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Abstract

This paper presentsexperimentsusing Radial Basis
Function (RBF) networksto tadkle the unconstainedface
recognitionproblemusing low resolutionvideo informa-
tion. Input representationghat mimic the effectsof recep-
tive field functionsfound at various stagesof the human
vision systemwere usedwith RBF networksthat learnt to
classify and genealise over different views of eat per
sonto be recognised. In particular, Differenceof Gaus-
sian (DoG) filtering and Gaborwaveletanalysisare com-
pared for face recognitionfrom an imagesequence RBF
techniquesare shownto provide excellentlevels of perfor-
mancewheee the view variesand we discusshow to relax
constaints on data captuie and improve prepiocessingo
obtainan effectivesthemefor real-time,unconstainedface
recognition.

1. Intr oduction

A facerecognitionsystemmust be robust with respect
to theimmensevariability of thehumanfaceandgeneralise
overawide rangeof conditionsto capturgheessentiasim-
ilarities for eachindividual. It is only recentlythatwork on
biologically-motivated statisticalapproacheto facerecog-
nition hasbegunto deliverrealsolutiong1, 3,13, 16]. One
of themainproblemghattheseapproachetackleis dimen-
sionalityreductionto remove muchof theredundantnfor-
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mationin the original images. Thereare mary possibili-
ties for suchrepresentationsf the data,including princi-
pal componentnalysis,Gaborfilters and variousisoden-
sity map or featureextraction schemes. In particular it
seemsthat appropriatepreprocessingf input representa-
tionsfor afacerecognitionschemecanovercomethe prob-
lemsof lighting variationandmultiple scalesOthersources
of variationsuchasfaceorientation,expressionocclusion
etc. still remain.

In our work [7, 8, 9, 10] we usean adaptve learning
componenbasednRBF networkgo tacklethefacerecog-
nition problem. We want our face recognitionschemeto
generaliseover a wide rangeof conditionsto capturethe
essentiasimilaritiesof a givenface. The RBF networkhas
beenidentified as valuablemodel by a wide rangeof re-
searcherg2, 6, 14, 18]. Its main characteristicsre first,
its computationasimplicity (only onelayerinvolvedin su-
pervisedtraining which givesfast corvergence),and sec-
ond, its descriptionby a well-developedmathematicathe-
ory (resultingin statisticalrobustness) RBFsare goodfor
practicalvision applicationsasthey provide a guaranteed,
globally optimal solutionvia simple, linear optimisation.
In this paperwe contrasthe useof DoG filters and Gabor
waveletanalysisasinput representationr our networks.
More important,we alsoextendour work on staticimages
to the time vaying casewherewe have to recogniseanin-
dividual in animagesequenceln general this involvesa
greaterdegree of variability in scale,shift, pose,and ex-
pressionaswe cannotpick andchoosethe views. We first
considertraining andtestingon imagesfrom a seatedsub-
ject wherescaleand shift are quite constrained. Thenwe
go onto considerthe casewherethe subjectis free to walk
aboutandis tracked(imperfectly). Training andtestingin
this unconstrainedituationis muchmoreproblematic.We
considerschemego enforcetemporalconsisteng andto
usetheconfidenceneasuraleliveredby the RBF networks.



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

2. Description of Problem

Initial researctoftenrequiregestrictionsonthevariabil-
ity of testdatain orderthatfundamentaprinciplescanbe
investigatedn isolation.However, this meanghatsuchap-
plicationsare far removed from real-world ervironments,
wheredatais noisyandunpredictableBesidesatheoretical
desireto remove constraintsthereis arealcommerciade-
mandfor a systemthatcanrapidly identify apersonfrom a
smallgroupof users.

