| MAGE RECOGNI TION This invention relates to the
recognition of images and is concerned with the

wo e@s®ss7vo on of both natural and synthetic i NEPEBFEPBY4/052502
"natural imge" is neant an i nage of an object that
occurs naturally - for exanple, an optical inmage such
as a photograph, as well as inmages of other
wavel engt hs - such as x-ray and infra-red, by way of
exanpl e. The natural inmage nay be recorded and/ or
subsequent|ly processed by digital neans, but is
contrast to an inage - or inmage data - that is
generated or synthesised by conputer or other
artificial nmeans. THRAEFORECOGNIATONt ural i mages
can be desirable for many reasons. For exanple,
di stinctive | andscapes and buil di ngs can be

recogni TE]S 1r|1 eﬁtl@r? $ts 18 ]#?h&dé%ﬁﬁgd bF ﬁﬁﬁ%?%gﬁs co cerned with

geogr apni ocat1 ons. ognition Uan aces

B rdt@ghisieh i bb ndvalenidd dyaaietio ﬁn@gg@l security

pur poses. The recognition of val uabl e ani mal s such as
racehorses may be very useful for identification

pur pos d“Illdral%&El rﬁ’p%‘:fnf b, 5ot Aol FRLESIER, thit occurs nahtuially—

preferr ts of the invention new approac

tfor feam@pleg 60 Ppitical Gmagds istch as \waphabyraph, as well as images of othet
t hree-di nensi onal facial surface representations

qeveleagidd -f sush 2a 2oy \aedsinfry-ted, byowiy (DfJ@?fal?f}Pl¢ o;fbmramga image
AR 8 s A o
St rg %9% Sard €GHI igt e%eﬁﬁf‘ééy ﬁ?é%ﬁ?& Bb BbmBlts or other

app cat1ons.
ra@@ﬁx@]mdaﬁ@ systens proclaimextrenely |ow error rates
in the test environnent, these figures often increase
when exposed to a real world scenario. The reasons for

these hghe8Sd@on e AlifAbL QAR desitable for many reasons. Fot
example, distinctive landscapes and buildings can be recognised, to assist in the
identification of geographical locations. The recognition of human faces can be
useful for identification and security purposes. The recognition of valuable animals

such as racehorses may be very useful for identification purposes.

In this specification, we present in preferred embodiments of the invention
a new approach to face recognition using a variety of three-dimensional facial surface
tepresentations generated from a University of Yotk (UofY) /Cybula 3D Face

Database.

Despite significant advances in face recognition technology, it has yet to
achieve the levels of accuracy required for many commercial and industtial
applications. Although some face recognition systems proclaim extremely low
error rates in the test environment, these figures often increase when exposed to
a real world scenario. The reasons for these high etror rates stem from a

number of well-known sub-problems that have never been fully solved. Face
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nunber of well-known sub-problens that have never been
fully solved. Face_ - recognition systens are highly

whi ch i mages are captured. Variation in |ighting
conditions, facial expression and orientation can al
significantly increase error rates, making it
necessary to nmintain consistent imge capture
condi tions between query and gallery inages for the
systemto function adequately, However, this approach
el i m nates sone of the key aé%antages of fered by face
recognition: a passive bionetric in the sense that it
de@pnitn §yR Rt Are HiH1E cdnsiivreapehatidroniteehibtifRehstances
enbodi ments of the present invention aimto provide
redhoubichfinfageeatcaspomed. i Yariativa indightingroodisions.rfacinle
foregai ng respects. Accqrding tq one aspect of thqdn :
FRBEEHPD PRI PO 8 ngénfgﬁﬂ&ay TR FEIR Sy chfmaking 1t
r . . t A .
SREER Rtk MRl (AR R Sl OB AR RvcerPquery and
GAIM R i H& R+ Bhel§Rtdnt Yo Afnctibhh8EqMtelpr PTRESRE gSoach
b. conbining the ‘processed inmageS in the i nage set; c.
teliamsfter sume of Hee Idgtaavapages aftaap bgdads/recbenipomogsseite
iimages. in the image set; d. generating, fromthe
inRIgetricdp thepenss Shtdtidods ndiac wmaﬁb&c%@&m@@pace,
an i mge key representative of the image; and e.
comparing the image key with at |east one previously
st or ed Brefegredicaybastimants méwhe presget ingertgprazinmypiiontleude
extracti i mage features i.ncluding at | east one of

6ds pf free recgpiion Bt e AAPEMC LB Be fRsne AT U ¢

conmponents and col our
According to one aspect of the present invention, there is provided a

method of recognising an image, comprising the steps of :

a.  processing the image to provide an image set containing a plurality

of different processed images;
b.  combining the processed images in the image set;

c.  transforming the data space occupied by the processed images in

the image set;

d.  generating, from the image-set represented in the transformed

data space, an image key representative of the image; and

e.  comparing the image key with at least one previously stored image

key of a known image.

Step a. may include extracting image features including at least one of
edges, lines, wavelets, gradient components, curvatute components and colour

COI‘IlpOI’lCI‘ltS .

ci rcunst ances PEEP2004/052502



conmponents.- 3 - Step b. may be earned out prior to
step c. Alternatively, step c. nmay be carried out
wW@ri0s1034700 step b. Step e. may conprise conpar i POI/EPI®04/052502
i mpage key with just one previously stored i mage key,
to verify the identity of the imge. Step e. may
conprise conparing the image key with a plurality of
previously stored i mage keys, to identify the inmge. A
met hod as above may further conprise the step of
sorting the results of the copmparison in step e. to
produce a |ist of potential rmatches with previ ously
stored i mage keys. Step e. nmay be carried out using a
Eucl i dgadp 6li shpBe eamttirdug ptibheo b2p rorAlyernatixkedi, arphi. snay be
di stance netric or a cosine distance netric. A nethod
astrEdowes prey to stdpdde the step prior to step a. of
rotating and/ or positioning the inage to a
predeterm ned orientation and/or position and/or depth
nor mal iSged ¢.0May ébrﬂ?ﬁ aigaﬂne imaye keyclith gust lode pregously
prior to step norrmlsm data prior to
@mrbdm@gedfﬁy, Bavdify whgislently Wfehobmagmed froma canera.
Said i mage may conprise 3D data and/or 2D data. Said
i mage nmay conprise a registered 2D-3D image pair. Step
5 c. may Sk €andy ednptite tymparier theiipage Konpoh entlurality of
Anal ysis nmethod.- 4 - Step c. may be carried out by
PreHeRsls SroskimagDieEs .twdf»&ﬁfy R§dmpes-s net hod.

A method as above may further comprise the step of sorting the results
of the comparison in step e. to produce a list of potential matches with

previously stored image keys.

10 Step e. may be catried out using a Buclidean distance metric (the L2

notrm), mahalanobis distance metric or a cosine distance metric.

A method as above may include the step ptior to step a. of rotating
and/or positioning the image to a predetermined otientation and/or position

and/ot depth normalisation.

15 A method as above may include the step prior to step b. of normalising

data prior to combination.
Said image may be obtained from a camera.
Said image may comptise 3D data and/or 2D data.
Said image may compzise a registered 2D-3D image pait.

20 Step c. may be catried out by a Principal Component Analysis method.



Said i mtage may be an inmage of a face. Said inmage nay
be an image of a human face. Said image may be a

W@ 2108/0387060 nage. Said i mage set may i ncl ude thePCI/ER20n&052502
i mage. In another aspect, the invention provides
apparatus for recognising an imge, the apparatus
conprising: a. processing neans arranged to process
the image to provide a plurality of different
processed i mages; b. conbining nmeans arranged to
conbi ne the processed i mages;, c. reducing neans
arranged to reduce the data space occupi ed by the
processed i nages; d. generating nmeans arranged to
gener atQegd £.0fhy Be caerbione By Fher'editcad Ns@ERBELCANAlysis
i mages an i mage key representative of the inmage; and
enethodpari son neans arranged to conpare the image key
with at | east one previously stored i nage key of a
known i mage. Such an apparatus nay be arranged to
per f or rRaid iffeigh ethydlscoi Bhaxg dfa sy, of the preceding
aspects of the invention. In another aspect, the
i nvention provides a nmethod of recognising a
t hr ee- dj,ERS}oR0Rly hdRYEnade WP hish9 FiRe steps o :- 5 -
a. transtorm™ng t'he data Space occupied by the imge
using Fisher's Linear Di scrimnant Analysis; b.

generatd ng, from the transforned data space, an inage
key re&?%%%ﬁ?%??@%?%)}%$%9#%%.%; and

Said image set may include the original image.

In another aspect, the invention provides apparatus for recognising an -

image, the apparatus comptising:

a. processing means arranged to process the image to provide a

10 plurality of different processed images;
b.  combining means arranged to combine the processed images;

C. reducing means arranged to reduce the data space occupied by the

processed images;

d.  generating means arranged to generate from the combined and

15 reduced processed images an image key representative of the image; and

e.  compatison means arranged to compatre the image key with at

least one previously stored image key of a known image.

Such an apparatus may be arranged to perform a method according to

any of the preceding aspects of the invention.

20 In another aspect, the invention provides a method of recognising a

three-dimensional image, comprising the steps of : ‘,



c. conparing the image key with at | east one
previously stored i mage key of a known inmage. In

w@p@bthas7o@spect, the invention provides appar aPCFEPIN4/052502
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recogni sing a three-di nensi onal inage, the apparatus
conprising: a. nmeans for transform ng the data space
occupi ed by the imge using Fisher's Linear

Di scrim nant Analysis; b. neans for generating, from
the transforned data space, an inmage key

representative of the image, and c. neans for

conparing the image key with at | east one previously
stored i mage key of a known image. In this

speci figat | @hsfermidP théBge spHRANEuPicd BIMBB im@fhsing Fisher's
digital image, which consists of a two-dinensiona

(2D) arkimgaolDisgiiseghang fnadysis; This may be either a
greyscal e i mage, where the pixel values refer to
intensiB.y (dneghingessin thertrdniforpiedalasa sfke haviendeldy
colour and intensity associated with them In this

case, sepeasahtatied abthedmegessdci ated with each pi xel,
nost typically three base col our val ues such as red

(R, green ddappaig hk udagdB}ey wih ahleastomf §efiohst 8tdied image
to as RGB col our values of the pixel, although many

ot her nytdf-aleiayedimager esent ati ons of the col our and
intensity of a pixel are possible. In this
specification, a "3D inage" nmeans any

t hr ee- dinneeshanapedt 3Dy ifeprioaeirbaided ApPiratus ffag fecofnising 2
nore generally, another object. For exanple, this- 6 -
b ngiopl ipwigas thelappekatys Roprisitg: or a 3D surface
representation. In preferred inplenentations, the 3D

i mage used medds fbetransfephingndp dawhdpabe basipidiEbp eidEimage
rectangul ar_array, pixelated structure as a standard

2D i magwsingRislgsts Linear Disctiminant Analysis;

b.  means for generating, from the transformed data space, an image

key representative of the image; and

c.  means for compating the image key with at least one previously

stored image key of a known image.

