedobjectswhenusinga parallel

machinewith 23 transputers.Wiskott et al. [45] usean updatedversionof the techniqueand compare
300 facesagainst300 differentfacesof the samepeopletaken from the FERET database They reporta

recognitionrateof 97.3%.Therecognitiontime for this systemwasnotgiven.

3.5 Neural Network Approaches

Much of the presentiteratureon facerecognitionwith neuralnetworks presentsesultswith only a small
numberof classegoftenbelon 20). We briefly describea coupleof approaches.

In [10] the first 50 principal componentof the imagesare extractedandreducedto 5 dimensionsusing
an autoassociate neuralnetwork. The resultingrepresentatioiis classifiedusinga standardmulti-layer
perceptronGoodresultsarereportedout thedatabasés quite simple:the picturesaremanuallyalignedand
thereis nolighting variation,rotation,or tilting. Thereare20 peoplein thedatabase.

A hierarchicaheuralnetwork whichis grovn automaticallyandnottrainedwith gradient-descentasused
for facerecognitionby WengandHuang[44]. They reportgoodresultsfor discriminationof tendistinctive
subjects.



3.6 The ORL Database

In [39] a HMM-basedapproachis usedfor classificationof the ORL databaseémages. The bestmodel
resultedn a 13%errorrate. Samariaalsoperformedextensie testsusingthe populareigenficesalgorithm
[43] on the ORL databasendreporteda besterror rate of around10% whenthe numberof eigenfices
wasbetweenl75and199. We implementedhe eigenficesalgorithmandalsoobsered around10%errot

In [38] Samarieextendsthetop-davn HMM of [39] with pseudawo-dimensionaHMMs. Theerrorrate
reducego 5% at the expenseof high computationatompleity — a singleclassificatiortakesfour minutes
onaSunSparcll. Samarianotesthatalthoughanincreasedecognitionratewasachiezed the sgmentation
obtainedwith the pseudawo-dimensionaHMMs appearedjuite erratic. Samariausesthe sametraining

andtestsetsizesaswe do (200trainingimagesand200testimageswith no overlapbetweerthetwo sets).
The5% errorrateis the besterrorratepreviously reportedfor the ORL databaséhatwe areawareof.

4 SystemComponents

4.1 Overview

In thefollowing sectionsveintroducethetechniquesvhichformthecomponentsf oursystemanddescribe
our motivation for usingthem. Briefly, we explore the useof local imagesamplingand a techniquefor
partiallighting invariance a self-oganizingmap (SOM) for projectionof theimagesamplerepresentation
into a quantizedower dimensionalspace the Karhunen-Léwe (KL) transformfor comparisorwith the
self-oganizingmap,a corvolutionalnetwork (CN) for partialtranslatioranddeformationinvarianceanda
multi-layerperceptror{MLP) for comparisorwith the cornvolutionalnetwork.

4.2 Local Image Sampling

We have evaluatedwo differentmethodsof representingpcalimagesamplesin eachmethodawindow is
scanneaver theimageasshawn in figure 3.

1. Thefirst methodsimply createsavectorfrom alocalwindow ontheimageusingtheintensityvalues
ateachpointin thewindow. Let  betheintensityatthe th column,andthe th row of the given
image.If thelocalwindow is asquareof sides long,centeredn , thenthevectorassociated
with thiswindow is simply

2. The secondmethodcreatesa representatiomf the local sampleby forming a vector out of a) the
intensityof thecentempixel , andb) thedifferencein intensitybetweerthecentemixel andall other
pixelswithin the squarewindow. Thevectoris given by

. The resultingrepresentatiolbecomegartially
invariantto variationsin intensityof the completesample.The degreeof invariancecanbe modified
by adjustingtheweight ~ connectedo the centralintensitycomponent.
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Figure 3: A depictionof the local imagesamplingprocess.A window is steppedover the imageanda vectoris
createcdateachlocation.

4.3 The Self-Organizing Map
4.3.1 Intr oduction

Mapsare animportantpart of both naturaland artificial neuralinformation processingystemg?2]. Ex-
amplesof mapsin the nenous systemare retinotopicmapsin the visual cortex [31], tonotopicmapsin
theauditorycortex [18], andmapsfrom the skin ontothe somatosensoricortex [32]. The self-oganizing
map,or SOM, introducedby Teuw Kohonen20, 19 is anunsupervisetkarningprocesavhich learnsthe
distribution of a setof patternsvithoutary classinformation. A patternis projectedrom aninput spaceo
apositionin the map— informationis codedasthelocationof anactivatednode. The SOMis unlike most
classificatioror clusteringtechniquesn thatit providesatopologicalorderingof the classesSimilarity in
input patternds presered in the outputof the process.The topologicalpreseration of the SOM process
malkesit especiallyusefulin the classificatiorof datawhichincludesalarge numberof classesin thelocal
imagesampleclassificationfor example theremaybeaverylargenumberof classesn whichthetransition
from oneclassto thenext is practicallycontinuougmakingit difficult to definehardclassboundaries).

