- 1 | MAGE RECOGNI TION This invention relates to the
recognition of images and is concerned with the
recognition of both natural and synthetic images. By
"natural imge" is nmeant an i nage of an object that
occurs naturally - 5 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 image nmay. be recorded and/ or
subsequent|ly processed by digital neans, but is in
contrast to an inmage i - _that is

gener ated or synthesisggg%§ﬂ%%§%6g§bﬁgpqother

artificial means. 10 The recognition of natural inages
can be desi ~ .. Fop. exanpl.e .
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commercial and industrial applications. Al though sone
face recognition systens proclaimextrenely low error
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useful for identification and security purposes. The recognition of valuable animals

such as racehorses may be very useful for identification purposes.

15 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

representations generated from a University of York (UofY) / Cybula 3D Face

Database.

Despite significant advances in face recognition technology, it has yet to
20 achieve the levels of accuracy required for many commercial and industrial
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 error rates stem from a

number of well-known sub-problems that have never been fully solved. Face



-2- recognition systens are highly sensitive to the
envi ronnental circunstances under which inmages are
captured. Variation in lighting conditions, facial
expression and orientation can all significantly
increase error rates, making it necessary to nmaintain
consi stent image capture conditions between query and 5
gallery images for the systemto function adequately.
However, this approach elim-nates sone of the key
advant ages offered by face recognition: a passive
bi omet.ri i es_not i.re subj ect
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a. transforming the data space occupied by the image using Fisher's

Linear Discriminant Analysis;

b. generating, from the transformed data space, an image key

15 representative of the image; and

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

key of a known image.

Step c. may comprise comparing the image key with just one previously

stored image key, to verify the identity of the image.

20 Preferably, step c. comprises comparing the image key with a plurality of

previously stored image keys, to identify the image.



stored i mage keys. Preferably, step c. is carried out
using a Euclidean distance netric (the 5 L2 nornj,
mahal anobi s di stance netric or a cosine distance
metric. A nethod as above may include a prior step of
rotating and/or positioning the imge to a
predeterm ned orientation and/or position and/or depth
normal i sation. Preferably, said inage is obtained from
a canera. 10 Preferably, said3inage is an inmage of a
face. Preferably, said inmage is an image of a human
face. Pre 1.d i e | S-a,natur I
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t her ethe soppoisbd@dstefappapatduce 4 it of geeOGAl SbidBesavith previously
three-digensignal I mage, the apparatus conprising: 15
a. meHRSe B’ tF4nsf ormi ng the data space occupied by
the i mage using Fisher's Linear D scrimnant Analysis;

b. neans fqr erating, fromthe transforned data .
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C. smeBNSot)f mAANRAkiE ABtahbeméABEL: K& Widdhcal l-gast one
previously 20 stored i mge key of a known inmage. Such

apparatus may be arranged to perform a nethod according
to any of Athehpd ecedivagapspRaE 5 pAdr stdpofirBMERNt Afor | N
this specification, a "2D i nage" means a conventi ona
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(2D) @%Hﬁmxgﬁhﬁh&gl val ues. This may be 5 either a
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intensity (brightness), or the pixels nmay have both

col our andpidi@sishiy irASs QChtied Wihh Shem In this
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nost typically three base col our
10 Preferably, said image is an image of a face.

Preferably, said image is an image of 2 human face.

Preferably, said image is a natural image.

According to another aspect of the present invention, there is provided

apparatus for recognising a three-dimensional image, the apparatus comprising:

15 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

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

20 stored image key of a known image.



val ues such as red (R), green (G and blue (B), which
are often referred to as RGB col our val ues of the

pi xel, although many other nulti-valued 10 _
representations of the colour and intensity of a pixe
are possible. In this specification, a "3D inmage" nmeans
any three-dinensional (3D) representation of a face

or, nore generally, another object. For exanple, this
could be a 3D point cloud, a-3@ aesh, or a 3D surface
representation. In preferred inplenentatiogs hthe 3D

i mage usedg t he
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depths of the face (object) surface reIatlve to sone
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erson, s, face r ot her obj where we kpow t he
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whisc heifhet Dg8yscdle fnht@e, 2erd ﬂ@%&el%fu@@&@é? @(gmrt&meﬁg'xmess) or
points in the 3D imge in the sense that they
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nmet hod of inage recognition; re 2is a flowhart
simlar to Figure 1, to |IIustrate a training node;

Figure 3 i# ﬂnsfsh)étﬂ\ﬁ‘claabﬁ at QDI ia St h@h€ady MAE 'dﬁﬁgnsi%fmlt(g@)
method illustrated in
representation of a face ot, more generally, another object. For example, this
could be 2 3D point cloud, a 3D mesh, or a 3D sutface representation. In
preferred implementations, the 3D image used will be a depth map, which has
15 the same rectangular array, pixelated structure as a standard 2D image, except

that the pixel values now represent depths of the face (object) surface relative to

some reference plane.

In this specification, a “registered 2D-3D image pair” means a 2D and
3D image of the same person’s face (or other object) where we know the

20  correspondence between the two images, i.e. we know which points in the 2D
image correspond to which points in the 3D image in the sense that they

represent properties of the same surface points on the actual facial (or object)

surface.