In this specification, a “2D image” means a conventional digital image,
which consists of a two-dimensional (2D) atray of pixel values. This may be
either a greyscale image, where the pixel values refer to intensity (brightness), or
the pixels may have both colour and intensity associated with them. In this case,
several values are associated with each pixel, most typically three base colout
values such as red (R), green (G) and blue (B), which ate often referred to as
RGB colour values of the pixel, although many othet multi-valued

representations of the colour and intensity of a pixel are possible.

In this specification, 2 “3D image” means any three-dimensional (3D)

representation of a face or, more generally, another object. For example, this



that the pixel values now represent depths of the face
(object) surface relative to sone reference plane. In

wWa hios/o3geci fication, a "registered 2D 3D i nageP@EHEP2004/052502
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nmeans a 2D and 3D i mage of the sane person's face (or
ot her object) where we know t he correspondence between
the two images, i.e. we know which points in the 2D

i mage correspond to which points in the 3D inage in
the sense that they represent properties of the sane
surface points on the actual facial (or object)
surface. For a better understandi ng of the invention,
and to show how enbodi nents of the same nay be carried

| ggudd BE LD poitiesR)a8DVdsh 6 BB iRl rdiet@atidh. In
exanpl e, to the acconpanyi ng di agranmatic draw ngs, in
whtiebdrredhinmplementationy the dladivagt usel will bk dapth map, which has
exanpl e of a method of jmage recognition; Figure 2 is

LOE PBTEHSFEAH F 3150 PHRIGLB e GS f) SHSErAED ege, except
tralRi - <ELgu 1,S fl omeghayt .illustrate a
VB Bl s o edrncacditls SRS [icob bt gt o
dsdnSe @f@ﬂeﬁ&@ﬁﬁﬁ&_ simlar to that of Figure 3, but

illustrating a variation in which a particular match
is sought; Figure 5 shows exanples of face nodels

taken f - - ' .6 sh
or i ont a1 s SHpCIGRSH, 45ARA8R T oT) bt i ORI 2 aad
B3 émbge 8£tIR)sadltchdrasi’ afacs o aiber BBjRLY) wWiRbe (el the

Figure 7 shows an average depth map (left nost) and
fdotespendynce between the two images, i.e. we know which points in the 2D
image cotrespond to which points in the 3D image in the sense that they
represent propetties of the same surface points on the actual facial (ot object)

surface.

For a better understanding of the invention, and to show how
embodiments of the same may be cartied into effect, reference will now be
made, by way of example, to the accompanying diagrammatic drawings, in

which:

Figute 1 is a flowchart to illustrate one example of a method of image

recognition;
Figure 2 is a flowchart similar to Figure 1, to illustrate a training mode;

Figure 3 is a flowchart to illustrate a vatiant of the method illustrated in

Figure 1;

Figute 4 is a flowchart similar to that of Figure 3, but illustrating a

variation in which a particular match is sought;

Figute 5 shows examples of face models taken from a 3D face database;



ei gensurfaces; Figure 8 is a graph show ng fal se
acceptance rate and false rejection rate for typical

WG asss00 ecogni tion systens using facial surfBCEER®PL/652502
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maps and a range of distance netrics; Figure 9 is a

di agram of verification test procedure; Figure 10 is a
graph show ng fal se acceptance rate and fal se

rejection rate for 3D face recognition systens using
opti mum surface representations and di stance netrics;
Figure is a chart to show Egug\l_error rates of 3D face
recognition systens using a variety of surface
representations and di stance netrics; and Figure 12
shows bifigefe Glalsaws pti¢magondbf 5wk dEeface pi@k (k) tcon$rontal
wi th convolutjion kernels used; Figure is a table of
shesedeuddlgpn tagishsutéars deptiymeap (Hghty graph to show
Equal Error Rates for different surface
representations; Figure is a graph show ng

di scri nifigeret7 stadvresn avedaghi dapils neps(dfomodt) fahdrfast eight
surface representation;- 8 - Figure is a table show ng
T EENETBFS> sel ected from surface spaces for inclusion
in two conbined systens using Euclidean distance and
cosi ne distance netrics; and Figures 17 and show error
cur ves Figutef§ siaegrapin flaceingyfsise aeepginag rare snd éalsntkjection rate

clide distance petrics. In the fjgures, |ike
ng*r éﬁ@é??i 3? R EELLPIHOE PteRSIYSE: ﬁlai #yfasedepth maps and a

range of distance mettics;
Figure 9 is a diagram of verification test procedute;

Figute 10 is a graph showing false acceptance rate and false rejection
rate for 3D face recognition systems using optimum sutface representations and

distance mettics;

Figure 11 is a chatt to show Equal etror rates of 3D face recognition

systems using a vatiety of surface representations and distance metrics; and

Figute 12 shows brief descriptions of sutface representations with

convolution kernels used;
Figure 13 is a table of surface representations;

Figute 14 is a graph to show Equal Error Rates for different surface

reptesentations;

Figure 15 is a graph showing discriminant values and dimensions for

different surface representation;



In Figure 1, a canera A captures a 3D inmage of a face
and transmts it to a processor B which generates a 3D

walepsh3snmge, together with a 2D texture i nagePCUBPIING/052502
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or greyscale data). Preferably, the 3D and 2D data are
registered with one another. At N, the image is

rotated, scaled and repositioned - if necessary - to
ensure that it faces front and is centred in the imge
space. (In general, it nmay be rotated to any

predeterm ned angle of rotatign, scaled at any
predet erm ned depth and positioned at any

predeterm ned position in the inage space.) At C, D

and E, FiberelIttige thisle ghowgsdthensiohh sdecte® soac butfe h3gaces for
different ways to extract features fromthe face. ny

dhflsipane tveegmbinesksysteass waing Baclidtoptdédanceang. cosigatistance

lines, wavelets, etc. Many inmage processes wll be
KREWTS1%5'% he skilled reader. One of the processes C, D
and E could be a null process - i.e. the raw inmage is

passed through from N The feature extraction or

anal ysildgwiesd é 988 4 8shewirseotcunvasfor foherpefigsrsystems aging
i mages t.hat .. e the sane size as the input or nay
p&s %ﬁﬁﬁéﬁéﬁ%hg§ §C MYt cal Iy, they may be |arger
Thus, at this point, there is a | arge anount of data,
and it is desirable to reduce this. At F, Gand H, a

t r ansf divthe figates 1iks feterprges denets like auspetssponsling parts.

processed i mage outputs fromC, D and E are anal ysed

to extract inportant data- 9 - and reject data of | ow

no si grinfifiganedea chmeya Asthbdes oBDanaigysife fatd indeansmits it
known to the skilled read nd_i.nclude, for exanple,
F‘Piari%‘%oﬁ?séotgﬁ‘&&ﬁlé BERSARISP ﬁgﬁﬁ% 3%@@5%9@5@5{ with g i@ gexture
i . g i on; lt isto.
PGt TR BN B P P Bl Gabi e SPud P2 dach B Ritered
GEiEN BYE Rbo et UAS PRGRe imilfesh %@E&% s@lledOMd ABBLisBhsPAGE

- of the original set of data. e information

necessary — to ensure that it faces front and is centred in the image space. (In
general, it may be rotated to any predetermined angle of rotation, scaled at any
predetermined depth and positioned at any predetermined position in the image

space.)

At C, D and E, the image is processed in three respective, different ways
to extract features from the face. Many different image processes may be
adopted — e.g. edges, lines, wavelets, etc. Many image processes will be known
to the skilled reader. One of the processes C, D and E could be a null process —
Le. the raw image is passed through from N. The featutre extraction or analysis
processes produce a number of new processed images that may be the same size
as the input or may be of different sizes — typically, they may be larger. Thus, at

this point, there is a large amount of data, and it is desitable to teduce this.

AtF, G and H, a transformation step is performed in which the

processed image outputs from C, D and E are analysed to exttact impottant data



extraction nethod is applied to every inmage out put
fromC, D and E. The outputs of processes , G and H

W@ vpnsEe a set of vectors, which are conbi nedPEI/EP2H04/052502
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produce a single vector called the inmage key | . Many
di fferent conbi nati on nethods can be used - for
exanpl e, sinple concatenation (end-to-end),
superinposition, etc. The vectors nay be normalised
before input at , so that they all liein the sane
range. Significant bits of thg vectors fromF, G and H
may be conbi ned, and insignificant bits discarded. The
i mge key froml is conpared at J with prior stored

kydsrepdct Katala? 1owestuResigniffeasdr /laly @ethoda ot hitalydis Wilt be
stored keys, by neans of a netric. Many suitable
nietawit o tid dkilled rkadpnnand dndlinde, $&i exasple Rrdminle Sipphpement
Eucl.i de hattan, etc. The conparjson results fro

S Al PRRCRIG A0 PRI PEmaoRicg, cift e end Tesolt

Fi i.14.us y r S
ARk e LB S o 5L BBl Lol
t}ﬂ%_fd@ﬁlﬂ? CER s@Sspdes CIJfhRe oRBRMEseR b8 dh@P e eSid formation
until step I', where the imge key of the known inmage

i extgroor dheghod is afplied teevay imegd outphefnet GpMsarst E.
Figures 1 and 2 is shown in Figure 3, where the

vectors are conbined after the feature extraction

st age Thdbutputstofiirotkices B, Giatdl [ coagiride adet bf vodtbfNwhich
then undergoes transformation in a single- 10 -

i 1€ oprbinadratd te geedusn asingle yeubspdicd theivhant)kextl. Glany
pr.oduce the.i mage key, which is c ared at.J as :
BURGHES combinadon Tnidt it BS ushibT ot PG UIBR e aenation
" : ) i . . . '
PR TS e O RRR R T TRFOehY Pl Brdpffgfore inpus
| QD st B8t they all lie in the same range. Significant bits of the vectors from F,

G and H may be combined, and insignificant bits discarded.

The image key from I is compared at | with prior stored keys at K, to
produce a measure of similarity with the stored keys, by means of a metric.
Many suitable metrics will be known to the skilled reader, such as Euclidean,

Manhattan, etc.

The compatrison results from J are sorted at I and output as a final list

at M,

Figure 2 illustrates how keys are stored at L. In this case, a known
image is captured by the camera A, and the process steps as described above ate

repeated until step I, whete the image key of the known image is stoted at L.