4.3.2 Algorithm

We give a brief descriptionof the SOM algorithm, for more detailssee[20]. The SOM definesa map-
ping from aninput space  onto a topologically orderedset of nodes,usuallyin a lower dimensional
space. An example of a two-dimensionalSOM is shavn in figure 4. A referencevectorin the input
space, , IS assignedo eachnodein the SOM. During training, eachin-
put vector , is comparedo all of the , obtainingthe location of the closestmatch (given by

where  denoteghe normof vector ). Theinput pointis mappedo this
locationin the SOM. Nodesin the SOM areupdatedaccordingo:

1)
where is the time during learningand is the neighbourhoodunction a smoothingkernelwhich
is maximumat . Usually , where and representhelocationof the nodes



in the SOM outputspace. is the nodewith the closestweightvectorto the input sampleand ranges
over all nodes. approache$ as increasesndalsoas approaches . A widely applied
neighbourhoodunctionis:

(2)

where is ascalarvaluedlearningrateand defineghewidth of thekernel. They aregenerallyboth
monotonicallydecreasingvith time [20]. The useof the neighbourhoodunction meanghatnodeswhich
aretopographicallyclosein the SOM structurearemovedtowardsthe input patternalongwith thewinning
node.This createsa smoothingeffectwhichleadsto aglobalorderingof themap.Notethat shouldnot
bereducedoo farasthe mapwill loseits topographicabrderif neighbouringnodesarenot updatedalong
with the closesthode. The SOM canbe considered non-linearprojectionof the probability density

[20].
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Figure 4: A two-dimensionaBOM shaving a squareneighborhoodunctionwhich startsas andreducesn

sizeto overtime.

4.3.3 Improving the BasicSOM
Theoriginal self-oganizingmapis computationallyexpensie dueto:

1. In theearlystageof learning,mary nodesareadjustedn acorrelatednanner Luttrel [27] proposed
a method,which is usedhere,that startsby learningin a small network, anddoublesthe size of the
network periodically during training. Whendoubling, nev nodesare insertedbetweenthe current
nodes.Theweightsof the nev nodesaresetequalto the averageof the weightsof theimmediately
neighboringnodes.

2. Eachlearningpassrequirescomputationof the distanceof the currentsampleto all nodesin the
network, whichis . However, this maybereducedo usinga hierarchyof networks
whichis createdrom the aboe nodedoublingstrateyy®.

®This assumethatthetopologicalorderis optimalprior to eachdoublingstep.
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4.4 Karhunen-Loéwe Transform

Theoptimallinearmethod for reducingredundang in a datasets the Karhunen-Léve (KL) transformor
eigervectorexpansionvia Principle Component#\nalysis(PCA) [12]. PCA generates setof orthogonal
axesof projectionsknownn asthe principalcomponentspr the eigetvectors,of theinput datadistribution in
theorderof decreasingariance. TheKL transformis awell known statisticaimethodfor featureextraction
andmultivariatedataprojectionandhasbeenusedwidely in patternrecognition signalprocessingimage
processinganddataanalysis.Pointsin an -dimensionalnput spaceareprojectednto an -dimensional
space, . TheKL transformis usedherefor comparisorwith the SOMin thedimensionalityreduction
of thelocalimagesamplesThe KL transformis alsousedin eigenfices howeverin thatcaseit is usedon
theentireimageswvhereast is only usedon smalllocal imagesamplesn this work.

4.5 Convolutional Networks

The problemof facerecognitionfrom 2D imagesis typically very ill-posed,i.e. thereare mary models
whichfit thetraining pointswell but do not generalizevell to unseerimages.In otherwords,therearenot
enoughtrainingpointsin the spacecreatedy theinputimagesn orderto allow accuratestimatiorof class
probabilitiesthroughoutheinputspace Additionally, for MLP networkswith the2D imagesasinput, there
is noinvarianceto translationor local deformationof theimagedg23].

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

sharedweightsalsoreduceghe numberof parameterén the systemaiding generalization.Convolutional

networks have beensuccessfullyappliedto characterecognition[24, 22, 23, 5, 3].

A typical corvolutional network is shavn in figure 5 [24]. The network consistsof a setof layerseach
of which containsone or more planes. Approximatelycenteredand normalizedimagesenterat the input
layer Eachunit in a planerecevesinput from a small neighborhoodn the planesof the previous layer

Theideaof connectingunitsto local receptve fields datesbackto the 1960swith the perceptrorandHubel
andWiesels[15] discovery of locally sensitve, orientation-seleate neuronsn thecat'svisualsystem23].