For a better understanding of the invention, and to show how

25 embodiments of the same may be carried into effect, reference will now be



Figure 1; Figure 4 is a flowhart simlar to that of
Figure 3, but illustrating a variation in which a
particular match is sought; 10 Figure 5 shows exanpl es
of face nodels taken froma 3D face database; Figure 6
shows orientation of a raw 3D face nodel (left) to a
frontal pose (mddle) and facial surface depth map
(light); Figure 7 shows an average depth map (Il eft
nost) and first eight eigensurfaces; 1.5 Figure 8 is a
graph shomﬁng fal se acceptance rate and false rejection
rate reco n|t| st ens, usi ng.
f aci a geL F% ﬁgeg xa%@e t%ctge acc anying ¢ agr%zrm %x&% in
met ri which:Fi gure 9 is a dlagran1of verlflcatlon t est
procedure; - 6 Figure 10 is a graph show ng fal se
acceptance rate and false rejection rate for 3D face
recogni t i ofrigeyest iemglowshargtoaihisirama mns exahdteot 2 method of image
representatlons and distance netrics; Figure 11 is a
char t "t & 818w Equal error rates of 3D face recognition
5 systens using a variety of surface representatlons
and di stan [l bri
degcrlpt|o%gmgﬁigﬁgggﬁgn?%%#%g%ﬁ |oﬁ% %ﬁ?atﬂmﬂngﬁmde
convol ution kernels used; Figure 13 is a table of
surface re e 14 s a
Equal Erro?fR%?gégﬁogg%ﬁ%¥é$§%?e§g?zg%gf Gﬁnmﬂﬂh““mmjm
reprelSentdfions; Figure 15 is a graph show ng
di scri m nant val ues and di nensions for different
surface representation

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

variation in which a particular match is sought;

10 Figure 5 shows examples of face models taken from a 3D face database:

2>

Figure 6 shows orientation of a raw 3D face model (left) to a frontal

pose (middle) and facial surface depth map (right);

Figure 7 shows an average depth map (left most) and first eight

eigensurfaces;

15 Figure 8 is a graph showing false acceptance rate and false rejection rate
for typical 3D face recognition systems using facial surface depth maps and a

range of distance metrics;

Figure 9 is a diagram of verification test procedure;



Figure 16 is a table show ng di nensions selected from
surface spaces for inclusion in two conbi ned systens
usi ng Euclidean di stance and cosine distance 15
metrics; and Figures 17 and 18 show error curves for
fishersurface systens using cosine and Euclidean

di stance netrics. In the figures, |ike references
denote |ike or corresponding parts. In Figure 1, a
canera A captures a 3D i mage -ofs a face and transmts it
20 to a processor B which generates a 3D depth i mage,

dara).  Preteraol T EEh S PRS00 S Pl P oS
7 W tate fon@Ddmoetrh@pnitidh sientshging Gp@RuinSuffileat RekenG 6 s@€d

and r&Fositioned - if necessary - to ensure that it
faces UMt ANE i s centred in the i mage space. (In
general, it may be rotated to any predeterm ned angl e

of rotatio scal.ed at an edet er m ne epth and .
positionedln—Tl “ﬁﬁfs6F§ﬁ@P§¥WWﬁéﬂgﬁ8§fﬁﬁﬁﬁ ?ﬁfgﬁéf?ﬁﬁ@@ﬂ
S5 spageres Mings vt skufade RebrtIRABOds B HREESSHErikd and
three respective, different ways to extract features

fromthe face. Many different imge processes may be
adopt ed - €iggre Y685 biidiMRSipUeR)f €lirFace edptescBEDAs WiBJE
processes mﬁIL b? known to the skilled reader. One of
the prgteuiskenclysadd E could be a null process 10
i.e. the raw image is passed through fromN. The

feature extractj,an gé aqal Si s processes produce a
nunber of REWPrdteEBER! S HEE LFRETIALS: be t he same
size as the input or may be of different sizes -

typically, <t hey ,may be | arqger TQgs, t this point
t Kgr eis aﬂ%?%lé lsa%%rﬁﬁl? toosfh%?ffaptaélf‘l Tl }?”ttesifgr %Efg’ie?ta*ﬁffécet 0
r educeptetingatio; F, G and H, a transformation step is
performed in which the 15 processed i mage out puts from
C, D and E are analysed to extract inportant data

Figure 15 is a graph showing discriminant values and dimensions for

different surface representation;

Figure 16 is a table showing dimensions selected from surface spaces for
inclusion in two combined systems using Euclidean distance and cosine distance

15 metrics; and

Figures 17 and 18 show error curves for fishersurface systems using

cosine and Euclidean distance metrics.
In the figures, like references denote like or corresponding parts.

In Figure 1, a camera A captures a 3D image of a face and transmits it
20 toa processor B which generates a 3D depth image, together with a 2D texture

image (colour or greyscale data). Preferably, the 3D and 2D data are registered



and reject data of low or no significance. Many net hods
of analysis will be known to the skilled reader and

i nclude, for exanple, Principle Conponent Analysis
(PCA), Principle Curves, Information Maximnsation, etc.
The end result is to produce data of a smaller size
than the input, occupying a subspace 20 preferably an
opti mum subspace - of the original set of data. The
information extraction nethed7is applied to every

i mge output fromC, D and E. The outputs of processes
F, G L a,set of. v
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F, > Gpragtd H may be conbi ned, and |nS|gn|f|cant bits
discarded The i mage key fron1| is conpared at J with
prior stored keys at K, to produce a measure of
sinilarityAwCtR A&, diedmeer ikpypsesstyin e sesprctive, diferdne ways
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reader, suc ean
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a final ﬁld at M_Figure 2 illustrates hom1keys are
car
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above are repeated until step I, where the I nage
of t héo%ﬁ@miqdﬁmﬂuf@bespbn@dpmesaed 1m/3gr:sahzttemaméttlth/®atrxa size

t he ods .of H
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1, which then undergoes transformation in a single

At F, G and H, a transformation step is performed in which the
15 processed image outputs from C, D and E are analysed to extract important data
and reject data of low or no significance. Many methods of analysis will be
known to the skilled reader and include, for example, Principle Component
Analysis (PCA), Principle Curves, Information Maximisation, etc. The end result
is to produce data of a smaller size than the input, occupying a subspace —
20  preferably an optimum subspace ~ of the original set of data. The information

extraction method is applied to every image output from C, D and E.