An alternative to the methods of Figures 1 and 2 is shown in Figure 3,
where the vectors are combined after the feature extraction stage C, D, E to

produce a single vector at I, which then undergoes transformation in a single
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either a Match or No Match as output. Figure 4 shows
conbi nation of the vectors , | prior to the subspace

W e@smsInomat i on process G However, it will bePCT/EP2004/052502

appreci ated that, alternatively, subspace processes

such as F, G and H nmay be applied prior to vector

conbi nation transformation , |, as in Figure 1. In
general , enbodi ments of the invention nay process 3D

i mage data, 2D inmage data or both. Although a canmera A
Is shown in Figures 1 to 4, Be_inage (s) may cone
fromany suitable source. Referring nowto Figures 5

to 12, we consi der enbodi nents in which, by applying
Rhfdeipiah <LeRpenesiep Andspadesméthod) boGt tr geddiaersimapakey,
surface structure, we show that high I evels of

axltigh acgomparc et hehbefpedl when performing recognition

on a | arge database of 3D face nodels, captured under
conditions that present typical difficultiesto the

nmore c@iyeRtd doskattyindthaensiton vipp tiedeydmagtBsddnsared at
are presented as fal se acceptance rates and fal se

Jejisle juson singleegoraddiziage ander adhseduesnt thyeshald stepsatd indicates
si.ngl e.conpar at i alue. W identify the nost
é??%ﬁ?@&@ggﬁfﬁgﬁéﬁ? #eY¥RtGt i ons and di stance netrics
to be used in such application areas as security,

survei llance, data conpression and archive searching.
I n t heddgwrifodionsrmosbipetiomed thearectnss (5 d psior3p thesubspace

d h lim f bl. Ly,
TSI R PR See HERg T B PHr oA phary iy

%%Bg@itc%:lﬁo&@%%ucﬁ at ke 4hen rhb;eb@g#% Gk doSoelhe-

ormat i on available in two- onal i mages,
wenildngtsn trhesfepaiton On¥adsiiaftigdre 11 i ghting condi tions,
at the expense of | osing the distinguishing features
only available in colour and texture data. In

addi ti qR.gehbi@l, dRIHJdiviehi@ of WAfrReRtibRAGa process 3D image data,
2D image data or both. Although a camera A is shown in Figures 1 to 4, the

image(s) may come from any suitable source.

Referting now to Figures 5 to 12, we consider embodiments in which, by
applying Principal Component Analysis (PCA) to three-dimensional sutface
structure, we show that high levels of accuracy can be achieved when performing
recognition on a large database of 3D face models, captured under conditions that
present typical difficulties to the more conventional two-dimensional approaches.
Results are presented as false acceptance rates and false rejection rates, taking the
equal error rate as a single comparative value. We identify the most effective surface
representations and distance metrics to be used in such application areas as secuxity,

sutveillance, data compression and archive searching,

In these embodiments, we include the use of 3D face models that
eliminate some of the problems commonly associated with face recognition. By

relying purely on geometric shape, rather than the colour and texture



structure in three-di nmensional space allows for
conpensation of variations in pose, aiding those

woreaohosksor equi ri ng al i gnnment prior to recogni t POREP1004/052502
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is to be appreciated, neverthel ess, that 2D data coul d

be used in addition to 3D data - or as an alternative.
Here we use facial surface data, taken from 3D face
nodel s, as a substitute for the nore famliar

t wo- di nensi onal inages. W take a well-known net hod of
face recognition, namely the glgenface approach

descri bed by Turk and Pentl and [ Turk, , Pentl and,

A.: Eigenfaces for Recognition. Journal of Cognitive
NatyresitieAeailahid in Svo-(ik9@klonaPindddes, Wd tirlder Me system invatiant
Pentland, A.: Face Recognition Using Eigenfaces. | n

Rodightingeenditins, asthaomsasest Ms?gaige alm@ng’al%sblélgrfeatures only
586- 59

CRCOANL L o0yl SELL 200,00 SO, SO L o o an,

eﬁ%ttu %‘ﬁ?tlﬁgé M?m%na# aﬁc S'l!lr WS %1]; ?eﬁﬁjﬂg of varl%tionts in

I Mensi onal Ssur n or
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Neuroscience, Vol. 3, (1991) 72-86), [Turk, M., Pentland, A.: Face Recognition Using
Eigenfaces. In Proc. IEEE Conf. on Computer Vision and Pattern Recognition, (1991)
586-591} and adapt it for use on the new three-dimensional data. We identify
the most effective methods of recognising faces using three-dimensional sutface

structure.

In order to test this method of face recognition, we have used a large
database of 3D face models. However, until recently, methods of 3D model
generation have usually employed the use of laser scanning equipment. Such
systems (although highly accurate) ate often slow, requiring the subject to remain
petfectly still. Stereo vision techniques are able to capture at a fastet rate without
using lasers, but feature correlation requires regions of contrast and stable local
texture; something that cheeks and forehead distinctly lack. For these teasons,
three-dimensional face recognition has remained relatively unexplored, when
compared to the wealth of research focusing on two-dimensional face

recognition. Although some investigations have expetimented with 3D data
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Aut omatic Face Verification from 3D And G ey Level
Clues. 11th Portuguese Conference on Pattern
Recogni ti on, 2000], [Gordon, G : Face Recognition
Based on Depth and Curvature Features. | n Proc. of
the | EEE Conputer Society Conference on Conputer
Vi sion and Pattern Recogm ti I‘ila Chan'pal gn, Illinois
(1992) 108-110], [ Chua, n, Ho, T : 3D Human
Face Recognition Using P0| nt Si gnature Proc. Fourth
E@%&mt@ LAV LBk DT A ok Bl fndWithion
sture Recognition, (2000) 233-8], they have had to
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f aciTitating research into three-dinensional face
eeagm ConfirerkecnhGoipegy L iRimel06Y} [Besedr's Rowdbasxp| e T.:
t he lpossn bilities offered by _threedi nensi onal
Face 1dentification across Different Poses and Illumzinations with a 3D Morphable Model. In
Proc. of the 5% IEEE Conference on AFGR (2002)]. However, this research
demonstrates that the use of three-dimensional information has the potential to
improve face recognition well beyond the current state of the art. With the
emergence of new three-dimensional capture equipment, population of a large
3D face database has now become viable and being undertaken at the

UofY/Cybula as part of a project facilitating research into three-dimensional face

recognition technology.

Previous research has explored the possibilities offered by three-
dimensional geometric structute to perform face recognition. To date, the
research has focused on two-dimensional images, although some have attempted
to use a-priori knowledge of facial structure to enhance these existing two-

dimensional approaches. For example, Zhao and Chellappa [s#pr4] use a generic



geonetric structure to performface recognition. To
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know edge of facial structure to enhance these

exi sting twodi nensi onal approaches. For exanple, Zhao
and Chel | appa [supra] usea generic- 13 - 3D face node
to nornmalise facial orientation and lighting direction
i n twodi mensi onal images. Using estimtions of |ight
source direction and pose, the 3D face nodel is
aligned with the two-di nensi énal face inmage and used
to project a prototype inmage of the frontal pose
e3bifved @otel toricematiee faebgti¢dthton biyd liphar direction in two-
D scrim nant Anal ysis. Though this approach,
@m@gﬁnomaldmag@s: ubsieg esifmetiens @fsltgh§ seuics ditsetiemsedippse ﬁhe
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f VL. - SFERCR T 20090 berdi v Sadkslans | mage and Vi si on
nputing. J, Vol. 16, No. (1998) 295-306]. Bl anz,
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8124%7 19/ % W 28 SH@Jng,t MR B, Phatyl EHRISE MREBE andwlhlbion p%ea’m e for face
di fference to the two-di mensi onal i mge. These

pavgiiy efsitbmelndgevnd Vision Computing. J, Vol. 16, No. 5, (1998) 295-306).

Blanz, Romdhani and Vetter [s#pra] take a comparable approach, using a
3D morphable face model to aid in identification of 2D face images. Beginning
with an initial estimate of lighting direction and face shape, Romdhani et al
iteratively alters shape and texture parameters of the morphable face model,
minimising difference to the two-dimensional image. These parameters are then

taken as features for identification.

Although the methods discussed show that knowledge of three-
dimensional face shape can improve two-dimensional face recognition systems
by improving normalisation, none of the methods mentioned so far use actual
geometric structure to petform recognition. Whereas Beumier and Acheroy
[s#pra] make direct use of such information, generating 3D face models using an
approach based on structured light deformation, Beumier and Acheroy test

various methods of matching 3D face models, few of which wete successful.
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t wo- di mensi onal face recognition systens by inproving
normal i sati on, none of the nethods nentioned so far
use actual geonetric structure to performrecognition.
Wher eas Beum er and Acheroy [supra] nmeke direct use of
such information, generating 3D face nodel s using an
approach based on structured.l,ight deformation,
Beum er and Acheroy test various nethods of matching
3D face nodel s, few of which were successful.- 14 -
(iivatute endlfed pived perfedve, natiffestite/extraztion b tnet @obust
extraction was not robust enough to provide accurate
resoughite ipsevideleomyate re@eniticsr HaweyerhBeaoypianand Axdhbleeoyt were
gﬁﬂieve reasonabl e error rates usinggcurvatu e val ues

< 15hLTIE TERoPARlE HOB AR ESINGETIVATHE VRIYRS PeEEical surface

i.edyau; : f
IR Y e PR Lo PR REAR S PIAMER B e
adrt@Ne ks Pt @HEBE2 FhnldelIRRANHE 22RnARYIlP alRfheWn@Rfaces and
manual alignment was used. Chua et a [supra] take a

chetwerne .25 %pprdbaohy whppnydnngl alignmengivds ssed. ace
recognition techniques to the face structure. An
attenpt is nmade to identify and extract rigid areas of
faci al Ghuaf @cefupel et b igffacsysippoadt) upplyBid ndrorricduadace
expression. The characteristic used to identify these
regpghitiere teshaigesita thedeed strufitetei Ayupgempeiswesde foddestify and
is the. gint signatur%, whi ch.descri bes depth vg%ﬁgs
ﬁﬁaﬁb’iﬁg A OE 21 SYIBRRS TEaLopet PIsEE™ JRTARat th

£ acial. g : . ' ' p
B R e R A S
RbdtHgusshdeak eerefcE O thapbint sighatuke]&rith deqidbes dé@bivalues
show that the probe inmage is identified correctlg;for

ahtropadipigdogd ecgiappdf wpdcific printeon thetfaakl sgtfade plhe siaplarity

%ff two face models is computed by identifying and comparing a set of unique

point signatutes for each face. Identification tests show that the probe image is
identified correctly for all people when applied to a test set of 30 depth maps of
6 different people.

Coombes et al [A. M. Coombes, R. Richards, A. Linney, V. Bruce, R. Fright.
Description and recognition of faces from 3D data. Proc. of The-International Society for
Optical Engineering. Vol. 1766, (1992) 307-19] investigate a method based on
differential geometry. Curvature analysis is applied to a depth map of the facial
sutface; segmenting the surface into one of eight fundamental types: peak, ridge,
saddle ridge, minimal, pit, valley, saddle valley and flat. Coombes et al suggest
that two faces may be distinguished by comparing which cutve types
classification of correlating regions. A quantitative analysis of the average male
and female face structure shows distinct differences in chin, nose, forehead

shape and cheek bone position between faces of different gendet.