The weightsforming the receptie field for a planeareforcedto be equalat all pointsin the plane. Each
planecanbe consideredisa featuremapwhich hasa fixed featuredetectorthatis corvolved with a local

window which is scannedver the planesin the previous layer Multiple planesare usuallyusedin each
layersothatmultiple featurescanbe detected Thesdayersarecalledconvolutional layers.Oncea feature
hasbeendetectedits exactlocationis lessimportant.Hence theconvolutionallayersaretypically followed
by anotheldayerwhich doesa local averagingandsubsamplingperation(e.g. for a subsamplindgactorof

2: where is the outputof a subsamplinglaneat
position and istheoutputof the sameplanein the previouslayer). The network is trainedwith the
usualbackpropagatiogradient-descemirocedurd13]. A connectionstratgy canbe usedto reducethe
numberof weightsin the network. For example,with referenceo figure 5, Le Cunetal. [24] connecthe
featuremapsin the secondconvolutionallayeronly to 1 or 2 of the mapsin thefirst subsamplindayer (the
connectiorstratgy waschosermanually).

®In theleastmeansquarederrorsense.
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Figure 5: A typical convolutionalnetwork.

5 SystemDetails

The systemwe have usedfor facerecognitionis a combinationof the precedingparts— a high-level block
diagramis shavnin figure6 andfigure7 shavs abreakdavn of thevarioussubsystemthatwe experimented
with or discuss.

Image o | Dimensionality Feature

Classifier ; :
Sampling " Reduction Extraction asstit —» Classification

Images —m

Figure 6: A high-level block diagramof the systemwe have usedfor facerecognition.

Our systemworksasfollows (we give completedetailsof dimensionsetc. later):

1. For theimagesin thetraining set,a fixed sizewindow (e.g. ) is steppecbver the entireimage
asshawn in figure 3 andlocal imagesamplesareextractedat eachstep. At eachstepthe window is
movedby 4 pixels.

2. A self-oganizingmap (e.g. with threedimensionsandfive nodesper dimension, total
nodesj)s trainedon thevectorsfrom the previousstage. The SOM quantizeshe 25-dimensionaihput
vectorsinto 125topologicallyorderedvalues.Thethreedimension®f the SOM canbethoughtof as
threefeatures.We alsoexperimentedvith replacingthe SOM with the Karhunen-Léwe transform.
In this casethe KL transformprojectsthe vectorsin the 25-dimensionaspaceinto a 3-dimensional
space.

3. Thesamewindow asin thefirst stepis steppedver all of theimagesn thetrainingandtestsets.The
localimagesamplesarepassedhroughthe SOM at eachstep,therebycreatingnew trainingandtest
setsin the outputspacecreatedy the self-oganizingmap. (Eachinputimageis now representetly
3 maps,eachof which correspondo adimensionn the SOM. Thessizeof thesemapsis equalto the
sizeof theinputimage( ) dividedby the stepsize(for astepsizeof 4, themapsare ))
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Figure 7: A diagramof thesystemwe have usedfor facerecognitionshaving alternatve methodsvhichwe consider
in this paper Thetop “multi-layer perceptrorstyle classifier’representshe final MLP stylefully connectedayerof

the corvolutional network. We have shown this decompositiorof the cornvolutional network in orderto highlight

the possibility of replacingthe final layer (or layers)with a differenttype of classifier The nearest-neighbastyle

classifieris potentiallyinterestingbecausat may make it possibleto add new classesvith minimal extra training

time. Thebottom“multi-layer perceptron’showvs thatthe entirecorvolutionalnetwork canbe replacedwith a multi-

layer perceptron.We presentresultswith eithera self-oiganizingmap or the Karhunen-L@ve transformusedfor

dimensionalityreduction andeithera corvolutionalneuralnetwork or a multi-layerperceptrorfor classification.

4. A corvolutional neuralnetwork is trainedon the newly createdraining set. We also experimented
with traininga standardnulti-layerperceptrorfor comparison.

5.1 Simulation Details

In this sectionwe give the detailsof oneof the bestperformingsystems.

For the SOM, trainingis split into two phasesasrecommendetdly Kohonen20] — anorderingphaseand
afine-adjustmenphase.100,000updatesareperformedn thefirst phaseand50,000in thesecond.In the
first phasetheneighborhoodadiusstartsat two-thirdsof the sizeof themapandreducedinearlyto 1. The
learningrate during this phaseis: where is the currentupdatenumbey and is the
total numberof updates.In the secondohasethe neighborhoodadiusstartsat 2 andis reducedo 1. The
learningrateduringthis phasés:

Theconvolutionalnetwork containedive layersexcludingtheinputlayer A confidenceneasuravascalcu-
latedfor eachclassification: where  isthemaximumoutput,and is thesecondmaxi-

mumoutput(for outputswhich have beentransformedisingthe softmaxtransformation:

where arethe original outputs, arethe transformedoutputs,and is the numberof outputs). The
numberof planesin eachlayer, thedimension®of the planes andthe dimensionof thereceptve fieldsare
shavn in tablel. Thenetwork wastrainedwith backpropagatiofiL3] for atotal of 20,000updatesWeights
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in the network wereupdatedafter eachpatternpresentationasopposedo batchupdatewhereweightsare
only updatedonceperpassthroughthetraining set. All inputswerenormalizedto lie in therange-1to 1.
All nodesincludeda biasinput which waspartof the optimizationprocess.The bestof 10 randomweight
setswaschoserfor theinitial parametersf the network by evaluatingthe performancen thetrainingset.
Weightswereinitialized on a nodeby nodebasisas uniformly distributed randomnumbersin the range
where isthefan-inof neuron [13]. Targetoutputswere-0.8and0.8 usingthe
outputactivation functiorf. The quadraticcostfunction wasused. A searchthencornverge learningrate
schedulavasused: — where  learningrate, initial learningrate