In this paperwe addresghe problemof recognisingn-
dividuals from a small group (lessthan 100) in real-time
from low-resolutionvideo image sequences Facerecog-
nition is a computationallyexpensve processand to ob-
tain suchreal-timeperformanceequirescertaintrade-ofs.
A police recordapplicationwould requireaccesgo enor
mouslylarge amountsof databut accurag would have pri-
ority over speedasinstantaneousecognitionwould notbe
the primaryfactor To copewith hundred=f thousand®f
individuals,views may be limited to face-onor profile only
with thefaceata specificregion of theimage,allowing pre-
cise pin-pointing and measuremenf featurepoints. We
areconsideringa lessconstraineervironment,wherepeo-
ple canmove aroundfreely, andsowe needto recognisehe
persorfrom thefull rangeof viewswherethefaceis visible.

In addition,theexamplepoliceapplicationwouldrequire
extremely low error rate,and only very few (maybeeven
just one)imageof eachindividual would be available. We
have optedfor a lower accurag methodthatis consider
ably faster and provides a reasonablaliscardingof low-
confidenceoutput. The useof imagesequencemeanswe
have anenormousatundanceof data,andif thecurrentim-
ageis ambiguousijt canbe discardedcandthe next consid-
ered(seeFigurel). Thetemporakoherencef humarfaces

allowsthematchingof seriesof framedinked by movement
informationwith the useof ‘time windows’ to combinein-
formationfrom severalframes.

3. The RBF Network Model

The RBF networkis a two-layet hybrid learning net-
work [14, 15], with a supervisedayerfrom the hiddento
the outputunits, andan unsupervisedayer, from the input
to the hiddenunits, whereindividual radial Gaussiarfunc-
tionsfor eachhiddenunit simulatethe effect of overlapping
andlocally tunedreceptve fields. Eachfunctionhasanas-
sociatedcentrewidth value which definesthe natureand
scopeof the unit's receptve field responsegiving an acti-
vationthatis relatecto therelative proximity of thetestdata
to thetraining data. This allows a direct measureof confi-
dencein the outputof the networkfor a particularpattern,
asvery low (or no) outputwill occurif the patternis more
thanslightly differentto thosetrained,allowing theremoval
of outliers.

Theweightscanbeadjustedisingthe Widrow-Hoff [19]
deltalearningrule, however, thesinglelayerof linearoutput
units permitsa matrix pseudo-imersemethod[18] for their
exactcalculation.Thelatterapproachallowstrainingof the
networkin a smallfraction of a second.In the testphase,
500imagesare processedh aroundtwo secondsgiving a
single classificationin around4 ms, which is alreadyade-
guatefor real-timesequences.

4. Specificationfor Image Sequences

The image sequencesisedin the testsreportedhere
arethe resultof collaborationwith StepherMcKennaand
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Figure 2. A complete Secondary sequence for class stevg after segmentation but before pre-
processing. As only front-vie w face detection has been implemented at this stage, some non-face
frames are included and profile views, although segmented, are incorrectl y scaled.

ShaogangGong at QueenMary and Westfield College
(QMW), University of London,who areresearchingeal-
time facedetectiorandtracking[12]. We have devisedtwo
typesof sequenceto simulatea (fairly) unconstraineen-
vironmenttermedPrimary’ and‘Secondary’.

Theintentionis to trainthe networkwith acontrolledset
of data— the Primaryimagesequences known to include
thetypesof variability which wewantour trainedsystemnto
betolarantto (thusincluding180° rangeof poseanglesbut
a blank background)andto teston totally unrelateddata
— the SecondarymagesequencesThis total separatiorof
training andtestdatais to allay ary fearsthat the system
is usingspuriouservironmentaldetails,suchaslighting or
backgroundeaturesto classifyindividuals. This problem
canalwaysappeain databasewheretestandtrainingdata
arecollectedat the sametime andmanneror arbitrarily se-
lectedfrom a centraldatabase.

The Primary imagesequenceare intendedto provide
suitabledatato trainthesystenfor anon-linesourceof test
images. They consistof a personmaving from one pro-
file view to the otherwhilst sitting ona chair(to limit body
movement)againsta plain, mid-grey backgroundto limit
backgroundeffects). Eight Primary sequencediave been
collectedso far, eachfeaturinga differentperson. They
rangein lengthfrom 62 framesto 94 frames,554 images

in total.