6 different people. Coonbes et al [A. M. Coonbes, R
Ri chards, A., Unney, V . Bruce, R Fright Description

wa@nasnossogni t i onof faces fronBD data. Proc. of PCT/EP2004/052502

10

15

20

25

The- 1 ntemational Society for Optical Engineering. Vol.
1766, (1992) 307-19] investigate a nethod based on
differential geonetry. Curvature analysis is applied
to a depth map of the facial surface; segnenting the
surface into one of eight fundanental types: peak,

ri dge, saddle ridge, nininq],Sth, val | ey, saddle

vall ey and flat. Coonbes et &1 suggest that two faces
may be di stingui shed by conparing which curve types
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As mentioned previously, there is little three-dimensional face data
publicly available at present and nothing towards the magnitude of data requited
for development and testing of three-dimensional face recognition systems.
Thetefore, we have collected 2 new database of 3D face models, collected at
UofY/Cybula as patt of an ongoing project to provide a publicly available 3D
Face Database of over 1000 people for face recognition reseatch. The 3D face
models are generated using a stereo vision technique enhanced by light
projection to provide a higher density of features. Each face model requires a
single shot taken with a 3D camera, from which the model is generated in sub-

second processing time.

For the putpose of this evaluation, we use a subset of the 3D face
database, acquired during preliminary data acquisition sessions. This set consists
of 330 face models taken from 100 different people under the conditions shown

in Figure 5.
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little three-di nensional face data publicly avail able
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required for devel opnent and testing of

t hree- di nensi onal face recognition systens. Therefore,
we have coll ected a new dat abase of 3D face nodel s,
col l ected at Uof Y/ Cybula as part of an ongoi ng project
to provide a publicly avail able 3D Face Dat abase of
over 1000 people for face reﬁ%ggition research. The 3D
face nodel s are generated using a stereo vision

t echni que enhanced by |ight projection to provide a

hi gher Densg taptafe, healffiresas EACB t 266troDERHinb@YAI RN A Tn
single shot taken with a 3D canera, fromwhich the

nodet td gengerte faeadodals sﬂr@s@@e mdagp prcmsomg stbjeets waye asked
use a subset of the

h f th
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fort was nmade to control lighting conditions.
order to generate face nodels at various head

ori ent t r. e

poi nt's- Do CiEimadih FE Sl AECRY A0 008 4 BREREIF G
tiBBreg&itRfida oPBD (ﬂbﬂa)eirfcp(ﬁiﬁed/ﬁ@t%d m@@&etc@re@ ¥r %&@r@s using an
preci se angle of orientation. npl es of the face
mthettaiopemensisdticnorlgedhim ﬁlmtsbsprdxed lehgvirefore kﬁl@rccmverted
5. 3D face nodel s are stored in the OBJ file format
S R égmss dcses f%elaarf%&tegé%) ‘519 SR e

f

BB L ek b g YD IRpHT B B2 e BB LRy g rest s
kst the +&ARMBIG Y depth maps, consisting of all capture conditions shown in

Figure 5. Both the training set and test set contain subjects of various race, age

and gender and nobody is present in both the training and test sets.

It is well known that the use of image processing techniques can
significantly reduce error rates of two-dimensional face recognition methods, by
removing unwanted featutres caused by environmental capture conditions. Much
of this environmental influence is not present in the 3D face models, but pre-
processing may still aid recognition by making distinguishing features more
explicit. In this section we desctibe a number of surface representations, which
may affect tecognition error rates. These sutfaces are detived by pre-processing

of depth maps, prior to both training and test procedures, as shown in Figure 8.

In out approach we define a ‘3D sutrface space’ by application of
principal component analysis to the training set of facial surfaces, taking a similat
approach to that described by Turk and Pentland [s#pr4] and used in previous

investigations.



into depth maps. The database is then separated into
two disjoint sets: the training set consisting of 40
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t he remai ning 290 depth maps, consisting of al

capture conditions shown in Figure 5. Both the
training set and test set contain subjects of various
race, age and gender and nobody is present in both the
training and test sets. It is well known that the use
of i nmage processing techniqyﬁz can significantly
reduce error rates of two-di mensional face recognition
nmet hods, by renovi ng unwant ed features caused by
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défsi igh dirh&Bicnal fpare. paceuidpythipidkd,oad assamefthat different
princi pal conponent analysis to the training set of
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60X105 depth maps. Each of these depth maps can be

repeteabndled vasleamusotiong die H36 ef 2ohiwrfacdestthibirglepth
single point within the 6300 di nensional space of al
FBYSPEPPAgept h nmaps. What's nore, faces with a sinilar
geonetric structure should occupy points in a
conparatively localised region of this high

di mensiloratessipaddine Gopatawithght prepdrdesamengomsbalnwe, we

that diff t
apgiy prlmclpea{l ecgmponent analysis to the training set of M depth maps (in our

case M = 40) {I", T2, T3, ... I'm}, computing the covatiance mattix,

. A=[®D,®,..D,,]
c-3Y @0l o-n-v
T

n=1 \{!=_;7f1';, (1)

Where P,is the difference of the #th depth map from the average W
Eigenvectors and eigenvalues of the covariance matrix are calculated using
standard linear methods. The tesultant eigenvectors desctibe a set of axes within
the depth map space, along which most variance occuts within the training set
and the cotresponding eigenvalues represent the degtee of this vatiance along
each axis. The M eigenvectors are sorted in order of descending eigenvalues and

the M greatest eigenvectors (in our system M = 40) are chosen to reptesent



depth maps of the sane face project to nearby points
in space and depth maps - of different faces project
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region of this space that contains facial surfaces,

reduce the dinensionality to a practical value, while
maxi m sing the spread of facial surfaces within the

depth map subspace. In order to define a space with

the properties nentioned above, we apply principa
conmponent analysis to the training set of M depth maps

(in our caseM = 40) , . .. FM, conputing the

covariance matrix, ¢ = 4-VF=r - M= AAM2- 1" (1)
WhiefaBe shatel H@le@ffetﬁfs&mav@ﬁa\téﬂ@da&éa ﬂﬁeﬂﬁl@nﬁaﬂaﬂt% Bffthe space

the average y. Eigenvectors and eigenval ues of t

clo\Md! i yeh ceimiained x aglelevel afitanined: bstivegn $1cia darfacdsithwaughout
thods. The resultant eigenvectors describe a set of
é§ﬁﬁﬁ%ﬁﬁﬁsﬂgﬁmﬁépth map space, al ong which nost

vari ance occurs wthin the training set and the

correspondi ng ei genval ues represent the degree of this

vari an cWe attmnm gadnageraec®r aflegehbeiapenvevtiony 08 clements

sorted er of descendin |genvalu s and t
Wbk gerRFEé’ﬁ]é%lf’( @si ngélnmmv hsa%ge dlsplayed
T ef f.

RSBy g PLRIE Rl B el
to yet maintained a high Ievel of varlance betmeen

facial surfaces throughou subspace.

L O SRERs S IRy R CPRLRTRR BNSBACE: sise
esbgm 3 simple matrix multiplication using the eigenvectors calculated from

the covariance matrix in equation 1:

o, =u'C-w) Jork=1..M".
2)

whete uy is the kth eigenvector and wg is the kth weight in the vector QT
= [w1, w2, 03, ... wm]. The M coefficients represent the contribution of each
respective eigensurface to the projected depth map. The vector Q is taken as the
‘face-key’ representing a person’s facial structure in surface space and compatred

by either euclidean ot cosine distance metrics.

ey _ Q Q, " 3)

d

euclidean

cosine T

In addition, we can also divide each face-key by its respective
eigenvalues, prior to distance calculation, removing any inhetent dimensional
bias and introducing two supplementary mettics, the mahalanobis distance and
weighted cosine distance. An acceptance (the two facial surfaces match) ot

rejection (the two surfaces do not match) is determined by applying a threshold
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7. Once surface space has been defined we project any
face into surface space by a sinple matrix

mul tiplication using the eigenvectors cal culated from
the covariance matrix in equation 1: = ( - ) fork =1.

.M (2) where is the kth eigenvector and is the kth

wei ght in the vector W= [w , .. . The VT

coefficients represent the “cdrit i bution of each
respective eigensurface to the projected depth nap.

Tioerhy @&l QlateW distahédk EAnP 8otPeris Jrﬁ?%d'&@m'g o EPHESEI6RIhe
person's facial structure in surface space and

cthngshpkldis lopnsidededranenacépteimaen Iorordestionsratliast diecéfectiveness of
netrics. In_addition, we can also divide each face-key
bireifpcs tepagiden methedreWeaptEout (986 vegfimtinnapraations on the

cal.cul ati renowi ng any inherent dinensionpal,bias.
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acceptance (the two facial surfaces tch) or

r @jneetredwithtitsel ftand catl Hait éscalnpared oft 6dide (tise relationship is
determ ned by applying a threshold- 19 - to the
cHPERttEted di st ance. Any conpari son producing a

di stance bel ow the threshold is considered an

acceptance. In order to evaluate the effectiveness of

t he fadélseecogptitdeontayentdalse rajertioarmies atd cAGI86S as the

verificatiagn operations on the test set of 290 faci.al
RFEFeataRe, OfdBERIERGE AECPRENCEY 1t INCErest tsiesHoB e iapplying the

Fi 8 h Nt t est t :
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relationship is
The Equal Error Rate can be seen as the point where FAR equals FRR.

We now present the results gathered from testing the three-dimensional
face recognition methods on the test set of 290 facial surfaces. The results are
presented by error curves of FAR vs. FRR and bar charts of EERs. Figure 8
shows the etror cutve calculated for the baseline system (facial surface depth

maps) using the four distance measures described eatlier.

The results clearly show that dividing by eigenvalues to normalise vector
dimensions ptior to calculating distance values significantly decteases etrot rates
for both the Euclidean and cosine distance measures, with the Mahalanobis
distance providing the lowest EER. The same four cutves wete produced for all
surface representations and the EERs taken as a single comparative value,

presented in Figure 11.

It is clear from the EERs shown in Figute 11, that surface gradient

representations provide the most distinguishing information for face tecognition.



symetric). Fal se acceptance rates and fal se rejection

rates are calculated as the percentage of incorrect
wace@spsgEnces and i ncorrect rejections after appCEPZH04/052502

the threshold. Applying a range of threshol ds produces

a series of FAR, FRR pairs, which are plotted on a

graph as shown for our benchmark systemin Figure 9.

The Equal Error Rate can be seen as the point where

FAR equal s FRR W now present the results gathered

fromtesting the three-dinensjonal face recognition

met hods on the test set of 2 facial surfaces. The

results are presented by error curves of FAR vs. FRR

antheliasrizohail HeriwftiveERse tht Wit SrrshaMes dil, asihg ftheWweighted

cal cul ated for the baseline system (facial surface

degsite distpsge msitivg Inhect the weigbtedroeinaebganeyetiess thcdewest

earlier. The results fl e?rl y show t hat dividi.ng Py

eFrRINRFLAS 85 tRegPAIGHRAPT SHIAFE CERES RIS BFHSPFGIGY teppeases

t i : l; SRl 1.t eant c e

PhEr bR YR TR R Pl WS et HEEARIAS e mos
5 NEBEUNE SurfidelBpichentMadia benebiosh dd§leanes: o e dlidfcd Metric

| onest EER. The sane four curves were produced for al

susefl foecompatisoantet Fignse Hidetdept feERertakerrepsesentsiiony, svhich

conparatjve value, presented in Figure 11. It . is clear

46 sl pers st ,rrﬁgﬁglésmf,F the [patanggripeigis used,

gradi ent representati ons provide the nost

di stinqui shing information for face recognition.- 20 -

The horPuom die atthogran] nevreypi/detrhestledizegte arfase r at es

spfesed St AgHE AL HEUGTEENEE e bt WP LR AeHaS
10 ecroql%lné%ﬁe%é b esdnl iR 'rEguc%ferisblfrrgt%ggurﬁ}]eerh ?Iheéefore, in

representati ons, except or a few cas
viRldgtyree e sheto&ERsddsinIEstidequl dveltyst Al Ginbdiyyeem

which is the nost
combinations by concatenating the face-keys projected from numerous sutface
spaces, attempting to utilise distinguishing features from multiple susrface
representations. The results for which are shown in Table 1, calculated by
15 applying the weighted cosine distance measure to the extended face-keys

combinations.