The outputs of processes F, G and H comprise a set of vectors, which
are combined at O to produce a single vector called the image key I. Many
different combination methods can be used — for example, simple concatenation

25 (end-to-end), superimposition, etc. The vectors may be normalised before input



15 information extraction step (subspace nethod) at G
to produce the image key, which is conpared at J as
before. Figure 4 illustrates another variation where
the key image is conpared at J with just a single
stored i mage, and a subsequent threshold step at |
indicates either a Match or No Match as output. 20

Fi gure 4 shows conbi nation of the vectors 0, 1 prior to
t he subspace transformation-pgocess G However, it

wi ||l be appreciated that, alternatively, subspace
proce U asy .. G and H may  be. lied prior t
vectég%fg%ﬁggﬁgff%ﬁg S%%%‘5?“1ei81n6?BﬁP“§8f¥ﬁvﬁ?ﬁﬁ$@n1R
1. - ©and H genes @mbiesbodi inRetiScadf bitshieschayENt i on may
process 3D i mage data, 2D inmge data or both. Although
a canera Ais shown in Figures 1 to 4, the inmge(s)
may cone fTbmnagy keufrdrablisecosputedesr | Weh @fiod figredRdYs LOK, to
Figures.5 to 12, .consi der enbodipents in which, by
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| evel s of accuracy can be achi eved when perform ng

r ecogh#thiae#. 6iF- a | ar ge dat abase of 3D face nodel s,
captured under conditions that present typica
difficulties to the nore conventi onal two-di nensiona
appr oachesThe quRR{FiEen 155t Sroasbire sertegsnt faandeuge ept b st
rates, qnd false rejection rates, taking the 10 equa
error rate as a single conparative value. W identify
the nost effective surface representations and

di stance MEGfide OSIds@aRSh S ﬁgzs LR SHEDADPL, AN BHRAS
as security, surveillance,” data conpression an
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15 relying purely on geonetric shape, rather than the

col our andyf aidiife 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

15 information extraction step (subspace method) at G to produce the image key,

which is compared at ] as before.

Figure 4 illustrates another variation where the key image is compared at
J with just a single stored image, and a subsequent threshold step at K indicates

either 2 Match or No Match as output.

20 Figure 4 shows combination of the vectors O, I prior to the subspace
transformation process G. However, it will be appreciated that, alternatively,
subspace processes such as F, G and H may be applied prior to vector

combination transformation O, I, as in Figure 1.



i nformati on avail abl e i n two-di nensional inmages, we
render the systeminvariant to lighting conditions, at
t he expense of |osing the distinguishing features only
avai l abl e in colour and texture data. In addition, the
ability to rotate a facial structure in

t hr ee-di nensi onal space allows for conpensation of
variations in 20 pose, aiding those nmethods requiring
alignment prior to recognitioeng Lt is to be

appreci ated, neverthel ess, that 2D data coul d be used
in addition to 3D data - or.,.as an_.alternative, Here we
use faci al 9%%? %lzggm SUFent R SH PYSHPR B B‘Ef’éeﬁsrg@elf%‘ge dada,
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I mages. W take a w=ell-known 25 nethod of face

r ecogMiPB5(BinayfamsI Pt My seitthnTosEs approach descri bed by
Turk - 10 and Pentland [Turk, M, Pentland, A :
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this thod of face recognition, we have used a [arge
dat abSHSae PIERiEts HisdeeR A IagtHe A falsgrgiscrion aecaraling the
mep hads : [ Lly e ed
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(al t heprgntaiighlyd deaongr ateeles arte vodd ie suclapplicatoe gtehs dsReturity,
the subject to remain. perfectly still. Stereo vision
technslmd)ﬁ]gaém%rd%mﬁ%rfl %reisgné%{)f‘rg}‘?\ée %i‘rc}&“g aster rate wthout
using lasers, but feature correlation requires regions

of contrasi, and Sty Q%je kocal text ure; t hi t hat
cheeks and for eheeag FOET Retier gnfku.se E%rig?%(g_géoré?léé}%ns,
t hr eeligiimensendlhd goblche cagmbhly asobiagd WaR@®eognition. By
r % ativel upexpl ored, when
relying %ure y on geometric shape, rather than the colour and texture
information available in two-dimensional images, we render the system invariant
to lighting conditions, at the expense of losing the distinguishing features only
available in colour and texture data. In addition, the ability to rotate a facial

sttucture in three-dimensional space allows for compensation of variations in

20 pose, aiding those methods requiring alignment prior to recognition.

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

addition to 3D data — or as an alternative.

Here we use facial surface data, taken from 3D face models, as a
substitute for the more familiar two-dimensional images. We take a well-known

25 method of face recognition, namely the eigenface approach described by Turk



15 conpared to the wealth of research focusing on

t wo- di nensi onal face recognition. Al though sone

i nvestigations have experinmented with 3D data

[Benmier, C, Acheroy, M: Automatic 3D Face
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smal | tht esbsei&et® mfth@D df agegmtoefasesaking siaek-gianreadionl fiatee
nodel s to enhance two-di nensional inages prior to
recogii'ti"n [zhao, LV.., Chellaa, R 3D Mbdel Enhanced
Face Recognition. In Proc. O the International

Conf er ence, on | g SSi ng, .Vancohlver

-.11 .Pro
(2000)], [ RordRaf St s gyt B (22 tenision, v hive g a large

| dentdatabasataf G faye mbildld, | Mgy e BrivbeRhab e HMadel 319 $hdug
Li near Shape and Texture En-or Functions. The European

Conf ¥°8fe 0BT GrPIRFeditemuse 2Oy scanpBE seipryent. Such
Reyd h@g’}'&ms @thougﬁgﬁr'%ﬂyi z1cgur;¢1te) FaGRed Q@\p trh&%&%%h%b@e%g g S2main

D fferent Pose umnations W't e
Model petfactly sPil.oStereofvistongednjubErEallonf @pance admstArERwithout

