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Abstract

This paper presentsexperimentsusing Radial Basis
Function(RBF) networksto tackle the unconstrainedface
recognitionproblemusing low resolutionvideo informa-
tion. Input representationsthat mimic theeffectsof recep-
tive field functionsfound at various stagesof the human
vision systemwere usedwith RBF networksthat learnt to
classifyand generalise over different views of each per-
son to be recognised. In particular, Differenceof Gaus-
sian (DoG) filtering and Gaborwaveletanalysisare com-
pared for facerecognitionfrom an imagesequence. RBF
techniquesare shownto provideexcellentlevelsof perfor-
mancewhere the view variesand we discusshow to relax
constraints on data capture and improvepreprocessingto
obtainaneffectiveschemefor real-time,unconstrainedface
recognition.

1. Intr oduction

A facerecognitionsystemmustbe robust with respect
to theimmensevariability of thehumanfaceandgeneralise
overawiderangeof conditionsto capturetheessentialsim-
ilarities for eachindividual. It is only recentlythatwork on
biologically-motivated,statisticalapproachesto facerecog-
nition hasbegunto deliver realsolutions[1, 3, 13, 16]. One
of themainproblemsthattheseapproachestackleis dimen-
sionalityreductionto remove muchof theredundantinfor-
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mation in the original images. Therearemany possibili-
ties for suchrepresentationsof the data,including princi-
pal componentanalysis,Gaborfilters andvariousisoden-
sity map or featureextraction schemes. In particular, it
seemsthat appropriatepreprocessingof input representa-
tionsfor a facerecognitionschemecanovercometheprob-
lemsof lightingvariationandmultiplescales.Othersources
of variationsuchasfaceorientation,expression,occlusion
etc.still remain.

In our work [7, 8, 9, 10] we usean adaptive learning
componentbasedonRBFnetworksto tacklethefacerecog-
nition problem. We want our facerecognitionschemeto
generaliseover a wide rangeof conditionsto capturethe
essentialsimilaritiesof a givenface.TheRBF networkhas
beenidentified as valuablemodel by a wide rangeof re-
searchers[2, 6, 14, 18]. Its main characteristicsarefirst,
its computationalsimplicity (only onelayerinvolvedin su-
pervisedtraining which gives fast convergence),andsec-
ond,its descriptionby a well-developedmathematicalthe-
ory (resultingin statisticalrobustness).RBFsaregoodfor
practicalvision applicationsas they provide a guaranteed,
globally optimal solution via simple, linear optimisation.
In this paperwe contrastthe useof DoG filters andGabor
waveletanalysisasinput representationsfor our networks.
More important,we alsoextendour work on staticimages
to the time vayingcasewherewe have to recognisean in-
dividual in an imagesequence.In general,this involvesa
greaterdegreeof variability in scale,shift, pose,and ex-
pressionaswe cannotpick andchoosetheviews. We first
considertrainingandtestingon imagesfrom a seatedsub-
ject wherescaleandshift arequite constrained.Thenwe
goon to considerthecasewherethesubjectis freeto walk
aboutandis tracked(imperfectly). Trainingandtestingin
this unconstrainedsituationis muchmoreproblematic.We
considerschemesto enforcetemporalconsistency and to
usetheconfidencemeasuredeliveredby theRBFnetworks.



Figure 1. A complete Primary sequence for class carla, after segmentation but before pre-pr ocessing
(boxes indicate frames used for training with selection interv al of 10).

2. Description of Problem

Initial researchoftenrequiresrestrictionsonthevariabil-
ity of testdatain orderthat fundamentalprinciplescanbe
investigatedin isolation.However, thismeansthatsuchap-
plicationsare far removed from real-worldenvironments,
wheredatais noisyandunpredictable.Besidesatheoretical
desireto remove constraints,thereis a realcommercialde-
mandfor a systemthatcanrapidly identify apersonfrom a
smallgroupof users.

In this paper, we addresstheproblemof recognisingin-
dividuals from a small group (lessthan 100) in real-time
from low-resolutionvideo imagesequences.Facerecog-
nition is a computationallyexpensive processand to ob-
tain suchreal-timeperformancerequirescertaintrade-offs.
A police recordapplicationwould requireaccessto enor-
mouslylargeamountsof databut accuracy wouldhave pri-
ority over speed,asinstantaneousrecognitionwouldnotbe
theprimaryfactor. To copewith hundredsof thousandsof
individuals,viewsmaybelimited to face-onor profileonly
with thefaceataspecificregionof theimage,allowingpre-
cisepin-pointingandmeasurementof featurepoints. We
areconsideringa lessconstrainedenvironment,wherepeo-
plecanmovearoundfreely, andsoweneedto recognisethe
personfromthefull rangeof viewswherethefaceis visible.