Table 1. Equal error rates of surface space combination systems

Surface Space Combinations EER
Sobel X, Sobel Y, Hotizontal gradient large, vertical 12.1%
gradient
Laplacian, Horizontal gradient large, vertical gradient 11.6%
large
Laplacian, Sobel X, Hotizontal gradient, Hotizontal 11.4%
gradient large, vertical gradient, vertical gradient large

We have shown that a well-known two-dimensional face recognition
20 method can be adapted for use on three-dimensional face models. Tests have

been catried out on a large database of three-dimensional facial sutfaces,



effective surface representation seems to be dependent
on the distance netric used for conparison (see Figure

wagos/ossweept for curvature representations, WhPCITER2084/052502

10

15

20

25

general ly | ess distinguishing, regardless of the

di stance netric used. Due to the orthogonal nature of
the nost effective surface representations (horizontal
and vertical derivatives), we hypothesize that conbing
these representations will reduce error rates further.
Therefore, in addition to Lh%ﬁngthods used in Figure
1, we test a nunber of system conbinations by
concatenating the face-keys projected from nunerous
seiptaed usdacesndigddsatipt pegerdtQypitalldifRultes biHed HestdrRting
features fromnultiple surface representati ons. The
rigsegnigomfi.ol hefsinon ratee peivonad fronThbieding threeldimbeadieuh] Isystems

ohiF alrliten dE I GBS FARTTBNS STAE eXporET UaPgio-
| f [ j stens Surfac

SRR AR O IPOER ST R Al AR R s

oligehi @ AlivA @S ov¥eEdiveationd th¥ SReis bl ARbAGRN.

Hori zontal gradient |arge, vertical gradient 11.6%
| ar ge Lapl aci an, Sobel X, Horizontal gradient,

C'Zﬁ it ?23”651?%% i“g%ﬁ agﬁaggidgp%ékﬁgagg Teskﬁrggm&h@&sglgé%ia% Hiscovered

whhi fakiabwificeprdiicr ishonakfitase foeeQeshidoanhimtibod LaN
be adapted for use on three-dinensional face nodels.

Tastatuteaeprdsertations: ringehtbatlan hogdzdmpberadenaipedudf the lowest
t hree-di si onal fach.aI %lljrf aces, - 31_- : ,

etror rates. s seems to indicate that horizontal detivatives provide more
discriminatory information than vertical profiles. Another advantage is that
gradients are likely to be more robust to inaccuracies in the alignment procedute,

as the detrivatives will be invariant to translations along the Z-axis.

Curvature representations do not seem to contain as much
discriminatory information as the other surface representations. We find this
surprising, as second derivatives should be less sensitive to inaccuracies of
orientation and translation along the Z-axis. However, this could be a reflection
of inadequate 3D model resolution, which could be the cause of the noisy

cutvature images in Figure 12.

Testing three distance metrics has shown that the choice of method for
face-key comparisons has a considerable affect on the resulting etror rates. It is
also evident that dividing each face-key by its respective eigenvalues, normalising
dimensional distribution, usually improves tesults for both Euclidean and cosine
distances. This indicates that dimensional disttibution is not necessatily
ptoportional to discriminating ability and that sutface space as 2 whole becomes
more discriminative when disttibuted evenly. However, this is not the case for

some of sutface representations with higher EERs, suggesting that these
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are significantly | ower that those gathered in simlar
experiments using twodi nensional images. It is clear
that three-di nensional face recognition has distinct
advant ages over conventional two-di nmensiona
approaches. Wrking with a nunber of surface
representations, we have discpyvered that facia

surface gradient is nore effective for recognition
than depth and curvature representations. In
prepésettagions Mok Eanteadnly b del ivbsinRitodeas cbhponew8sihich
error rates. This seens to indicate that horizontal
dlegdowag masledowher dernpadised withcthi mhajetigrof lessfdisaraminatory
than vertical profiles. Another advantage is that

gr ¥BPeRNi¥Sare likely to be nore robust to inaccuracies
in the alignment procedure, as the derivatives will be
invariant to translations along the Z-axis. Curvature
r epr es ehbawicighsedensinst distanen produoes tiedowsstrepiol rates for the

T e
A0 R S U L
Hoilsy edvardthis offtdibpauer@isl eefat@repfestiademy) @%dhc?ﬂ% etror

nodel resolution, which could be the cause of the
retesyugthetyat ure i mages in Figure 12. Testing three

di stance netrics has shown that the choice of nethod

for face-key conparisons has a considerable affect on

t he resWethang nemnged toafedsce ¢trot Bitadl BOMEV. SISEER hélbtained

di viding each face-key by its resEective ei genval ues,
rstieaibicdnitigl denve mansnta aEER obld-L Ynwhes the inpst effrctives
@%%g]égafgr %fh Euclidegn and cosiqg di st anges. This
R aFEE TRETOH NS PORBIHISierT HOBF SHEIFR" nigtese resuls are
REB&SAAKlY Dwer than the best two-dimensional systems tested under similar
citcumstances in our previous investigations, proving that geometric face
sttuctute is useful for recognition when used independently from colour and
texture information and capable of achieving high levels of accuracy. Given that
the data capture method produces face models invatiant to lighting conditions
and provides the ability to recognise faces regardless of pose, makes this system

particulatly attractive for use in security and sutveillance applications.
We now turn to the examples of Figure 13 to 18.

Previous wotk [Beumier, C., Acheroy, M.: Auntomatic 3D Face Authentication.
Image and Vision Compnting, Vol. 18, No. 4, (2000) 315-321), [Gordon, G.: Face
Recognition Based on Depth and Curvature Features. In Proc. of the IEEE Computer
Society Conference on Computer Vision and Pattern Recognition, Champaign, Inois (1992)
108-110), [Chua, C., Han, F,, Ho, T.: 3D Human Face Recognition Using Point

Signature. Proc. Fourth IEEE International Conference on Automatic Face and Gesture
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for some of surface representations with higher EERs,
suggesting that these- 22 - representations

i ncorporate only a few dom nant useful conponents,

whi ch becone masked when nornalised with the majority
of | ess discrimnatory conponents. The wei ghted cosi ne
di stance produces the Iomegtz%rgor rates for the

maj ority of surface representations, including the
opti mum system This netric has al so provided the

NRangisin ¢2000) Ne33vE), t ;Zﬂa@ ceCkalys, RN 3N Bloli@ " Bhbdied Face
utilise advantages offered by numerous surfaces
r Beegeient &t ilvers  Of ddulzierngrienat Sronferevaesort dwrdaeProcehygh dleconver

d d f 7.8% EER, obt ai ned
DROE it S Bl @i d alekiieriion 10, ke o 3D
j sur f i
RBRTR S0 S 968, P ERSIL SAR RIS, The Eunpao
sahgraant bl doyphomerisibhamoohe [BRss, LWORMBAS I ONBerrer, T.: Face
systens tested under simlar circunstances in our
pzfeﬂ?ifi@aéieﬂ irvse Bifferat Poersiyd pluoniivatignst gl « §BoMetpbild: Madwé In Proc.
' ful f iti wh d
G bt JERE o BT Ko Ot i o ek Do ALalytomatic
. ~Of . hi e i-ah ;1 ~ G ven
PR AN A R S T R G AR o Parr

| Rl t2000] hdsI$HowROtHaP BEH §4e0MS3BNEcPRREeRES abR&o overcome
abillity to recogni se faces regardl ess of pose, nakes

tsdose afydtegqrmoplents wadcatey vetlt 2ZRcfacey ecdognitiome Firstly, by telying on
security and survei]lance applications, W nowtarn to
tereMSkAn Ao ratbey l‘}]:”’éll goloyr 28d teriEE duformeren, Beipmepecome

GovarBELS )ﬁghMlg BRaERGE é‘géor}lecﬁ]t, &8 taioﬁirt]y to rotate a facial structure
in three-dimensional space, allowing for compensation of vatiations in pose, aids
those methods requiring alignment ptior to recognition. Finally, the additional
disctiminatory information available in the facial sutface structure, not available

from two-dimensional images, provides additional cues for tecognition.

It is to be appreciated, nevertheless, that 2D data could be used in

addition to 3D data — or as an alternative.

It has also been shown that the use of pre-processing techniques applied
priot to training and recognition, in which distinguishing featutes ate made more
explicit, environmental effects ate normalised and noise content is reduced, can
significantly improve recognition accuracy [Heseltine, T., Pears, N., Austin, ].: Evaluation
of image pre-processing techuiques for eigenface-based face recognition. In Proc. of the 2nd
International Conf. on Image and Graphics, SPIE Vol 4875 (2002) 677-685]. Howevet,
the focus of previous research has been on identifying the optimum surface
representation, with little regard for the advantages offered by each individual surface

teptesentation. We suggest that different sutface representations may be specifically
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Soci ety Conferenceon Conputer Vision and Pattern
Recogni ti on, Chanpaign, Illinois (1992) 108-110, [Ch
ua, C, Han, F., Ho, T.: 3D Human Face Recognition

Usi ng Point Signature. Proc. Fourth | EEE International
Conf erence on Automatic Face and Gesture- 23 -

Recogni tion, (2000) 233-8\, [Zhao, W, Chellaa, K: 3D
Model Enhanced Face Recognition. | n Proc. O the

I nternational Conference on |Inmge Processing,

\Guited vy iffe{et® @) thie doREBRABE cerfin faBlaPEAMtarisiEY H@s‘iaite having a
T.: Face ldentification by Fitting a 3D Mor phabl

Nsdetal a@alﬁgsuﬁ@aov&ih peognitioiTe xifarr @caﬁlpﬂa; rcuFuhot i reptssentauons

[Trg%ér%;i &%%gﬁgﬁcg e e &%gggqr;#tggrev N (30021 e in 3D

(%Fe rﬁur? at ons nl%g@%os%ﬁ%% eI\/{) 3ol g’%%%lc? élrep ries’ent")ﬁllr 5T f nhance

tdife ihiﬂ'b bEERsCand @é‘lﬁﬂ%%d@[ﬁoﬁg R A2 R thres [ Batb&lefit &f usmg
, Acherqy, M: Automatic Face Verification from 3D And

@neljiple\eigenPaceshas gttioRdy bergusamittdriiyePanbead enalHad. tl%ambz;zd B.
54@?2 ﬁg ti on 2000] ~has shown that the use of 3D fa )
iz 07%5 abfprery oV i diasd red Wﬂfbﬁ@%ﬂp@fo@ﬂeﬁ@oyzﬂm Proc. of

d ce r Fir b
SRR, LR AP HR kO o g speciati
te@éhbﬁa@ed QE@rd&Eﬂr@d%ed maﬁgﬁs ?a%ﬁpgﬁeﬂtﬁ‘ﬂcﬁ{s' At 1ok facial regions,
l ighting conditions. Secondly, the ability to rotate a
flegh avhigt cuntlativee matchhcees diepenslt anadduspage; raadsl QwirAGproach
for conpensation of variations |n(fose ai ds_those

it hsdexanerle ey iy ﬂgﬁﬁ%ﬁx‘aﬂqto%n sombinsghidi w@mal dlmensmns

AT Y, e Bl LoSh Bl LBty B YR 8% o wore
%Y@tﬁ@mﬁhéd%gg&%rmd@ﬁ%n%ﬁwn es, provides

addi ti onal recognition t is to be
appreci ated, neverthel ess, that 2D data coul d be used

in add iI—iérQ Qe a%a_%rl?e QS‘& Qvalufte aaringenofa‘}slt)%cnea}elcggemﬁon systems,

each utilising a different surface representation of the facial structure, in an
attempt to identify and isolate the advantages offered by each reptresentation.
Focusing on the fishersurface method of face recognition, we propose a means
of selecting and extracting components from the sutface subspace produced by

each system, such that they may be combined into a unified sutface space.