=0.1, totaltrainingepochs, currenttrainingepoch, , . Theschedules shavnin
figure8. Total trainingtime wasaroundfour hoursonan SGIIndy 100MhzMIPS R4400system.

0.5 T T T T T T T T T
0.45 | Layer 1 — 7
g 003;‘; - Layer 2 ---- i
€ o3} ]
g 0.25 B
5 0.2 ]
g 0.15 i
0.1 i
005 i 1 1 1 1 1 1 1 1 1 ]
0 50 100 150 200 250 300 350 400 450 500
Epoch
Figure 8: Thelearningrateasa functionof theepochnumber
Layer Type Units | x | y | Receptie | Receptie | Connection
field x fieldy Percentage
1 Corvolutional 20 |21 26 3 3 100
2 Subsampling | 20 | 11| 13 2 2 -
3 Corvolutional 25 9 |11 3 3 30
4 Subsampling | 25 5|6 2 2 -
5 Fully connected 40 111 5 6 100

Table 1: Dimensionsfor the corvolutional network. The connectionpercentageefersto the percentagef nodes
in the previouslayerwhich eachnodein the currentlayeris connectedo — a valuelessthan 100%reduceghetotal
numberof weightsin the network and may improve generalization.The connectiorstrately usedhereis similar to
thatusedby Le Cunetal. [24] for characterecognition.However, asopposedo the manualconnectiorstratey used
by Le Cunet al., the connectiondbetweenayers2 and3 are chosenrandomly As an exampleof how the precise
connectionganbe determinedrom thetable—the sizeof thefirst layerplanes ) is equalto thetotal number
of waysof positioninga receptvefield ontheinputlayerplanes ).

"This helpsavoid saturatinghe sigmoidfunction. If targetsweresetto the asymptotesf the sigmoidthis would tendto: a)
drive the weightsto infinity, b) causeoutlier datato producevery large gradientsdueto the large weights,andc) producebinary
outputsevenwhenincorrect— leadingto decreaseceliability of the confidencaneasure.

8Relatively highlearningratesaretypically usedn orderto helpavoid slow convergenceandlocal minima. However, aconstant
learningrateresultsin significantparameteandperformancdluctuationduringthe entiretrainingcycle suchthatthe performance
of the network canalter significantlyfrom the beginning to the endof the final epoch.Moody andDarkin have proposedsearch
thenconverge” learningrate schedulesWe have found thattheseschedulestill resultin considerablg@arametefluctuationand
hencewe have addedanothertermto furtherreducethe learningrate over the final epochga simplerlinear schedulealsoworks
well). We have foundthe useof learningratescheduleso improve performanceonsiderably
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6 Experimental Results

We performedvariousexperimentsand presenthe resultshere. Exceptwhenstatedotherwise all experi-
mentswereperformedwith 5 trainingimagesand5 testimagesperpersorfor atotal of 200trainingimages
and200testimages.Therewasno overlapbetweerthetrainingandtestsets.We notethata systemwhich
guesseshe correctanswerwould be right one out of forty times, giving an error rate of 97.5%. For the
following setsof experimentswe vary only oneparametein eachcase.Theerrorbarsshavn in thegraphs
represenplus or minusonestandardieviation of the distribution of resultsfrom a numberof simulation8.
We notethatideally we would like to have performedmore simulationsper reportedresult, however, we
werelimited in termsof computationatapacityavailableto us. The constantaisedin eachsetof exper
imentswere: numberof classes40, dimensionalityreductionmethod: SOM, dimensiongn the SOM: 3,
numberof nodegperSOMdimension5, imagesamplesxtraction: originalintensityvalues trainingimages
perclass:5. Notethatthe constantsn eachsetof experimentanay not give the bestpossibleperformance

asthe currentbestperformingsystemwasonly obtainedasa resultof theseexperiments.The experiments
areasfollows:

1. Variation of thenumberof outputclasses-table2 andfigure9 shaw theerrorrateof thesystemasthe
numberof classess variedfrom 10to 20to 40. We madeno attemptto optimizethe systemfor the
smallernumbersof classesAs we expect,performancemproveswith fewer classego discriminate
between.

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

Table2: Errorrateof thefacerecognitionsystemwith varyingnumberof classegsubjects) Eachresultis theaverage
of threesimulations.

10 T T T

Test Error %

O 1 1
10 20 40
Number of classes

Figure 9: Theerrorrateasafunctionof thenumberof classesWe did not modify the network from thatusedfor the
40classcase.