2002)]. .However, this research denonstrates that the
oo ob e Tk b DR tien O Eo it s s
to ieREeY®nfatt; heCaghistah@forvlb dQ@NLQl@ @!acf(.h?optHEJCQEHsons,
state of the art. Wth the enmergence of new

t hr eehgrEnioRdifacs aproaridon btsitprreined refsopll wnciklpredf wiaen
Eoeromkes A R BRI AR R PSRBT oot ™
f aci Itetoghiting Alésegh edind by atiphioeehde rensinenat WitdG® data
rec o%ﬁiﬂsﬂiz’eg 'lt,t/?fge%,% 0 %t}‘omatz'c 3D Face Authentication. Image and 1V ision
Computing, 170l. 18, No. 4, (2000) 315-321), {Beunier, C., Acheroy, M.: Automatic Face
Vertfucation from 31D And Grey Level Clues. 11th Portuguese Conference on Pattern
20 Recognition, 2000}, [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, Illinois (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 Recognition, (2000) 233-8), they have had to
25  rely on small tests sets of 3D face models or used generic face models to
enhance two-dimensional images prior to recognition [Zhao, W., Chellaa, R.: 3D

Model Enbanced Face Recgnition. In Proc. Of the International Conference on Inage



Previ ous research has explored the possibilities

of fered by three- dinensional geonetric structure to
perform face recognition. To date, the research has
focused on two-di nensional images, although some have
attenpted 15 to use a-priori know edge of facia
structure to enhance these existing two- dinensiona
approaches. For exanple, Zhao and Chel | appa [supra] use
a generic 3D face nodel to noryalise facial
orientation and lighting direction in two- di nensiona

B R

t Wo- iR 5 3D HaBlE Rl ode IRGLT AN SHBESA TR 2D ERY /X 18815 8T he
prototype image of the frontal pose equivalent, prior

to reE@gHIt ¢ e Qrdary BrgA02 Bamy TAnRIAdins S. Though:
this ech, 1 M1 . ot S
R i AR e A e T
rank Bbe of2s)" IBEEOQAMEre i ABGR 2090t Hoaeer,whik PR&SEd i n
LS R RaR T RO TS o R B pin
Tabasisiprove. facea@dﬂ)%nitiog Yl b@ﬂohd R utre Q04 ofMELY] fMLand
Summary. http://ww. frvt. org/ FRVT2002/ docunrent s. ht m

Mar c e 2gmss pf neshddergmertimnalpagare apipreot, poprlaimnmg a large
Ronmdhagi etter's. 3D habl de
techﬁ?gﬁgegh%%éeﬁgﬁﬁ¥af‘@%&ﬁ%@%ﬂ%??%%%?begggﬁﬁ&we

appl i edYt/CyblieashaRD 1o’ profadt drdisfing Phedrtpmio Bret-dimensional face
Wechsler, H , .Huang, J., Rauss, P.: The FERET dat abase
and evEtEtenssripe88edure for face recognition

al gorithnms Image and Vi sion Conputing. J, Vol 16, No.

5, (1998) 295-306]. Bl.anz, Rondhani .and Vett supr aj
take a con%?f?”%f %‘JS%%}EE\E’I’E]OIE r g)oéSIbLEUE‘P; B?tlﬁ’ﬁ? %ﬁ. Fe
f ace dmE@fiodaDgedidiricRirhélentb bGahi Ak Qtogi%gofn.a% dafEBGesS -
Beginning with an initial estimate of Tighting
di r ecFicafthdatioraed os hupdimmeintH anigeatalthpughispae hrveagieyppred
ahbers SOaRRoANMIELE UF G ARLATRE LS00 L B SREPRAR]
face m)deflg3 “m i m% ng 8@?‘{[‘3 eénce to The ¢ em%ng Rid
t wo- dlimemsirohapipraanige FoThesglepadhaneidalislahe [#heuse a generic
3D face model to normalise facial orientation and lighting direction in two-
dimensional images. Using estimatons of light source direction and pose, the
3D face model is aligned with the two-dimensional face image and used to
20  project a prototype image of the frontal pose equivalent, prior to recognition by
Linear Discriminant Analysis. Though this approach, recognition accuracy on
the test set is increased from approximately 81% (correct match within rank of
25) to 100%. Similar results are witnessed in the Face Recognition Vendor Test
(FRVT) [Phillips, P.J., Grother, P., Micheals, R.]., Blackburn, D.M., Tabassi, E., Bone,
25 J.M.: FRVT 2002: Overview and Sunmary.
http:/ [ wwmw.frot.org/ FRVT2002/ documents. b, March (2003 )], showing that pose

correction using Romdhani, Blanz and Vetter’s 3D morphable model technique



taken as features for identification. 10 Al though the
nmet hods di scussed show t hat know edge of three-

di mensi onal face shape can inprove two-di nensional face
recognition systens by inproving normnalisation, none
of the nmethods nentioned so far use actual geonetric
structure to performrecognition. Wereas Beum er and
Acheroy [.apra] nake direct use of such information,
generating 3D face nodel s using an 15 approach based on
structured i ght deformation, Beum er and Acheroy test

vario t.hods of matchin f ew of

wh o e SR G Bt PR Do tt G STyt gt .

| nef f wediev e, Bnsg (1o R, et FERETORWRS1P OLinbiRP ﬁ%ctm’z/re Jfor face
enough to prOV|de accurate recognition. Howeve

Beumn @rsrantyrieeties reaned & siog Sheprtieg. At éG.eNe éa(é@%at@weﬁoa]
error rates using curvature values of vertical surface
20 profiles., Verification tests carried out on a

dat abase oP!280 Rnurshral 396 oteclared) vkt 2 cerpurble sinseach, using a

betwegh mz)r}%é%’eqm R8P a!uhﬁ i gﬁ%%h %ﬁbﬂ)%ac%lléqr%g.gPegnmng

surfaces and between 6.25% an when
al i gnwetntn ! asgmate oChiglaingtdiradtioh sug faa siapk R andhiahif € alent

appra I in non-rigid surfac recog t|on
techn?aaﬁgglyg lger%/ ‘gteétﬂlt%i}’é’fﬂlﬁ‘?eéers ﬁtﬁd‘é éﬁﬁi‘glel facerrsisl t o
I dentrhinyniging chfﬁ&n@é(lor tﬂ@twcf Higedsira@ RS200f ThAE 'p@ilameters are then
sur f aces, creat| ng a systeminvari ant to facial