Prior to training and testing, 3D face models are converted into one of
the surface representations shown in Figure 13. This is done by fitstly
otientating the 3D face model to face ditectly forwards, then projecting into a
depth map. The surfaces in the table of Figute 13 are then detived by pre-
processing of depth maps.

We give here a bref explanation of the fisherface method of face
tecognition, as described by Belhumeur et al [Belbumenr, . Hespanha, D. Kriegman,



It has al so been shown that the use of pre-processing
techni ques applied prior to training and recognition,

WO poodtossTho di sti ngui shing features are nmade norBCT/EP2004/052502
explicit, environmental effects are nornmalised and
noi se content is reduced, can significantly inprove
recognition accuracy [Heseltine, T., Pears, N
Austin, J.: Evaluation of image pre-processing
techni ques for eigenface-based face recognition. In
Pwc. of the 2nd International, Conf. on |nmage and
G aphics, SPIE Vol. 4875 (206§§'B77-685]. However, the
focus of previous research has been on identifying the
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over recognition. r exa
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system nore robust to inaccuracies in 3Dorientation,
ytet thbeudedghl the signsfatd Ld. Pawiova) BeMoaddoweT. Starner, “View-Based and
representation nmay enhance nose shape, but |ose the
r 2
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ei genspaces were constructed for various facial
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single unified surface space. This approac as been
slgomorid work effectively when applied to

t wo- di nensi onal inages. Here we anal yse and eval uate a
range of 3D face recognition systens,

Training Set = {I'1, I3, I, T4, 15, I'5, 1'%, Ts, T, Tan, i1, T12, Tts, - T} “)

15

20

Where I is a facial surface and the training set is pattitioned into ¢
classes, such that each surface in each class X is of the same petrson and no
single petson is present in more than one class. We continue by computing
thtee scatter matrices, representing the within-class (S,), between-class (53) and
total (§7) distribution of the training set throughout surface space, shown in

equation 5.

M [ ¢
=S-S5 =R Sp=Y TE-T0 -5 ®
=l ] Isl T.eX,
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Focusing on the fishersurface nethod of face

recogni tion, we propose a neans of selecting and

extracting conponents fromthe surface subspace

produced by each system such that they may be

conbined into a unified surface space. Prior to

training and testing, 3D fac del s are converted

into one of the surface représentati ons shown in

Figure 13. This is done by firstly orientating the 3D

face nmoyglerd QE%}ZIC gs Hd Betdo¥ shEbvestthe dnlieN RISkt | 240

into a depth " The surfaces in the table of Figure

13 are_then derived by pre_processing of depth maps.

VI inJeT b Bpeeaveragie) affclask Sﬁfi-aﬁéitﬁeéﬁ@ﬂ@ﬂﬂg ReAfusinptifegotal scatter

met hod“of face recognition, as described by Bel huneur

et al [Bel ur,, . anha , _egman, - 25 - L

afiegny M UcpP d Pheineb o BRBRT 1 6 pirdusg » projection
aciii o L ‘ LT, : ‘

B TR Bt & NG LRSSk y 2 the S chls dfergpavix,

19861ingitds how sidguls befpkicethpuingtheesh P s tinadasé age

surfaces, terned the fishersurface nethod. W apply

bgaRvPEtoRTPhHidle tedinsdiertter Apatirixgrgo,aldd 2k shewn in equation 6.

Di scrimnant Analysis to surface representati ons of 3D

face nodel s, producing a subspace projection matri X,

simlar to that used 'QQ;Q Qj enface [A Pentl éd' B

. Moghaddom T u,, =Sigax ot ?ﬁBased and Modu

Ei genfaces for ace Redddmiti=dh!, Proc. of | EEE Conf.

on Computer Vision and Pattern Recognition, 1994] and

ei gensurface nethods. However, the fishersurface

nethod is able to take advantage of Svithin-class'

i nf or MBLLOR, 0 QLKL e b '

face oSy O TREbCURE AERLE APRHERALOR TP3Rh that i

achassragaparfatd @infacd mtaacedideadsinrfabé space®f eXpindntibas, in

training set to contain nmultiple exanples of each
which the between-class scatter is maximised for all ¢ classes, while the within-

class scatter is minimised for each class X.

Vi = Uﬂd Upca (7)

Once the matrix Uy has been constructed it is used in much the same
way as the projection matrix in the eigenface and eigensurface systems, reducing
dimensionality of face sutface vectors from 5330 to just 49 (~7) elements.

Again, like the eigenface system, the components of the projection matrix can be

viewed as images.

Once surface space has been defined, we project a facial surface into
sutface space by a simple mattix multiplication using the mattix Uy; as shown in

equation 8.



subj ect, describing the variance of a person's face
structure (due to influences such as facial expression
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as shown in equation 4. Training Set=0 3 ... FM (4)
Where is a facial surface and the training set is
partitioned into c classes, such that each surface in
each class is of the sane person and no single person
is present in nore than one class. W continue by
conputing three scatter natrlgps representing the

W thin-class (Sw), between- class (S B) and total (S T)
di stribution of the training set throughout surface
space, shown in yation, 5, (|'- yct- ) v(rJt-

) (5)- 26 - VMeFQ a%éra@e sz}face of the entird®
traini ngy,s@t, 1&?@1@ 1&h ei é%(’éf'lvé‘dt@j?a?hc%n By tH@ {éfgfgﬁ %% vector QT

using the total scatt matrix ST,
MeqwR 2165 pangomnmwent@efﬁmt@ rrépkeg@ltah@ tohteButien of each
matrix p usedto reduce dinensionality of the
vweﬁlbﬁqfw@ Iﬁals@fsmfmett@rthmtlgmﬂl tagiabairfang sthﬁuse The vector Q is
-sin efore co ut|n he .t o
e agghe fﬂﬁe ECEBRSCIImE hastrerln il star welhrod
r
a%,ﬂﬁ%;aom'éﬂmc%}ha% 4B 8 p el F%ﬁlﬁ‘%ﬁéu#a#?% ot epriae

cdibahtainetidss Shewn ih B @ﬁuﬂi@ on 7, such that it may
project a face surface into a reduced surface space of

c-1 dinensions, in which the between-class scatter is
maxi m sed for aII c cl asses, mhlle the wi thinclass
- lga _Qb” d oo =1— 2.0, @)

" HQWQJ

An acceptance (the two facial surfaces match) or tejection (the two
sutfaces do not match) is determined by applying a threshold to the distance
calculated. Any compatison producing a distance value below the threshold is

considered an acceptance.

Here we analyse the surface spaces produced when vatious facial surface
tepresentations ate used with the fishersurface method. We begin by providing
results showing the range of etror rates produced when using vatious sutface
tepresentations. Figure 14 cleatly shows that the choice of sutface representation
has a significant effect on the effectiveness of the fishetsutface method, with
hotizontal gradient representations providing the lowest equal etror rates (EER, the
error when FAR equals FRR).

However, the supetiority of the hotizontal gradient representations does
not suggest that the vertical gradient and curvature representations ate of no use
whatsoever and although the discriminatory information provided by these

tepresentations may not be as robust and distinguishing, that is not to say they



scatter is mnimsed for each class = U (7) Once the
matri X has been constructed it is used in nuch the

W@ 2008/086190 as the projection matrix in the ei gePdHER20841052502

10

15

20

ei gensurface systens, reducing dinensionality of face
surface vectors from5330 to just 49 (c-1) el enments.
Again, like the eigenface system the conponents of
the projection matrix can be viewed as i mages. Once
surface space has been defined, we project a facial
surface into surface space_b&8a_sinple matri x
multiplication using the matfix U, as shown in

equation 8.- 27 - = (G Y) fork=1...c-I . (8) where
I wotlde’tlhdkeel gRnRCitriBilgbr to tHednfdrmawBh aikadynavialisble in the
vector W[w, . . . The c-1 coefficients represent the

cloorizointal igrashersfrepimetnta tepe We wow ¢atessfofthceinvestigagon into
i g.nal facial . f .. The v W i
g Hie Bnipfifos AhiliE o Sgeh PusEre SBRGS ABPIYas EaRpeEs finses)
L ! 9 . . .
B 1P AR W TR e RSP SRR,

MBERdH] 8SmPHAMYs (dinde b_lﬁh'ér%ﬁbrﬂs; of kadl f¥faR€ §8RUATERusing on 2
(the two facial surfaces match) or rejection (the two

sindla s sgacentimemsipohye cdcudat ehailisedmnanagplescmniling the
threshold to the%ai staqulcl:e cal %gl ated. Any conpari son
pﬂ%@@Pﬁ@n&PﬂWﬁ t PP PSR RRPEshol d i s
consi dered an acceptance. Here we anal yse the surface
spaces produced when variou§ facial surface
Y (m,—m)’
d i=l

iﬁ Z(x_mi)z

=1 xed,;

Where 7 is the mean value of that dimension in the face-keys, #; the
within-class mean of class 7and @; the set of vector elements taken from the
face-keys of class 7 Applying the above equation to the assottment of sutface
space systems generated using each facial surface representation, we see a wide
range of discriminant values describing the distinguishing ability of each
individual dimension, as shown in Figure 15 for the top ten most disctiminating

dimensions for each surface representation.