®We ranmultiple simulationsn eachexperimentwherewe variedthe selectiorof the trainingandtestimages(out of a total of
possibilities)andtherandomseedusedto initialize the weightsin the convolutional neuralnetwork.
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2. Variation of the dimensionalityof the SOM- table 3 andfigure 10 shav the errorrate of the system
asthedimensionof the self-oganizingmapis variedfrom 1 to 4. The bestperformingvalueis three
dimensions.

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

Table 3: Error rate of the facerecognitionsystemwith varying numberof dimensionsn the self-oganizingmap.
Eachresultgivenis theaverageof threesimulations.

10 T T T T

Test Error %

O 1 1 1 1
1 2 3 4
SOM Dimensions

Figure 10: Theerrorrateasafunctionof the numberof dimensionsn the SOM.

3. Variation of thequantizatiorlevel of the SOM-table4 andfigure 11 shaw theerrorrateof thesystem
asthesizeof theself-oganizingmapis variedfrom 4 to 10 nodesperdimension.The SOM hasthree
dimensionsn eachcase.The bestaverageerrorrateoccursfor 8 or 9 nodesperdimension.Thisis
alsothebestaverageerrorrateof all experiments.

[SOMSize] 4 | 5 [ 6 | 7 [ 8 | 9 | 10 |
| Errorrate | 8.5% | 5.75%] 6.0% | 5.75%| 3.83%] 3.83%] 4.16% |

Table4: Errorrateof thefacerecognitionsystenwith varyingnumberof nodesperdimensionin theself-olganizing
map.Eachresultgivenis the averageof threesimulations.

4. Variation of the image sampleextraction algorithm— table5 shavs theresultof usingthe two local
imagesamplerepresentationdescribedearlier We foundthatusingtheoriginalintensityvaluesgave
thebestperformanceWe investigatedalteringtheweightassignedo thecentralintensityvaluein the
alternatve representatiobut wereunableto improve theresults.

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

Table 5: Error rate of the facerecognitionsystemwith varying image samplerepresentation Eachresultis the
averageof threesimulations.
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Figure 11: Theerrorrateasafunctionof the numberof nodesperdimensionin the SOM.

5. Substitutinghe SOMwith theKL transform-table6 shavstheresultsof replacingheself-oganizing
mapwith the Karhunen-Léwe transform.We investigatedisingthefirst one,two, or threeeigewec-
torsfor projection. Surprisingly the systemperformedbestwith only 1 eigetvector The bestSOM
parametersve tried producedslightly better performance. The quantizationinherentin the SOM
couldprovide a dggreeof invarianceto minorimagesampledifferencesandquantizatiorof the PCA
projectionamayimprove performance.

| Dimensionalityreduction| LinearPCA | SOM |
\ Errorrate | 5.33% |3.83%]

Table 6: Errorrateof the facerecognitionsystemwith linear PCA and SOM featureextractionmechanismsEach
resultis the averageof threesimulations.

6. Replacingthe CN with an MLP — table 7 shavs the resultsof replacingthe corvolutional network
with a multi-layerperceptronPerformancés very poor Thisresultwasexpectedoecausehe multi-
layerperceptrordoesnot have theinbuilt invarianceto minortranslatiorandlocal deformationvhich
is createdin the corvolutional network usingthe local receptve fields, sharedweights,and spatial
subsampling As an example,considerwhena featureis shiftedin a testimagein comparisorwith
thetrainingimage(s)for theindividual. We expectthe MLP to have difficulty recognizinga feature
whichhasbeenshiftedin comparisorio thetrainingimageshecaus¢heweightsconnectedo thenen
locationwerenottrainedfor thefeature.

TheMLP containedbnehiddenlayer We investigatedhefollowing hiddenlayer sizesfor the multi-

layer perceptron:20, 50, 100, 200, and500. The bestperformancewvas obtainedwith 200 hidden
nodesandatrainingtime of 2 days.Thelearningrateschedulendinitial learningratewerethesame
asfor the original network. Note thatthe bestperformingKL parametersvereusedwhile the best
performingSOM parametersverenot. We notethatit maybe consideredairerto compareagainsean

MLP with multiple hiddenlayers[14], however selectionof theappropriatemumberof nodesin each
layeris difficult (e.g. we have tried a network with two hiddenlayerscontainingl00 and50 nodes
respectiely whichresultedn anerrorrateof 90%).

7. Thetradeof betweerrejectionthresholdandrecaynition accumcy— Figure12 shaws a histogramof
therecognizes confidencdor the casesvhentheclassifieris correctandwhenit is wrongfor oneof
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\ LinearPCA\ SOM \

MLP
CN

41.2%
5.33%

39.6%
3.83%

Table 7: Errorratecomparisorof thevariousfeatureextractionandclassificatiormethods Eachresultis theaverage
of threesimulations.