In addition,theexamplepoliceapplicationwouldrequire
extremely low error rate,andonly very few (maybeeven
just one)imageof eachindividualwould beavailable. We
have optedfor a lower accuracy methodthat is consider-
ably faster, and provides a reasonablediscardingof low-
confidenceoutput. Theuseof imagesequencesmeanswe
have anenormousabundanceof data,andif thecurrentim-
ageis ambiguous,it canbediscardedandthenext consid-
ered(seeFigure1). Thetemporalcoherenceof humanfaces

allowsthematchingof seriesof frameslinkedby movement
informationwith theuseof ‘time windows’ to combinein-
formationfrom severalframes.

3. The RBF Network Model

The RBF network is a two-layer, hybrid learningnet-
work [14, 15], with a supervisedlayer from the hiddento
theoutputunits,andanunsupervisedlayer, from the input
to thehiddenunits,whereindividual radialGaussianfunc-
tionsfor eachhiddenunit simulatetheeffectof overlapping
andlocally tunedreceptive fields. Eachfunctionhasanas-
sociatedcentrewidth value which definesthe natureand
scopeof the unit’s receptive field response,giving anacti-
vationthatis relatedto therelativeproximity of thetestdata
to the trainingdata.This allows a directmeasureof confi-
dencein the outputof the networkfor a particularpattern,
asvery low (or no) outputwill occurif thepatternis more
thanslightly differentto thosetrained,allowing theremoval
of outliers.

TheweightscanbeadjustedusingtheWidrow-Hoff [19]
deltalearningrule,however, thesinglelayerof linearoutput
unitspermitsa matrixpseudo-inversemethod[18] for their
exactcalculation.Thelatterapproachallowstrainingof the
networkin a small fractionof a second.In the testphase,
500 imagesareprocessedin aroundtwo seconds,giving a
singleclassificationin around4 ms,which is alreadyade-
quatefor real-timesequences.

4. Specificationfor ImageSequences

The image sequencesused in the tests reportedhere
arethe resultof collaborationwith StephenMcKennaand



Figure 2. A complete Secondary sequence for class steve, after segmentation but before pre-
processing. As only front-vie w face detection has been implemented at this stage, some non-face
frames are inc luded and profile views, although segmented, are incorrectl y scaled.

ShaogangGong at Queen Mary and Westfield College
(QMW), University of London,who areresearchingreal-
time facedetectionandtracking[12]. We have devisedtwo
typesof sequencesto simulatea (fairly) unconstraineden-
vironment,termed‘Primary’ and‘Secondary’.

Theintentionis to trainthenetworkwith acontrolledset
of data– thePrimaryimagesequences– known to include
thetypesof variability whichwewantour trainedsystemto
betolarantto (thusincluding180� rangeof poseanglesbut
a blank background),and to teston totally unrelateddata
– theSecondaryimagesequences.This total separationof
training and testdatais to allay any fearsthat the system
is usingspuriousenvironmentaldetails,suchaslighting or
backgroundfeatures,to classifyindividuals. This problem
canalwaysappearin databaseswheretestandtrainingdata
arecollectedat thesametime andmanneror arbitrarily se-
lectedfrom a centraldatabase.

The Primary imagesequencesare intendedto provide
suitabledatato train thesystemfor anon-linesourceof test
images. They consistof a personmoving from one pro-
file view to theotherwhilst sitting ona chair(to limit body
movement)againsta plain, mid-grey background(to limit
backgroundeffects). Eight Primarysequenceshave been
collectedso far, eachfeaturinga differentperson. They
rangein lengthfrom 62 framesto 94 frames,554 images

in total.
The Secondaryimagesequencesareintendedto simu-

late an on-line sourceof test images,andaremuchmore
variable than the Primary image sequencesto simulate
trackingin anunconstrainedenvirionment. They will con-
sistof fairly longsequencesof onepersonmoving arounda
room,allowedto move from sideto sideandstopandstart
movementagainsta cluttered,changingbackground.Only
onepreliminarySecondarysequencehasbeencollectedso
far; thishas169frames.

A typical sequenceof imagesfrom amotion-basedhead
trackersuchasFigure1 illustratesthatperfectregistration
of the headand face can never be guaranteed,except by
manualmethods.Futuredevelopmentsof thefacedetection
schemecanbeexpectedto discardany non-faceframes,im-
proving recognition,whilst maintainingtemporalcontinu-
ity.