expr daknan featrpies fopident tcéfl*qnstl c used to identify these
rigid areas and ultimately - 13 distinguish between

faces is the point signature, which describes depth
val ues éf% ihgmrdedt dragied faovphaskeeiledge opdirest s on

t he f&%&,ﬁ gl c s wo_f.
I s conput eod by efﬂsfl;]l]enet ng?lﬁfgo%h% %g%pé‘?lf%gégfiéﬁ C{':LDS%‘L-I%S

uni que lmpmvmg rsxrlgmlanmmesorﬁecxrf tke«amhthf)é\scxeentlodlemm fak a@tacanl
tests §howt at th ne robelégfr%g)J 5|d ntifi
QBpI |

corr €80Ty F SF AT “PREFTE K et odMt %g‘ Aot
30 dﬂf]{bﬂ] falpsdiftt us@ ofl blfcfl eifBfthatid8ARh&ating 3D face models using an
15  approach based on structured light deformation, Beumier and Acheroy test
various methods of matching 3D face models, few of which were successful.
Curvature analysis proved ineffective, and feature extraction was not robust
enough to provide accurate recognition. However, Beumier and Acheroy were
able to achieve reasonable error rates using curvature values of vertical surface
20  profiles. Verification tests catried out on a database of 30 people produced equal

error rates between 7.25% and 9% on the automatically aligned surfaces and

between 6.25% and 9.5% when manual alignment was used.

Chua et al [supra] take a different approach, applying non-rigid surface
recognition techniques to the face structure. An attempt is made to identify and
25  extract rigid areas of facial surfaces, creating a system invariant to facial

expression. The characteristic used to identify these rigid areas and ultimately



Coonbes et al [A. M Coonbes, K Richards, A Lanny, 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]

i nvestigate a nethod based on 10 differential geonetry.
Curvature analysis is applied to a depth map of the
facial surface; segnmenting the surface into one of

ei ght fundanmental types: peak,;7yi-dge, saddle ridge,
mnimal, pit, valley, saddle valley and fI at Coonbes

et al two faces .nay be dls ui shed by
conparf’nﬁlgg\%%ﬁ%tﬁe F?féﬁ@ﬁ@%mﬁl%?ér? % 5 depth valdes
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average male 15 and fenale TPace structure shows
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I néorigonditésorkedt furell plecqmaw}lesedplpm to lal&tslﬁ get b@B(bl dejgpidips of
and Jggtature i nformati on extracted fromthree-
di men&HHRS BB nodel s, Gordon identifies a number of
facial features, from 20 which a set of neasurenments
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and eygmpkidit zecﬂ'}ﬁz&ﬁoffcf[@ bkl B B Sl T 8o 8 AhAdahR8kiohs3 Sy for
Fisher's Linear Discrimnant, determning the

di scrawHEEREBEI 4.1 998195 TPridiwtigtired medad brssd on

d ental geo S a alysi 038 4 Caci
CEncL A0S, SHEMA SRy L8 R o A 985
r ecogsmrfatteomgxmtmmgehssuegaee mcdd}ﬂ'tajfalgﬁt fraden@in] vkt ek, ade:,

| ess us Recogni.ti [ erforne means of a
si mpl %8 %Eﬁ%ed%“ Tl b é(%gé Sﬁéﬂguﬂé’?‘ﬁl $%a¥%%b§§é@éugg65t
Severh: (oMb BN&s@Houk Rt &% aﬁ@g Vest adviighag a

dat abase of 24 facial. surfaces - taken from 8

di f f efastificagenpf @H@bﬂ@gj@@mg Ae]smqt@we arrrféusm of Hreowe7ge 8%
{95 10QH0re il EECL REENRS i8R QN0 REQVE QU Yohead

erei1s litt | I'TEHSI ona ace
shape and cheek bone position between faces of djfferent gender.

Another method, proposed by Gordon [s#pra], incorporates feature
localisation. Using both depth and curvature information extracted from three-
dimensional face models, Gordon identifies a number of facial features, from

20  which a set of measurements are taken, including head width, numerous nose
dimensions and curvatures, distance between the eyes and eye width. These
features are evaluated using Fisher’s Linear Discriminant, determining the
discriminating ability of each individual feature. Gordon’s findings show that
the head width and nose location are particularly important features for

25 recognition, wheteas eye widths and nose curvatures are less useful. Recognition
is performed by means of a simple Euclidean distance measure in feature space.

Several combinations of features are tested using a database of 24 facial surfaces



publicly avail able at present and nothing towards the
magni tude of data required 5 for devel opnent and
testing of three-di nensional face recognition systens.
Therefore, we have collected a new dat abase of 3D face
nodel s, collected at UofY/ Cybula as part of an ongoing
project to provide a publicly avail able 3D Face

Dat abase of over 1000 people for face recognition
research. The 3D face nodels gre generated using a
stereo vision techni que enhanced by |ight 10 projection

to proyvi a ghgher deqsit of features. Fach face
model 2 ?ffﬁ‘? 8 SHEerent pRople PEFIEING SRR Rgire 5o B0 8%nierig0%
f r om adpdeemithiesnodel is generated in sub- second
processing tinme. For the purpose of this evaluation, we
use a subset of the 3D face database, acquired during

prel i m nar ys éahaomd Pddsdusly O erd @SIGHOMSee-dlkSickaE face data
consists 15 of 330 face nodels taken from 100 _
di f f STOHEY pedtileturerant 304 @obddryighthesrantiude of dpiagequéred
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the face nodel s generated for each person are shown in

Fi gurigodsls arggsneiied ysig elssrogrisian wehadue snbaneeddBllighi | e

f 95 MBl ok i QTP iSRG R AL AR data). and; .
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or i erdirgfe shot mismneitli 3Dicanca) fen wthivn thasbdd ésenihed in sub-
her e) be%ore bei ng converted 25 into depth maps. The

dat ab&§S¥“iPE°FHEs S8parated into two disjoint sets: the

- 15 training set consisting of 40 depth maps of type

01 (see Figure 5) and a test set of the remainj 290

dept h naps?o%%ﬁ %%??ﬁﬁt%?eg#ﬁﬁeﬁbvﬁP%aEgﬁﬂﬂgﬁ%hgggﬁﬁmn

i N database, acquired during preliminary data acquisition sessions. This set consists
15  of 330 face models taken from 100 different people under the conditions shown

in Figure 5.