It is clear that although some sutface representations do not perform well in
the face recognition tests, producing high EERs (for example min_cutvatute), some
of their face-key components do contain highly disctiminatory information. We
hypothesise that the reason for these highly discriminating anomalies, in an
otherwise ineffective subspace, is that a certain surface representation may be
particulatly suited to a single disctiminating factor, such as nose shape or jaw
structure, but is not effective when used as a more general classifier. Therefore, if we

wete able to isolate these few useful qualities from the mote specialised subspaces,
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nmet hod. We begin by providing results show ng the

WO 200903800 error rates produced when usi ng var i BCBEEP2004/052502

10

15

20

25

surface representations. Figure 14 clearly shows that
t he choice of surface representation has a significant
effect on the effectiveness of the fishersurface

nmet hod, with horizontal gradient representations
providing the | owest equal error rates (EER the error

when FAR equal s FRR). Fbmeye&, the superiority of the
hori zontal gradient represent/ati ons does not suggest

that the vertical gradient and curvature

ribpy eseldt isd hesdstoarkeoth pesiti@econiaiHaVRY 2 apgkralyt houg Rfective
the discrimnatory information provided by these

resfaes smrattdneingreaspr moes fisthas r obust and

di stinguishing, that is not to say they- 28 - wouldn't
make a positive contribution to the information

al r eadyHaneaid dbdceibe hothgehariyzie iethody @idk8Bdd in above are used
representations. W now carry out further
i mvaesphige orwiple facs reregndtier ystimmat Finglyabielriced toaddmshthe

surface space.by applying Fisher's Linear Discrinmnant
S 8@5{}%‘_&5‘%%/ S%?%&Rgf%@meﬁl%- BRcpe gl%ﬁeﬁf%%,ee
fﬁ@%ﬂﬁﬁ%anﬁ%ﬁ%x oYl GMRAREOES A § 'rﬂ%lgeeofds;,%&%'a%‘ filely to
of "tach surface space. Focusing on a sirngle face space
dliffensy esmeerddal o8 haighithdg ceitsierdimiensbhs Gill Bo&Cd slehRg

the discrimnating power of that dinension, between c
pafpence than others, pwdn ifthe Biscrigwheatingrabiliics hee ewealy matched. To
of that di sion in the face-keys, the. wthin-class
FOMPPHEIGE I Sitertrve REBEisegRotpeRtsd U EitshaRekeY
féié}ﬂér&tl'bﬁf it 8555 W arSh AP eviatfeRP! Mb%véljjﬁl Ifi‘gr%){a?ﬁsing these
equation to the assortnent of surface

dimensions we have also removed any priotitisation, such that all face space
components atre considered equal. Although not a problem when applied to a
single surface space, when combining multiple dimensions we would ideally wish
to give greater precedence to the more reliable components. Otherwise the
situation is likely to arise when a large number of less disctiminating (but still
useful) dimensions begin to outweigh the fewer more disctiminating ones,
diminishing their influence on the vetification operation and hence increasing
error rates. We showed how FLD could be used to measure the disctiminating
ability of a single dimension from any given face space. We now apply this
discriminant value 4 as 2 weighting for each face space dimension, ptiotitising

those dimensions with the highest discriminating ability.

With this weighting scheme applied to all face-keys produced by each
system, we can begin to combine dimensions into a single unified sutface space. In
ordet to combine multiple dimensions from a range of sutface spaces, we trequite
some ctiterion to decide which dimensions to combine. It is not enough to tely
purely on the discriminant value itself, as this only gives us an indication of the

discriminating ability of that dimension alone, without any indication of whether the



space systens generated using each facial surface
representation, we see a w de range of discrim nant
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i ndi vi dual di nension, as shown in Figure for the top

ten nost discriixiinating dinmensions for each surface
representation. It is clear that although sonme surface
representations do not performwell in the face
recognition tests, producing high EERs (for exanple

m n_curvature), sone of their Oface key conponents do
contain highly dlscr|n1natorf i nformati on. W

hypot hesi se that the reason for these highly

dinglagibh b it BOAENbEE , bénBfAMOEA/IN &8 dMafla6bhye If an
subspace, is that a certain surface representation may
bexigtiag tsiifadcaspage sladatlp gprovides sstargireanibsatr dfiilisatrhingtory ability, it

o Heaa e eah %Qufoﬁéve%r%é‘%aé{@%%ﬁéf ivémeﬁé i ifoduce an
f ul
R e Bt P R el R B S A AR B

they coul d be used to make a p05|t|ve contrlbutlon to

a general ly. nore effecti surf space, .reducing .

er ?or g lgptiepsagve ‘hi: "‘E’EEE‘?F%% chBRineseeignnspyes i
nbl

Jiiles fgf HREHS SALAVL AN R AL R JUBE Ao oRafiel Afitonsl o

ace recognition sys

aﬂﬂlreﬁ§1§n§ he fpesblesauREd BT they kés'uﬁ'lﬂ d g%ébfté@ﬂi?crﬁﬁﬁﬁﬁt value.
di mensi ons. Because the average magni tude and
cﬁewhalt moiﬂnOdfhal% decen Ishgwn ¢c porduderaoril eigengecofcompimaivg able

are dlfL) some on%srs of magni t ude,
dBAL eﬁe hIOWH: EFORsATEs 1 4P dasceiecogforridonglalt is

I
L8 o BRI S, S A

6&&Em%%n@%ﬁk§b@ééct@rﬂélﬁkﬂ% %b%@%ﬂk@hcﬁ% RPERALN DY
its within-class standard deVi ati on. However, in

monfmﬂats)m@gmmtélmeWn@ke tisatepphaach, ﬁicﬁahaeﬂi&\tﬁﬁetfaﬁy
prlorl sation, such that all face space

required for 2 new dimension to be introduced to an existing surface space is a
tesultant increase in the EER. In practice, any optimisation method may be
used to select the best combination of dimensions (such as genetic algorithms,

simulated annealing etc.).

Combined surface space = first dimension of
current optimum system
Calculate EER of combined surface space
For each surface space system:
For each dimension of surface space:
Concatenate new dimension onto
combined surface space
Calculate EER of combined surface
space
If EER has not increased:
Remove new dimension from
combined surface space
Save combined surface space ready for evaluation




conmponents are considered equal. Although not a
probl em when applied to a single surface space, when
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gi ve greater precedence to the nore reliable

conmponents. OQtherwi se the situation is likely to arise

when a | arge nunber of |ess discrimnating (but stil

useful) dinmensions begin to outweigh the fewer nore

di scri m nating ones, dimnishing their influence on

the verification operation and hence increasing error

rates. W& showed how FLD coul™d be used to neasure die

discrimnating ability of a single dinmension from any

gi ven fBigreSIBastRmws Whiclodna@pibis bk wHichGulAtd@ake WatcURlected

d as a weighting for each face space di nension,

prsing thej ghiavg ddroilemnd foreindiigos imitwh donsbihéd)byssdms: one using the

discrimmpating ability. Wth this weighting schene

a‘a}&ﬁﬁﬁ% disgange %1%% @iég?@ﬂfﬁr&alasélae HPIELEHAGPIREHE e

can begin to conbine dinensions into a single unified

surface space. In order to conbine nultiple dinmensions

from a Warmgpev edmpartefthe sompanselssurfaee spapgi sysemomith the

criterian,to, decide which dinensiqns to conpine, It is
RRAEHE gV dyar @rsvwsagr)b%#{gﬁ 2ofne aid Ansiiien giarse

35@&5&5 as this only gives us an indication of the
Iscrimnating abilityof that dinension alone, wthout

any indication of whether the- 30 - inclusion of this

di mensi,gn woul d benefit .t exi stin of .

di menai ShtsCERoh Carp R g i HoEhe PRk e dagigesults obtained
RERH HRSotikGh! @idle AMRMERGE! oGS e bt

woul d beO of 11 tﬁ% gene%hl&tz1 (8& coJlFl glgeb\%%ﬁ%deﬁﬁk&é&%& tsyStem

det nppiisdt @l jesd fet We (Wd o tcdnbtiidt alel eBmbiheddgbieh)NRbt set B (the
di mensi on describinga feature already present within _
tuaseaskiestt sepgndethe fulhtestsict (aliinvges framesetrs Acng (), using the cosine

applied,to .a conbi ned e, genspace in order to predjct..

P <afiicef DiBE Seien G ok op SEBGHIeR b (ashed lines) do

A8l dapae: dSmARE A%, AL QbR FOIGRINE LodiflPdnd Bucidean
esult In a greater discrifmnant val ue.

distance measure. 'The optimum system can be seen as the fishersurface

combination using the cosine distance, producing an EER of 7.2% 9.3% and 8.2%

for test set A, B and A and B trespectively.

It is to be noted that this is just one example of selecting dimensions and
can only determine a local maximum in petformance in the neighbouthood of the
set of initial selected components which, in this case, is the selection of all of the
hotizontal detivative components. Other embodiments of the invention genetally
cover any search or optimisation method used to select 2 subset of the dimensions
from the total set of dimensions in order to give an accutate and teliable system

petformance.

The various methods disclosed hetein may be combined with one another.



Such a nethod has been shown to produce an 2D
ei genspace conbi nation able to achieve significantly
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is noted that using the EER would |ikely provide
better results, although processing tinme would be
extrenely |l ong. However, with a nore efficient

conmbi nation al gorithmwe now take that approach, such
that the criterion required for a new di nension to be
i ntroduced to an existing Qy%&gge space is a resultant
increase in the EER In practi’ce, any optim sation

nmet hod may be used to select the best conbination of

di nensi Aﬂﬁl&@u&halﬁ&ﬁg gfeidot iRhgatdd bbodshdRd 8t 84 invention
annealing etc.). Conbined surface space = first

ditaweed tnresbgiise fasns, thet inay be syet enmGdiftad @t rec&gtR cobther

canbi ned surface space For each surface space system
J°8%ch di nension of surface space: Concatenate new

di mensi on onto conbi ned surface space Cal cul ate EER of

conbi ned surface space |If EER has not increased:

Renove Inehisdipeeifisitirn, fthowetboiebimpeide's hasf isceompd cictidaasy

conbi.ned surface space .ready for ,evaluation- 31 -

FPREtIHeS-18 SSRBIE P RH T YsoRs Fhab s, Wt ehtha el eomprise”
S@R4fy ¥eL:E déi%a%%sdco include one feature or more, does not exclude the

possibility of also including furthet features.

The readet's attention is directed to all and any priority documents
identified in connection with this application and to all and any papers and
documents which ate filed concurrently with ot previous to this specification in
connection with this application and which are open to public inspection with
this specification, and the contents of all such papers and documents are

incorporated herein by teference.

All of the features disclosed in this specification, and/or all of the steps
of any method or process so disclosed, may be combined in any combination,
except combinations where at least some of such features and/or steps are

mutually exclusive.

Each feature disclosed in this specification may be replaced by
altetnative features serving the same, equivalent or similar purpose, unless
expressly stated otherwise. Thus, unless exptessly stated otherwise, each feature

disclosed is one example only of a genetic seties of equivalent or similar featutes.