5. Pre-processingof SegmentedData

Two main techniquesareusedfor the preprocessingof
theimages:Dif ferenceof Gaussian(DoG)filtering andGa-
borwaveletanalysisatarangeof scales.Onewayof think-
ing about theseinput representationsand mappingthem
onto our RBF networksis to usethe analogywith visual



neurons.Thereceptive field of sucha neuronis theareaof
thevisualfield (image)wherethestimuluscaninfluenceits
response.For the differentclassesof theseneurons,a re-
ceptive field function ���	��

��� canbedefined.For example,
retinalganglioncellsandlateralgeniculatecellsearlyin the
visualprocessinghave receptive fieldswhichcanbeimple-
mentedasDoGfilters [11]. Later, thereceptive fieldsof the
simplecells in the primary visual cortex areorientedand
have characteristicspatialfrequencies.Daugman[5] pro-
posedthat thesecouldbemodelledascomplex 2-D Gabor
filters. Petkov et al. [17] successfullyimplementeda face
recognitionschemebasedonGaborwaveletinput represen-
tationsto imitatethehumanvisionsystem.Ourearlierstud-
ies[8] showedthattheselaterstagesof processingmakein-
formationmoreexplicit for our facerecognitiontaskthan
theearlierDoGfilters.

In contrastto moredeterministicmethodsusingwarping
basedon registrationof features,eg [4], our approachuses
simplerpreprocessing,but learnsto discriminateusingthe
RBF networksto overcomeocclusionarisingout of head
rotation.

Theexperimentspresentedhereconcentrateon two spe-
cific applicationsof thesetechniques:

DoG convolution with ascalefactorof 0.4,with areduced
rangeof grey-levels, with thresholdingto give zero-
crossingsinformation.A 25 � 25 imagegave 441sam-
plesperimage.

Gabor ‘A3’ sampling (describedin [8]), with a full range
of grey-levels. Fournon-overlappingscaleswereused
with threeorientationsincludingsineandcosinecom-
ponents.A 25 � 25imagegave510coefficientsperim-
age.

Imagesat setintervalswereextractedfrom thePrimary
sequencesin orderto train thenetwork,all theotherswere
usedfor testing.ThisTrain/Testratio is recordedbelow.

6. Results

To testtheability of theRBFnetworkto classifytestim-
agesaftertrainingwith thePrimarysequences,experiments
weredoneinitially by dividing thePrimarysequencesinto
trainingandtestgroups:

(a) Inter- Train/ Initial % Dis- % After
val Test % carded Discard

2 278/276 96 12 98
5 114/440 88 30 99
10 60/494 75 50 90
20 33/521 58 68 90
30 24/530 48 81 93
50 16/538 40 81 86

(b) Inter- Train/ Initial % Dis- % After
val Test % carded Discard

2 278/276 99 2 100
5 114/440 98 7 100
10 60/494 95 16 98
20 33/521 87 35 94
30 24/530 73 55 94
50 16/538 67 62 94

Table 1: Effect of selectioninterval and pre-processing
methodsusinga standardRBF Networktrainedandtested
on theeightPrimarysequences:(a) DoG(b) Gabor.

It canbeseenthatalthoughtheinitial resultstail off asthe
samplinginterval increases,the confidencediscardallows
themaintenanceof a high standardof performance.In par-
ticular, that thenetworkcanstill recognise94%of the im-
ageswith a poseanglerangeof 180� , having beentrained
with only two for eachclass(at a samplinginterval of 50),
is a greatachievement.

TheSecondarysequencesarestill in development,but en-
couragingresults(seeTable 2) have beencollectedfrom
preliminaryexperimentswith a provisionalsequence.

(a) Inter- Train/ Initial % Dis- % After
val Test % carded Discard

2 278/169 43 69 42
5 114/169 32 76 19
10 60/169 44 75 35
20 33/169 23 76 21

(b) Inter- Train/ Initial % Dis- % After
val Test % carded Discard

2 278/169 61 41 77
5 114/169 56 45 77
10 60/169 60 43 81
20 33/169 54 42 66

Table 2: Effect of pre-processingmethodsusing a stan-
dardRBF NetworktrainedoneightPrimarysequencesand
testedwith aseparateSecondarysequence:(a)DoG(b) Ga-
bor.