During capture, no effort was made to control lighting conditions. In
order to generate face models at various head orientations, subjects were asked
to face reference points positioned roughly 45 degrees above and below the

20 camera, but no effort was made to enforce a precise angle of orientation.

Examples of the face models generated for each person are shown in Figure 5.

3D face models are stored in the OB] file format (a common
representation of 3D data) and orientated to face directly forwards using an
orientation normalisation algorithm (not desctribed here) before being converted

25 into depth maps. The database is then separated into two disjoint sets: the



Figure 5. Both the training set and test set contain
subj ects of various race, age and gender and nobody is
present in both the training and test sets. 5 1t is
wel | known that the use of inage processing techniques
can significantly reduce error rates of

t wo- di nensi onal face recognition nethods, by renoving
unwant ed features caused by environnental capture
conditions. Much of this envirpnnmental influence is
not present in the 3D face nodels, but pre- processing

may sti.l.l aid recognition by makin I stingui shing

f eat UFEE o7 80%6“%5%4 Afdc‘%ﬁh Wyiﬁ’stogitg’%soi &¥°F }gu\t,s‘e% 3B E f5ShEst
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recoggltlon error rates. These surfaces are derived by
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different. depth ma f the same face project to
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faces project to far apart points. Ideally, we wish to
extract the 25 region of {hi ace that, contains
facial surtacestPret u%eedethlﬁgagilﬁrguﬁgaic%??éﬁ By 2pRjicgion of g
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15 approach to that described by Turk and Pentland [spr] and used in previous

investigations.

Consider our training set of facial surfaces, stored as orientation

normalised 60x105 depth maps. Each of these depth maps can be represented
as a vector of 6300 elements, describing a single point within the 6300

20 dimensional space of all possible depth maps. What’s more, faces with a similar
geometric structure should occupy points in a comparatively localised region of
this high dimensional space. Continuing this idea, we assume that different
depth maps of the same face project to nearby points in space and depth maps
of different faces project to far apart points. Ideally, we wish to extract the

25  region of this space that contains facial surfaces, reduce the dimensionality to a



map subspace. In order to define a space with the
properties nentioned above, we apply principa
conmponent analysis to the training set of Mdepth maps
(in our 5 case M= 40) {FI,1 2,1"3.... Fit}, conputing
the covariance matrix, A= 1I1fi, mm... 11 C1l , ID
Were ,,is the difference of the nth depth map fromthe
average tp. Eigenvectors and ei genval ues of the
covariance matrix are cal cul atgd_using standard |inear
nmet hods. The resultant ei genvectors describe a set of

axes W de e .dept h. pace, i ch nost
Tars e calir S P e TR e o SR MG He depth

corraﬁgpﬁ@qﬁgeelgenvalues represent the degree of this
variance along each axis. The M eigenvectors are
sorted in order of descendi ng eigenvalues and the Al
great est eimgerdvestdafise { ipdcouith 8 $heBrMds mendledabbve, we
chosen }o represent surface space. The effect is f hat
we haPe YrPéla*a‘Bélchffﬁeﬂ%ﬁt ARSI éhe. tajnipg st REMsjsademapsdin our
N5, aeivmRiglal ed,a. i ahohel, O NAkLANGE.BEL ween
facial surfades t r oughout e 8 th map subspace.
W term each ei genvector an elgensurface cont ai ni ng
6300 el enments (the nunber of depth values in the
original depth maps) which can be displayed as range
i mges of the faci al surface prjn &gag component s,
shown in Figure 7. + _ nge syr%a@e épace has been
defi ned we project any’ ;%ce into surface space py a
sinple matri x nultlpréatlon usTh@?Ehe elgenvecgors
calculated from the covariance matrix in equation 1;
nF =uf (1'-"F) fork = 1...A"

Where @;is the difference of the #th depth map from the average .
Eigenvectors and eigenvalues of the covariance matrix are calculated using
standard linear methods. The resultant eigenvectors describe a set of axes within
the depth map space, along which most variance occurs within the training set
10  and the corresponding eigenvalues represent the degree of this variance along
cach axis. The M eigenvectors are sorted in order of descending eigenvalues and
the M" greatest eigenvectors (in our system M~ = 40) are chosen to represent
surface space. The effect is that we have reduced the dimensionality of the space
to M’, yet maintained a high level of variance between facial surfaces throughout

15  the depth map subspace.

We term each eigenvector an eigensurface, containing 6300 elements
(the number of depth values in the original depth maps) which can be displayed

as range images of the facial surface principal components, shown in Figure 7.



(2) where Uk is the kth eigenvector and Wk is the kth
weight in the vector SST 5 =[w1l1, n2, w3, ... tors].
The M coefficients represent the contribution of each
respective eigensurface to the projected depth map. The
vector Qis taken as the “face-key' representing a
person's facial structure in surface space and conpared
by either euclidean or cosine distance netrics. d e. ne
(3) I'n addition, we can al so-diwvi-de each face-key by
its respective 10 eigenvalues, prior to distance
calculatlo%m£
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acceptance (the two faC|aI surfaces match) or

r ej edff BYYALHIE MARS: 8 sArateBd: do not match) is deter ni ned
by applying a threshold to the calcul ated distance-
Any conpari son producing a distance bel ow the 15
threshold i s consigefedsgn gaceptrange. |n order to

eval uate the effectiveness of the face recognition

met hods, we carry out 41,905 verification operat?dons on
the test set of 290 facial surfaces, conputing the
error rates Eroduced see F“%ure 8) Each surface in

the test s&PCF&ES SEERCERT BRAep S e et weghtfinghe veprgr 7

| MBge= {§, v tOMPabef MM kdepdidn a0 eﬁeﬂme%ﬁ&lbhéon of ea
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are ¢ a <18 of. incorrec
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t hr edlycltter cApjpleyti drg-oaink digeaceahettiit eshol ds produces a
series of FAR, FRR pairs, which are plotted on a graph
as shown for our benchmark systemin Figure 9. 5 The
Equal Error Rate can We seen as b@ﬁ p0|nt mheregFAR
equal s FRR Dovcidean = |20 =2 d,, =1~ ”Q "“Qh”