Histogram

the bestperformingsystemsFromthis graphwe expectthatclassificatiorperformancevill increase
significantly if we rejectcasesbelav a certainconfidencethreshold. Figure 13 shavs the system
performanceasthe rejectionthresholds increasedWe canseethat by rejectingexampleswith low
confidenceawve cansignificantlyincreasahe classificatiorperformancef the system.If we consider
asystemwhich usedavideocamerao take anumberof picturesover ashortperiod,we couldexpect
thata high performancevould be attainablewnith anappropriateejectionthreshold.
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Figure 12 A histogramdepictingthe confidenceof the classifierwhenit turnsoutto be correct,andthe confidence
whenit is wrong. Thegraphsuggestshatwe canimprove classificatiorperformanceonsiderablyoy rejectingcases
wheretheclassifiethasalow confidence.
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Figure 13 Thetestsetclassificatiorperformanceasa functionof the percentagef samplesejected Classification
performanceanbeimprovedsignificantlyby rejectingcaseswith low confidence.

8. Comparisorwith other knownresultson the samedatabase- Table8 shavs a summaryof the per
formanceof the systemdor which we have resultsusingthe ORL databaseln this casewe useda
SOM quantizatiorlevel of 8. Our systemis the bestperformingsystem® andperformsrecognition

The4%errorratereporteds anaverageof multiple simulations- individual simulationshave givenerrorratesaslow as1.5%.
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roughly500timesfasterthanthesecondestperformingsystem- thepseud®D-HMMs of Samaria.
Figure14 shavs theimageswhichwereincorrectlyclassifiedor oneof thebestperformingsystems.

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

\ System | Errorrate | Classificatiortime |
Top-davn HMM 13% n/a
Eigenfices 10.5% n/a
Pseud@D-HMM 5% 240seconds
SOM+CN 3.8% 0.5seconds

Table 8: Errorrateof thevarioussystems. OnaSunSparcll. OnanSGlIndy MIPS R4400100Mhzsystem.

9. Variation of the numberof training images per person. Table9 shaws the resultsof varying the
numberof imagesper classusedin the training setfrom 1 to 5 for PCA+CN, SOM+CN and also
for the eigenficesalgorithm. We implementedwo versionsof the eigenficesalgorithm— the first
versioncreatesvectorsfor eachclassin the training setby averagingthe resultsof the eigenfaice
representatiover all imagesfor the sameperson. This correspondso the algorithmasdescribed
by Turk andPentland43]. However, we foundthatusingseparatéraining vectorsfor eachtraining
imageresultedin betterperformance We foundthatusingbetweem0 to 100 eigenficesresultedin
similar performance We canseethatthe PCA+CNand SOM+CN methodsareboth superiorto the
eigenfcestechniquesvenwhenthereis only onetrainingimageper person.The SOM+CNmethod
consistenthperformsbetterthanthe PCA+CNmethod.
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\ Imagesperperson | 1] 2] 3] 4] 5 |
Eigenfices- averageperclass| 38.6 | 28.8| 28.9| 27.1| 26
Eigenbces-oneperimage | 38.6| 20.9| 18.2| 15.4| 10.5
PCA+CN 342 17.2| 132|121 7.5
SOM+CN 30.0| 17.0| 118 7.1 | 3.8

Table 9: Errorratefor the eigenficesalgorithmandthe SOM+CNasthessizeof thetrainingsetis variedfrom 1to 5
imagesperperson Averagedvertwo differentselectionof thetrainingandtestsets.

7 Discussion

Theresultsindicatethata cornvolutionalnetwork canbemoresuitablein thegivensituationwhencompared
with a standardmulti-layer perceptron.This correlateswith the commonbelief that the incorporationof
prior knowvledgeis desirabldor MLP stylenetworks (the CN incorporatesiomainknowledgeregardingthe
relationshipof the pixelsanddesirednvarianceto a degreeof translation scaling,andlocal deformation).

Cornvolutional networks have traditionally beenusedon raw imageswithout ary preprocessingWithout
the preprocessingve have used,the resultingcorvolutional networks arelarger, morecomputationallyin-
tensve, andhave not performedaswell in our experimentge.g. usingno preprocessingndthe sameCN
architecturexceptinitial receptve fieldsof 8 8 resultedn approximatelytwo timesgreatererror (for the
caseof fiveimagesperperson)).

Figure 15 shaws the randomlychoseninitial local imagesamplescorrespondingo eachnodein a two-
dimensionalSOM, and the final sampleswhich the SOM corvergesto. Scanningacrossthe rows and
columnswe canseethatthe quantizedsamplesepresensmoothlychangingshadingpatterns.Thisis the
initial representatiofrom which successiely higherlevel featuresare extractedusingthe convolutional
network. Figure16 shavs the activation of thenodesn asamplecorvolutionalnetwork for a particulartest
image.

R
1
Figure 15 SOMimagesampledeforetraining (arandomsetof imagesamplespandaftertraining.