7. Temporal Integration

An on-line sourceof datacannotbe evaluatedlike a con-
ventional database,as not all of the data is yet present,
nor is it known who will be presentin the environmentor
for how long. If an assumptionof temporal coherenceis
made,ie that one personwill not transforminto another
instantly, high-confidenceinformationin a ‘time window’
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Figure 3. Typical output for a section of the Gabor prepr ocessed Secondary sequence containing
class steve(H). Top row of letter s shows initial output, lower row output after discar d of low-confidence
values (‘.’ indicating such a discar ded value).

canbeutilised in periodsof low-confidenceoutputto lend
supportto thecurrentoutput(assumingit is thesameclas-
sification,thoughconflictingoutputcould alsobe useful).
In this envirionment, a running total of output valuesfor
a time window canbe kept,anda expressionfor the indi-
vidual currentlyin view given. For this to work, fairly low
(above random)successrateswill suffice.

To illustratethis technique,considerFigure3, whichshows
a sectionof the test Secondarysequence.Table 3 shows
how useof time windows to re-assesstheoutputvaluecan
affect performance.Periodsof correctoutputfollowedby
randomvaluescanbe interpretedasall correct,usingthe
laststableoutputasa typeof memory. It canbeseenthat
suchtechniqueswhich takeadvantageof temporalcoher-
encecanbeusedto improveperformance.

Time Initial % After
Window % Discard

1 66 86
3 72 86
5 68 89
10 68 100

Table3: Resultsusingvarying time windows in ouputfor
thesequenceshown in Figure3.

8. Performancewith More Classes

It mustbeemphasisedthat this researchis at a preliminary
stagebut that the techniqueshows promisefor scalingup
to large databases.Although only a few individuals are
shown in our imagesequences,this type of network has
beenshown to work well with larger numbersof classes.
For example,theOlivetti ResearchLaboratorydatabaseof
faces1 with 400 imagesof 40 peoplecanbe distinguished
with a high level of performance(seeTable4).

Images Train/ Initial % Dis- % After
perPerson Test % carded Discard

5 200/200 84 39 95
4 160/240 80 43 95
3 120/280 72 52 91
2 80/320 64 60 87
1 40/360 46 70 81

Table4: Resultsfor ORL FaceDatabase,usingGaborpre-
processing,averagedover two differentselections.

9. Conclusion/FutureWork

Severalpointscanseenfrom theresults:

1available via ftp for comparative tests, further information is at:
http://www.cam-orl.co.uk/facedatabase.html



1. The RBF network is shown to generalisewell from
samplesin classifyingfaces(3-D complex shapes)in
real-timesequences.

2. Gaborpreprocessingis shown to give a moregener-
ally useful input representationthanthe DoG prepro-
cessing,especiallyfor themoredifficult Secondaryse-
quence.

3. The confidencemeasureusedin discardinguncertain
classificationsis shown to be importantfor handling
sequencesespeciallywhereasmalltrainingsetis used.

In conclusion, the locally-tuned linear Radial Basis
Function(RBF)networksshowedexcellentperformancein
the simpler facerecognitiontaskwhen trainedand tested
on imagesfrom Primary sequences.This is a promising
result for the RBF techniquesconsideringthe high degree
of variability dueto thevaryingviews(mostlyrotations)of
a person’s facein thesedatasets. The resultsso far from
the Secondarysequencesalsoshow considerablepromise,
especiallywith theadditionaluseof temporalcoherenceto
improve performance.In the thesesequences,the facede-
tectionscheme[12] currentlyselectsandrescalesfacesin
nearface-onviews but doesnot discardthe others. It is
expectedthat further developmentof this schemewill al-
low improvementsin thereliableandconsistentlabellingof
facesin unconstrainedimagesequences.It is clearthatthe
ability of theRBFnetworkstogiveameasureof confidence,
whichallowstemporalintegrationoverimageframeswhere
thevisualevidenceis poor, isessentialfor thisdevelopment.

Work is progressingtogetherwith colleaguesat QMW
in refiningthefacedetectionschemeandautomatedon-line
learningof new classesof individual.Thenext stageof de-
velopmentwill integratethis refinedon-line facedetection
andlocalisationwith thetrainedRBFnetworksto copewith
real-timeimagesequencesincludingtheusualvariationsin
illumination aswell asposition,scale,view andfacial ex-
pression. It is clear from the work of [2] andothersthat
usingstatisticallybasedtechniquesis the key to goodper-
formance. The RBF techniquesare mathematicallywell-
founded,whichgivesaclearadvantagein engineeringaso-
lution to ourapplicationproblems.
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