The invention is not restricted to the details of the foregoing

embodiment(s). The invention extends to any novel one, or any novel



usi ng the above algorithm for inclusion in two
conbi ned systens: one using the eudi dean di stance
woreaosioss7end t he ot her using the cosine di st ancCRCTEP2004052502
We now conpare the conbi ned surface space systens with
the opti mum i ndi vi dual system using both the cosine
and euclidean di stance neasures. The error curves
shown in Figures 17 and illustrate the results
obt ai ned when the optimum single fishersurface system
and conbi ned fishersurface_§¥fgen1are applied to test
set A (used to construct the Conbi ned systen), test
set B (the unseen test set) and the full test set (al
| corgBBafio 0 BIhE Seabu@p disBloset Ihid R EREHMAE ANE any novel one,
eucl i dean di stance netrics. W see that the conbined
s¢sangnmovel eshbhatipnesf) thd s teps e rog nhahed oeproress s disclosed.
than the single systens for both the cosine and
Eucl i dean di stance neasure. The opti mum system can be
seen as the fishersurface conbi nation using the cosine
di stance, producing an EER of 7.2% 9.3% and 8. 2% f or
test set A, B and A and B respectively. It is to be
noted that this is just one exanple of selecting
di mensi ons and can only determne a |ocal maxi mumin
performance in the nei ghbourhood of the set of initia
sel ected conmponents which, in this case, is the
sel ection of all of the horizontal derivative
conmponents. O her enbodi nents of the invention
generally cover any search or optim sation nethod used
to select a subset of the dinmensions fromthe total
set of dinmensions in order to give an accurate and
reliable system performance. The vari ous nethods
di scl osed herein may be conbined with one another.- 32
- As indicated above, although illustrated enbodi nents
of the invention



are used to recognise faces, they may be used or
nodi fied to recogni se other objects. In this
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di cti onary meani ng, to denote non-exclusive inclusion.
That is, use of the word "conprise" (or any of its
derivatives) to include one feature or nore, does not
excl ude the possibility of also including further
features. The reader's attention is directed to al
and any priority docunments identified in connection
with this application and to 4 I~ and any papers and
docurments which are filed concurrently with or
PCEWIMS to this specification in connection with this
application and which are open to public inspection
wth this specification, and the contents of all such
papersngnd docunents are incorporated herein by
ref er enédncthpe obfreqagaisIAN fRagedraBPsag thastepd of :
specification, and/or all of the steps of any nethod
or process sceissry the @tagarayposidecarbinmed setic@mtyining a plurality
combi nati on, _except conbi nati ons where at | east sone
of such fea?ifiEercghpresessddpygase nutual |y excl usi ve.
Each feature disclosed in this specification may be
r epl aced bbycahbieingahk peodessddlineges &y tHerighapbeetsane,
equi val ent or simlar purpose, unless expressly stated
ot herw se. tHiiForniinb e8S 8% RPESS tbg,ou, ' '
each feature discloged IS g%e ef%ﬁ%%g nlg&%ﬁﬂ%&&%hn%;mln
generi c serthesmage squi val ent or sinilar features. The
invention is not restricted to the details of the
foregoi ng. eEhediRBM:Sh. th ABagV&IEHRBeRXY BNER thhsA¥ned
novel one, or any novel- 33 - conbination, of the
features didatd symed dmimage kep pgabfencatvieaf thoimige; any
novel one,

e. compating the image key with at least one previously stored image

key of a known image.

2. A method according to claim 1, wherein step a. includes extracting
image features including at least one of edges, lines, wavelets, gradient

componerts, cutvature components and colour components.

3. A method according to claim 1 ot 2, wherein step b. is carried out prior

to step c.

4, A method according to claim 1 or 2, wherein step c. is cattied out prior

to step b.

5. A method according to claim 1, 2 or 3, whetein step e. comptises
compating the image key with just one previously stored image key, to verify the

identity of the image.



or any novel conbination, of the steps of any nethod
or process so disclosed.- 34 - CLAIMS 1. A nethod of

w0 e@ss8786 Ng an i mage, conprising the steps o PCHEP2004/052502
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processing the imge to provide an i mge set
containing a plurality of different processed inmages;
b. conbining the processed images in the inmage set;
transform ng the data space occupi ed by the processed
i mages in the inmage set; d. generating, fromthe

I mage-set represented in the E{ansforned dat a space,
an i mage key representativé—é% the i nage; and e.
conparing the imge key with at |.east one previously

sé.or ed ArmBa®okey.coldid N 1,M&e3, Wherfin@ENOLomprises
according to claim1,” wherein step a. includes

esampaifigidreiimage kéewithngguiahiyl efdbnegioatlylseasd image ldys, to
edges é%ines, wavel ets, gradi ent conponents, curvature
SHhE &38R/ col our conponents. 3. A net hod

according to claim1 or 2, wherein step b. is carried
out prior to step c. 4. A nethod according to claiml

of- 2, whenehndsreqrding toglaiar G, icethmisingthednrther stepf borting
5. A nethad accordi.ng to claiml1, 2 or_ 3, wherein step
ethed "Fiogélsle COMPAFIHYIN HeP ¢-rirguorese WistpfjRpsentphgatches

pE@{' Qpl i ey, to verify the identity of
t he :P&r)r%%(é%lf%tg{ .a%%\%g%gt'(hod according to claim1, 2
or 3, wherein step e. conprises

8. A method according to claim 6 ot 7, whetein step e. is cattied out using
a Buclidean distance metric (the L2 norm), mahalanobis distance metric or a

cosine distance metric.

9. A method according to any of the preceding claims, including the step
ptior to step a. of rotating and/or positioning the image to a predetermined

otientation and/ot position and/otr depth normalisation.

10. A method according to any of the pteceding claims, including a step

ptior to step b. of normalising data ptiot to combination.

11. A method according to any of the preceding claims, whetein said image

is obtained from a camera.

12. A method according to any of the preceding claims, whetein said image

comprises 3D data.

13. A method according to any of the preceding claims, whetein said image

comprises 2D data.

14. A method according to claims 12 and 13, whetein said image comprises

a registered 2D-3D image pait.



conparing the imge key wwth a plurality of previously
stored i nage keys, to identify the imge. 7. A nethod

W@ewensi7og to claim6, conprising the further BCEPPWN4/052502
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sorting the results of the conmparison in step e. to
produce a list of potential matches with previously
stored i mage keys. 8. A nethod according to claim6 or

7, wherein step e. is carried out using a Euclidean

di stance netric (the L2 norm, mahal anobi s distance
metric or a cosine distance netric. 9. A nethod
according to any of the precedi ng clains, including

the step prior to step a. of rotating and/or

POSi ti OAinf@hbhAcédraRR tbUnd o@rt@éiﬁie@écﬂmg%mg,l WheRll @& c. is
and/ r position and/or depth normalisation.” 10. A
netrhetioatcioos BringippbCampooént Asalpriemediody cl ai s,
including a step prior to step b. of normalising data
prior to conbination. 11. A nmethod according to any of
thee preteskithgd ebatrtihg t8hey if Rlagat d tb MAgehkki® MepicNBartied
froma canera. 12. A nmethod according to any of the
prwdwdiishers | lanens Distrimaiant dapkysis meggbod.onpri ses 3D

data. 13. A nethod according to any of the preceding
clainms, wherein said imge conprises 2D data. 14. A

e hod Aeeahed agedrdingltaiafp of heépidcddng WABH S wh&8ihGaid image
i.mage conprises a registered 2D-3D inmage pair.- 3 -

1520 anpge digdfagecor ding to any of the preceding clains,
wherein step c. is carried out by a Principa

Conponent Anal ysi s net hod.

18. A method according to any of the preceding claims, wherein said image

is an image of a human face.

19. A method according to any of the preceding claims, wherein said image

is a natural image.

20. A method according to any of the preceding claims, wherein said image

set includes the original image.

21. A method of recognising an image, the method being substantially as

heteinbefore described with reference to the accompanying drawings.

22. Apparatus for recognising an image, the apparatus comprising:

a. processing means arranged to process the image to provide a

plurality of different processed images;
b. combining means atranged to combine the processed images;

c. teducing means arranged to reduce the data space occupied by the

processed images;
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16. A nethod according to any of clainms 1 to 14,
wherein step c. is carried out by Fisher's Linear

we@sosammmant Anal ysis nethod. 17. A net hod acRCI/EP29g4/052502

to any of the preceding clains, wherein said imge is
an i mage of a face. 18. A nethod according to any of

the preceding clains, wherein said image i s an i nmge
of a human face. 19. A nethod according to any of the
precedi ng clainms, wherein said image is a natura

i mge. 20. A nethod accord[pg¥}o any of the preceding
clains, wherein said inage s includes the origina

i mge. 21. A nmethod of recognising an i mage, the

met hod bell ngenstiiioantd @l drindsd ReE&inRe RIS tﬁ@é%ﬁbﬁféa and

with reference to the acconpanyi hg draw ngs.

Appar at us fisducecpmpoesed gnagesiandgage kberappEanativs of the
conprising:, a. processing nmeans arranged to process
the i mage t9%8FAAdde a plurality of different

processed i mages; b. conbi ning nmeans arranged to

conbi ne ehecqmpubesedednyagesgedto c@dpaiente iraageskey with at
arranged tq_reduce t he data space occupi ed by the
processed i‘fitt§e8e prarouslysto ageikey ofre dnevarimagged
to generate fromthe conbi ned and reduced processed

i mages an image key representative of the inmage; and

e23. conpernasyns pecordingrto atdt andcompred to performgemkedyod
wi th at IeasthﬂS previﬁysly stored i mage key of a

l@ﬁfﬁﬁﬁhrf%@gaély o) ms 1 to

24. Appatatus for recognising an image, the apparatus being substandally as

hereinbefore described with reference to the accompanying drawings.

25. A method of recognising a three-dimensional image, comprising the

steps of :

a. transforming the data space occupied by the image using Fishet's
Linear Discriminant Analysis;
b. generating, from the transformed data space, an image key

tepresentative of the image; and

¢. compating the image key with at least one previously stored image

key of a known image.

26. Apparatus for recognising a three-dimensional image, the appatatus

comprising:

a. means for transforming the data space occupied by the image

using Fisher's Linear Discriminant Analysis;

b. means for generating, from the transformed data space, an image

key representative of the image; and



23. Apparatus according to claim21 and arranged to

performa nethod according to any of clains 1 to 20.
WQ@20050p8000 at us for recogni sing an i mage, the apEHEPR100$052502

bei ng substantially as herei nbefore described with

reference to the acconpanyi ng drawi ngs. 25. A nethod

of recognising a three-di nensional image, conprising

the steps o : a. transform ng the data space occupied

by the i mage using Fisher's Linear D scrimnant

Anal ysis; b. generating, froggthe transforned data

space, an inage key representative of the inmage; and

c. conparing the inmage key with at |east one

previ oust.y nséans éot camppEideethedmage keyowithianbget o®bpreviously

Apparatus for recognising a three-dinmensional image,

t he appar atstpred snpge Ky 2 oW ipagef or t r ansf or mi ng

the data space occupied by the inmage using Fisher's

Li near Di scrimnant Analysis; b. neans for generating,

fromthe transforned data space, an inmage key

representative of the imge; and- 38 - c. neans for

conparing the i mage key with at | east one previously

stored i mage key of a known i nage.