Figure 17 shavs the resultsof sensitvity analysisin orderto determinewhich partsof theinputimageare
mostimportantfor classification. Using the methodof Baluja and Pomerleawas describedn [37], each
of the input planesto the corvolutional network was divided into segments(the input planesare
). Eachof 168( ) sgmentswvasreplacedwvith randomnoise,onesegmentatatime. Thetest
performancevascalculatedat eachstep. The error of the network whenreplacingpartsof the input with
randomnoisegivesanindicationof how importanteachpartof theimageis for theclassificatiortask. From
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Figure 16: A depictionof the nodemapsin a samplecorvolutional network shaving the activation valuesfor a
particulartestimage. The input imageis shavn on the left. In this casethe imageis correctly classifiedwith only
one activatedoutputnode (the top node). From left to right after the inputimage, the layersare: the input layer,
convolutionallayer1, subsamplindayer1, corvolutionallayer2, subsamplindayer2, andtheoutputlayer. Thethree
planesin theinputlayercorrespondo thethreedimensionof the SOM.

thefigureit canbeobseredthat,asexpectedtheeyes,nose mouth,chin,andhairregionsareall important
to theclassificatiortask.

Canthe corvolutional network featureextractionform the optimal setof features?The answeris negative
— it is unlikely thatthe network could extractan optimal setof featuresfor all images.Althoughthe exact
processof humanfacerecognitionis unknavn, thereare mary featureswhich humansmay usebut our
systemis unlikely to discover optimally — e.g. a) knowvledgeof the three-dimensionatructureof the face,
b) knowvledgeof the nose,eyes, mouth, etc.,c) generalizatiorio glasses/nglassesgifferenthair growth,
etc.,andd) knowvledgeof facialexpressions.

8 Computational Complexity

The SOM takesconsiderablgime to train. This is not a dravbackof the approacthowever, asthe system
canbe extendedto cover new classesvithout retrainingthe SOM. All thatis requiredis that the image
samplesoriginally usedto train the SOM are sufficiently representate of theimagesampleausedin new
images.For the experimentsave have reportedhere,the quantizedoutputof the SOM is very similar if we
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Figure 17: Sensitvity to variouspartsof theinputimage. It canbe obsenedthatthe eyes,mouth,nose chin, and
hair regionsareall importantfor the classification.The axiscorresponds$o the meansquarecerrorratherthanthe
classificatiorerror (the meansquarecerroris preferablebecauset variesin a smootherfashionasthe inputimages
areperturbed) Theimageorientationcorrespondso uprightfaceimages.

train it with only 20 classesnsteadof 40. In addition,the Karhunen-Léwe transformcanbe usedin place
of the SOM with a minimalimpacton systemperformance.

It alsotakesa considerablemountof time to train a corvolutional network, how significantis this? The
convolutional network extractsfeaturesrom theimage. It is possibleto usefixedfeatureextraction. Con-
siderif we separateahe corvolutional network into two parts: the initial featureextractionlayersandthe
final featureextractionand classificationayers. Givena well chosensampleof the completedistribution

of faceswhich we wantto recognizethe featuresextractedfrom thefirst sectioncould be expectedto also
be usefulfor the classificationof new classes.Thesefeaturescould thenbe consideredixed featuresand
thefirst partof the network may not needto be retrainedwhenaddingnew classesThe point at which the

convolutional network is broken into two would dependon how well the featuresat eachstageare useful
for the classificatiorof new classegthe larger featuresn the final layersarelesslikely to be a goodbasis
for classificatiorof new examples).We notethatit maybe possibleto replacethe secondpartwith another
typeof classifier e.g.anearest-neighbordassifier In this casethetime requiredfor retrainingthe system
whenaddingnew classess minimal (theextractedfeaturevectorsaresimply storedfor thetrainingimages).

To give anideaof the computationatompleity of eachpartof the systemwe define:

Thenumberof classes

Thenumberof nodesn theself-olganizingmap

Thenumberof weightsin the convolutionalnetwork

Thenumberof weightsin the classifier

Thenumberof trainingexamples

Thenumberof nodesn the neighborhoodunction

Thetotal numberof next nodesusedto backpropagatthe errorin the CN
Thetotal numberof next nodesusedto backpropagattheerrorin the MLP classifier
The outputdimensiorof the KL projection

Theinputdimensiorof theKL projection

Thenumberof trainingsamplegor the SOM or the KL projection
Thenumberof localimagesamplegperimage
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Tables10 and 11 shav the approximatecompleity of the variouspartsof the systemduring training and

classification We shav the compleity for boththe SOM andKL alternatvesfor dimensionalityreduction
andfor boththeneuralnetwork (MLP) andanearest-neighbordassifief(asthelastpartof theconvolutional

network — not as a completereplacementi.e. this is not the sameas the earlier multi-layer perceptron
experiments).We notethat the constantassociatedavith the log factorsmay increaseexponentiallyin the

worst case(cf. neighborsearchingn high dimensionalspaceq1]). We have aimedto shawv how the

computationatompleity scalesaccordingto thenumberof classese.qg.for thetrainingcompleity of the

MLP classifier:although maybelargerthan , both and scaleroughlyaccording
to

| Section | Trainingcompleity \
KL
SOM (varies)
CN

MLP Classifier
NN Classifier

Table 10: Trainingcompledity. and representhe numberof timesthetraining setis presentedo the network
for the SOM andthe CN respectiely.

| Section | Classificatiorcomplexity
KL

SOM

CN

MLP Classifier
NN Classifier

Table 11: Classificatiorcompleity.  representshe degreeof sharedwveightreplication.