In addition, we can also divide each face-key by its respective

10  eigenvalues, prior to distance calculation, removing any inherent dimensional
bias and introducing two supplementary metrics, the mahalanobis distance and
weighted cosine distance. An acceptance (the two facial surfaces match) or
rejection (the two surfaces do not match) is determined by applying a threshold
to the calculated distance. Any comparison producing a distance below the

15  threshold is considered an acceptance. In order to evaluate the effectiveness of
the face recognition methods, we catry out 41,905 verification operations on the
test set of 290 facial surfaces, computing the error rates produced (see Figure 8).
Bach surface in the test set is compared with every other surface, no image is
compared with itself and each pair is compared only once (the relationship is

20 symmetric).



We now present the results gathered fromtesting the
t hree-di nensional face recognition nethods 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 error curve calculated for the
basel i ne system (facial surface depth 10 maps) using
the four distance nmeasures described earlier. The
results clearly show that divigding by eigenvalues to
normal i se vector dinmensions prior to calculating
di stance val ues siggificané%& decreases error rates
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information for face recognition. The horizontal
derivatives give the |lowest error rates of all, using
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particul arly high. However, which is the nost

ef f echPVR S FrPaE s efsulssefontr brsclreeiaendiabel sdepenigpit
0ot Nea,fl ShANGE AR ULl e HORM QL apMRANILSON (see Filgure

10), except Tor curvature representations, which 25 are
general ly |l ess distinguishing, regardless of the
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nature of the nost effective surf representations
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t hat ing-these representations wll.red rrar
fi
rateso?u?lﬁgggm*ﬁgwe gf%?mﬁnﬂmgagF??ﬁﬁ’W%hgﬁgﬁﬁﬁgﬂﬂﬂ§
used distadct grivelidglihe Weveb@SIER aTRAMIBR o @f cusits v produced for all
15 surface representations and the EERs taken as a single comparative value,

presented in Figure 11.

It is clear from the EERs shown in Figure 11, that surface gradient
representations provide the most distinguishing information for face recognition.
The horizontal derivatives give the lowest error rates of all, using the weighted
20  cosine distance metric. In fact, the weighted cosine distance returns the lowest
error rates for the majority of surface representations, except for a few cases
when the weighted cosine EER is particularly high. However, which is the most
effective surface representation seems to be dependent on the distance metric
used for comparison (see Figure 10), except for curvature representations, which

25 are generally less distinguishing, regardless of the distance metric used.



5 conbi nati ons by concatenating the face-keys projected
from nunmerous surface spaces, attenpting to utilise

di stinguishing features fromnultiple surface
representations. The results for which are shown in
Table 1, calculated by applying the weighted cosine

di stance neasure to the extended face-keys

conmbi nations. 10 Table 1. Equal error rates of surface
space conbi nati on systens Surf@ace Space Conbi nations
EER Sobel X, Sobel Y, Horizontal gradient |arge,
vertical 12,1% .gra ien%lLa | aci.an, Hori zontal gradient
| arge, ver t1°€4P “GroadiCent* 1 .%ééﬂFéPﬁ%eﬁgﬁV%EF S Sobe
X,  HofepZedhiond (haelk &M andioértig® Bdlatided), wh hiohQladent

| arge, vertical gradient, vertical gadierit |arge W
have SHWE BRgtrerrewkelaionroiedugpergimepsiiohet Tharséore, in
reco - r_use o
thregggﬁhgggF%ﬁggggggggﬁggggggP#S%fég ave “beéh Carri ed
oub owmbihaipgebdatnahasengthetfhredeydiroleaisd @l nub@eddlsurface
surfaces, 15 caFtuggﬂ quer.cond%%ion t hat present

t ypi CRFCG FFTRHPE (OS85 g R 1P e toarByiipkisBrace The
err orrepRt@SaRhodue eduky BMAREGH Mewh M e840 NMRBSLODNE
systens are significantly lower that those gathered in
si mi | @Plyingpbe waghied copsieriptange megiuprem shomadndedragebeys | t

i s clean;that. three-dinensional face recognition has

di stinct advant ages over conventional two-di nensiona
approaches. 20 Working with a nunber of surface

r epr esent atyi , [ t . L al
sSPface grg%?gztEﬁgﬂE%¥§mg#§g§¥ﬁ%§&?gfngg€%%§%'¥§Hmthan
depth and - 20 curvature representations. In

particul ar, hori zppkel spERAtSHbR.RbR0UCe The T OpER!
Sobel X, Sobel Y, Horizontal gradient large, vertical 12.1%
gradient
Laplacian, Horizontal gradient large, vertical gradient 11.6%
large
Laplacian, Sobel X, Horizontal gradient, Horizontal 11.4%
gradient large, vertical gradient, vertical gradient large

We have shown that a well-known two-dimensional face recognition
method can be adapted for use on three-dimensional face models. Tests have
been carried out on a large database of three-dimensional facial surfaces,

15 captured under conditions that present typical difficulties when performing
recognition. The etror rates produced from baseline three-dimensional systems
are significantly lower that those gathered in similar experiments using two-
dimensional images. Itis clear that three-dimensional face recognition has

distinct advantages over conventional two-dimensional approaches.