The Secondaryimagesequenceareintendedto simu-
late an on-line sourceof testimages,and are muchmore
variable than the Primary image sequencego simulate
trackingin anunconstraine@nvirionment. They will con-
sistof fairly long sequencesf onepersonmoving arounda
room, allowedto move from sideto sideandstopandstart
movementagainsta cluttered,changingbackground.Only
onepreliminarySecondangsequencéasbeencollectedso
far; thishas169frames.

A typical sequencef imagesrom amotion-basedhead
trackersuchasFigure 1 illustratesthat perfectregistration
of the headand face can never be guaranteedexcept by
manualmethods Futuredevelopmentof thefacedetection
schemeanbeexpectedo discardary non-facdrames,jm-
proving recognition,whilst maintainingtemporalcontinu-
ity.

5. Pre-processingf Segmentedata

Two main techniquesre usedfor the preprocessingf
theimages:Differenceof GaussiaffDoG)filtering andGa-
borwaveletanalysisatarangeof scalesOneway of think-
ing abouttheseinput representationand mappingthem
onto our RBF networksis to usethe analogywith visual



neurons.Thereceptve field of sucha neuronis the areaof
thevisualfield (image)wherethe stimuluscaninfluenceits
response.For the differentclassef theseneurons.a re-
ceptie field function f(z, y) canbe defined.For example,
retinalganglioncellsandlateralgeniculatecellsearlyin the
visualprocessindhave receptve fieldswhich canbeimple-
mentedasDoGfilters[11]. Later, thereceptve fieldsof the
simplecellsin the primary visual cortex are orientedand
have characteristicspatialfrequencies.Daugman[5] pro-
posedthatthesecould be modelledascomplex 2-D Gabor
filters. Petkw etal. [17] successfullyimplementeda face
recognitionschemebasedn Gaborwaveletinputrepresen-
tationsto imitatethehumanvisionsystem.Ourearlierstud-
ies[8] shavedthatthesdaterstage®f processingnakein-
formationmore explicit for our face recognitiontaskthan
theearlierDoGfilters.

In contrasto moredeterministionethodsusingwarping
basedon registrationof featuresgg [4], our approachuses
simplerpreprocessingyut learnsto discriminateusingthe
RBF networksto overcomeocclusionarising out of head
rotation.

Theexperimentgpresentediereconcentrat®n two spe-
cific applicationof thesetechniques:

DoG corvolution with ascalefactorof 0.4,with areduced
rangeof grey-levels, with thresholdingto give zeio-
crossingsnformation. A 25x25imagegave 441sam-
plesperimage.

Gabor ‘A3’ sampling (describedn [8]), with afull range
of grey-levels. Four non-overlappingscaleswvereused
with threeorientationsncludingsineandcosinecom-
ponentsA 25x25imagegave 510coeficientsperim-
age.

Imagesat setintervalswere extractedfrom the Primary
sequencer orderto train the network,all the otherswere
usedfor testing.This Train/Testratio is recordecbelow.

6. Results

To testtheability of the RBF networkto classifytestim-
agesaftertrainingwith the Primarysequencesxperiments
weredoneinitially by dividing the Primarysequencesto
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 20

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
ontheeightPrimarysequencega) DoG (b) Gabor

It canbe seenthatalthoughtheinitial resultstail off asthe
samplinginterval increasesthe confidencediscardallows
the maintenancef a high standardf performanceln par
ticular, thatthe networkcanstill recognise94% of theim-
ageswith a poseanglerangeof 180° , having beentrained
with only two for eachclass(at a samplinginterval of 50),
is agreatachiezement.

The Secondansequencearestill in developmentbut en-
couragingresults(seeTable 2) have beencollectedfrom
preliminaryexperimentswith a provisionalsequence.

(@) [ 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-processingnethodsusing a stan-
dardRBF Networktrainedon eight Primarysequenceand
testedwith aseparat&econdangequence(a) DoG (b) Ga-
bor.