With referencdo table11, considerfor example themain SOM+CNarchitecturén recognitionmode.The
compleity of the SOM moduleis independentf the numberof classesThe compleity of the CN scales
accordingo the numberof weightsin the network. Whenthe numberof featuremapsin theinternallayers
is constantthe numberof weightsscalesoughlyaccordingo the numberof outputclassegthe numberof

weightsin the outputlayerdominatesheweightsin theinitial layers).

In termsof computationtime, the requirement®f real-timetasksvaries. The systemwe have presented
shouldbe suitablefor a numberof real-timeapplications. The systemis capableof performinga classi-
ficationin lessthanhalf a secondfor 40 classes.This speeds suficient for taskssuchasaccessontrol
androommonitoringwhenusing40 classesilt is expectedthatanoptimizedversioncould be significantly
faster

9 Further Reseach

We canidentify thefollowing avenuedor improving performance:
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1. More careful selectionof the corvolutional network architecturege.g. by usingthe Optimal Brain
Damagealgorithm[25] asusedby Le Cunetal. [24] to improve generalizatiorand speeduphand-
written digit recognition.

2. More precisenormalizatiorof theimagesto accounffor translationrotation,andscalechangesAny
normalizationwould belimited by thedesiredrecognitionspeed.

3. The variousfacial featurescould be ranked accordingto their importancein recognizingfacesand
separatenodulescould be introducedfor variouspartsof the face,e.g. the eye region, the nose
region, andthe mouthregion (Brunelli andPoggio[6] obtainvery goodperformanceaisinga simple
templatematchingstratgy on preciselytheseregions).

4. An ensembleof recognizersould be used. Thesecould be combinedvia simple methodssuchas
a linear combinationbasedon the performanceof eachnetwork, or via a gating network andthe
Expectation-Maximizatiomlgorithm[16, 11]. Examinationof the errorsmadeby networks trained
with differentrandomseedsandby networkstrainedwith the SOM dataversusetworkstrainedwith
the KL datashaws thata combinationof networks shouldimprove performancethe setof common
errorsbetweertherecognizerss oftenmuchsmallerthanthe total numberof errors).

5. Invarianceto a groupof desirediransformationgould be enhancedvith the additionof pseudo-data
to thetrainingdatabase-i.e. the additionof new examplescreatedrom the currentexamplesusing
translationgtc. Leen[26] shavs thataddingpseudo-dataanbe equivalentto addinga regularizerto
the costfunctionwherethe regularizerpenalizeshangesn the outputwhenthe input goesundera
transformatiorfor which invariances desired.

10 Conclusions

We have presented fast, automaticsystemfor facerecognitionwhich is a combinationof a local image
samplerepresentationa self-oiganizingmap network, and a corvolutional network for facerecognition.
The self-oganizingmap provides a quantizationof the imagesamplesnto a topologicalspacewherein-
putsthatarenearbyin the original spacearealsonearbyin the outputspacewhich resultsin invarianceto
minor changesn the imagesamplesandthe convolutional neuralnetwork providesfor partialinvariance
to translationrotation,scale,anddeformation.Substitutionof the Karhunen-L@we transformfor the self-
organizingmap producedsimilar but slightly worseresults. The methodis capableof rapid classification,
requiresonly fast,approximatenormalizatiorandpreprocessinggndconsistentlyexhibits betterclassifica-
tion performancehanthe eigenacesapproachi43] onthedatabaseonsideredsthenumberof imageser
personin thetraining databasés variedfrom 1 to 5. With 5 imagesper personthe proposednethodand
eigenhcesesultin 3.8%and10.5%errorrespeciiely. Therecognizeprovidesameasuref confidencen
its outputandclassificatiorerrorapproachegerowhenrejectingasfew as10% of the examples.We have
presentedvenuedor furtherimprovement.

Thereareno explicit three-dimensionahodelsin our systemhowever we have foundthatthe quantizedo-
calimagesamplegisedasinputto thecorvolutionalnetwork represensmoothlychangingshadingpatterns.
Higher level featuresare constructedrom thesebuilding blocksin successie layersof the convolutional
network. In comparisorwith the eigenficesapproachyve believe thatthe systempresentedhereis ableto
learnmoreappropriatdeaturesn orderto provideimprovedgeneralizationThesystems partiallyinvariant
to changesn thelocalimagesamplesscaling translatioranddeformatiorby design.
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