7. Temporal Integration

An on-line sourceof datacannotbe evaluatedlike a con-
ventional databaseas not all of the datais yet present,
noris it known who will be presenin the environmentor
for how long. If anassumptiorof tempoal coheenceis
made, ie that one personwill not transforminto another
instantly high-confidencénformationin a ‘time window’
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Figure 3. Typical output for a section of the Gabor preprocessed 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).

canbe utilisedin periodsof low-confidenceoutputto lend
supportto the currentoutput(assumingt is the sameclas-
sification,thoughconflicting outputcould also be useful).
In this envirionment, a runningtotal of outputvaluesfor
a time window canbe kept, anda expressionfor the indi-
vidual currentlyin view given. For this to work, fairly low
(abore random)successateswill sufice.

To illustratethis techniquegconsiderFigure 3, which shavs
a sectionof the test Secondarysequence.Table 3 shavs
how useof time windows to re-assesthe outputvaluecan
affect performance.Periodsof correctoutputfollowed by
randomvaluescanbe interpretedasall correct,usingthe
last stableoutputasa type of memory It canbe seenthat
suchtechniqueswhich take advantageof temporalcoher
encecanbe usedto improve performance.

Time Initial | % After
Window % Discard
1 66 86
3 72 86
5 68 89
10 68 100

Table 3: Resultsusingvaryingtime windows in ouputfor
thesequencshowvn in Figure3.

8. Performancewith Mor e Classes

It mustbe emphasisethatthis researchs at a preliminary
stagebut that the techniqueshowvs promisefor scalingup
to large databases.Although only a few individuals are
shavn in our image sequencesthis type of network has
beenshavn to work well with larger numbersof classes.
For example,the Olivetti ResearchLaboratorydatabasef
faced with 400imagesof 40 peoplecan be distinguished
with a high level of performancéseeTable4).

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 FaceDatabaseysingGaborpre-
processingaveragedover two differentselections.

9. Conclusion/Future Work

Severalpointscanseenfrom theresults:

Lavailable via ftp for comparatie tests, further information is at;
http://ww. camorl . co. uk/ f acedat abase. ht



1. The RBF networkis shavn to generalisewell from
sampledn classifyingfaces(3-D complex shapes)n
real-timesequences.

2. Gaborpreprocessings shavn to give a more gener
ally usefulinput representatiothanthe DoG prepro-
cessingespeciallyfor themoredifficult Secondarge-
guence.

3. The confidencemeasuraisedin discardinguncertain
classificationds shown to be importantfor handling
sequencesspeciallywhereasmalltrainingsetis used.

In conclusion, the locally-tuned linear Radial Basis
Function(RBF) networksshavedexcellentperformanceén
the simpler face recognitiontask when trained and tested
on imagesfrom Primary sequences.This is a promising
resultfor the RBF techniquesonsideringthe high degree
of variability dueto thevaryingviews (mostly rotations)of
a persons facein thesedatasets. The resultsso far from
the Secondarysequencesalsoshav considerablgromise,
especiallywith the additionaluseof temporalcoherenceo
improve performanceln thethesesequenceghefacede-
tectionschemg12] currently selectsandrescaledacesin
nearface-onviews but doesnot discardthe others. It is
expectedthat further developmentof this schemewill al-
low improvementsn thereliableandconsistentabelling of
facesin unconstrainedmagesequencedit is clearthatthe
ability of theRBF networkgo giveameasur®f confidence,
which allowstemporalntegrationoverimageframeswhere
thevisualevidencds poor, is essentialor thisdevelopment.

Work is progressingogetherwith colleaguesat QMW
in refiningthefacedetectiorschemendautomatean-line
learningof new classe®f individual. Thenext stageof de-
velopmentwill integratethis refinedon-line facedetection
andlocalisationwith thetrainedRBF networksto copewith
real-timeimagesequencemcludingthe usualvariationsin
illumination aswell asposition,scale,view andfacial ex-
pression. It is clearfrom the work of [2] and othersthat
usingstatisticallybasedtechniquess the key to good per
formance. The RBF techniquesare mathematicallywell-
foundedwhich givesa clearadvantagen engineering so-
lution to ourapplicationproblems.
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