20 Working with a number of surface representations, we have discovered

that facial surface gradient is more effective for recognition than depth and



error rates. This seens to indicate that horizontal
derivatives provide nore discrimnatory information
than vertical profiles. Another advantage is that
gradients are likely to be nore robust to inaccuracies
in the alignnment procedure, 5 as the derivatives wll
be invariant to translations along the Z-axis.
Curvature representations do not seemto contain as
much discrimnatory informatign-as the other surface
representations Vé find this surprising, as second
derlvat|¥3%l§ u tn i itive to inaccuracies of
ori entation and rf f é’ﬁlgl arf P%ch "0 élz?‘ﬁél gAdiEpispro pwest
thi s eatlgledelts seaht ecihiione #H: Béridpat@auates idvie de) e
resol ytion, which could be the cause of the noisy

cur vat BiEiaRey éfsfoﬁr?meP danerenizal prefdes fygother edvadiage hnlkese

metri %édlgﬁ@aéh qﬁorte I?(?Du%pt%l n§a c19'£ e{ﬁﬁ n%gdel%}m%nﬁ pf%:gdure,

face-key conparlsons as a consi era

r eSul ssithgdevatores walttesnvaripnite traadlsonesbietht 7t hat

di viding each face-key by its respective ei genval ues,
normal i sing 15 di mensi onal distribution, usually

i mproves rg@ﬁ@@@?ﬁpﬁﬁﬁmnhnEd@h®@@ant@ﬂ@uﬁmghmedl

di sta I ndi.cat e mensi onal . di s
|snﬁ%%%&?ﬁmmmgﬁé®%&%%@ﬁﬂWﬁW£ﬁﬁs

abi | i suypriing, 4sRedons deifiatieesSPALE baksBsciil-8o RREQRIR s ofIOr €
di scri m native when distributed evenly. However, this

i's notUPRECR HXETIERICORYRRE OF ZsTS dé@ v eptiseniddid aonection
Wi bh JFI%@%U&E% moﬁHg%ﬁ.{m'ng\x}'hP@Emﬁ e ganSC of the nois

representations incorporate on w dom nant usef u
conponentse inygesch Figoet e nasked mhen nornallsed with
the majority of less discrimnatory conponents. The

wei ght ed cosi ne di stance produces the | owest error

rates for fTpng ﬁﬁf@cﬁlﬁﬂlye@ﬁet%r}@aé@“mebmel%qhoax|0<5m;t;hod for

i ncl I%géegg%rtcgrg 281@5111 W, 2 nggcﬁmable al? eft onl TELL fesultmg( rror raﬁehslghs

prov anS 0O Cco ne nu ace-
at t empdo evdent tRdk dividing each face-key by its respective elgenvalues, normalising

15 dimensional distribution, usually improves results for both Euclidean and cosine
distances. This indicates that dimensional distribution is not necessarily
proportional to discriminating ability and that surface space as a whole becomes
more discriminative when distributed evenly. However, this is not the case for
some of surface representations with higher EERs, suggesting that these

20  representations incorporate only a few dominant useful components, which
become masked when normalised with the majority of less discriminatory

components.

The weighted cosine distance produces the lowest error rates for the
majority of surface representations, including the optimum system. This metric

25 has also provided the means to combine multiple face-keys, in an attempt to



utilise advantages offered by nunmerous surfaces
representations, reducing error rates further. W have
managed to reduce error rates from 17. 8% EER, obt ai ned
using the initial depth maps, to an EER of 12. 1% when
the nost effective 5 surface representati ons were
conbined into a single system These results are
substantially | ower than the best two-di nensiona
systens tested under simlar- gircunstances in our

previ ous investigations, proving t hat geonetric face
structyre VIHaeSOH%de rlrecogSS }on when

i ndependent [y 47 om corddr™ h g %?d?%ﬂxﬁ¥%?ﬁﬁ?ﬁ%ﬁ¥%ﬁﬁ”
capabhesﬁﬁ&aﬁhleV|ng hi gh | evel s of accuracy. G ven
that 10 the data capture nmethod produces face nodels
invariant to lighting conditions and provides the
ability toVﬁﬂ@mgnh&%aﬂaﬁﬁsmkegﬁfdﬁ@SﬁxmfI$m$BﬂL@Bhﬁﬁd

this s icularly attractive for use in_
sec ur‘i‘s%/ gﬁ‘&“@ﬁ% B PR e gja% 1 'Gridhen ge meetleste t o
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I nt ernational Conference on Automatic Face sture
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31) Nbde ned Face. Recognition., In Pro O the
U oD NSRS aRE i B R e apiRgions
Vancouver (2000)], [Ronr dhanl S., BI and V., T titter,
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Model using Linear Functi ons.
The European Conference on Conputer Vision (2002)],

e, 5 g Bt i Yobbty TenlP9 2 e
ndb h laaB BrAiligepbaBegNbael’s, Na. Pr (600) 315-321), [Gordon, G.: Face
Recognition Based on Depth and Curvature Features. In Proc. of the IEEE Computer
Society Conference on Computer VVision and Pattern Recognition, Champaign, Ilinois (1992)
108-110], [Chua, C., Han, F., Ho, T.: 3D Human Face Recognition Using Point
Szgnature. Proc. Fourth IEEE International Conference on Automatic Face and Gesture

20 Recognition, (2000) 233-8), [Zhao, W., Chellaa, R.: 3D Model Enbanced Face
Recognition. In Proc. Of the International Conference on Image Processing, 17 ancouver
(2000)], [Romdban, S., Blang, 17, Vetter, T.: Face Identsfication by Fitting a 3D
Morphable Mode! nsing Linear Shape and Texture Error Functions. The European
Conference on Computer Vision (2002)], {Blanz, 17., Romdbani, S., 1etter, T.: Face

25 Identification across Different Poses and llluminations with a 3D Morphable Model. In Proc.
of the 5% IEEE Conference on AFGR (2002)), [Beumier, C., Acheroy, M.: Automatic



of the 511, | EEE Conference on AFGR (2002)], [Beum er;
C., Acheioy, N .: Automatic - 22 Face Verification
from3D And Grey Level Cues. 19th Portuguese
Conference on Pattern Recognition, 2000] has shown
that the use of 3D face nodels is able to overcone
sone of the problens associated with 2D face
recognition. Firstly, by relying on geonetric shape,
rat her than colour and textured nformation, systens
becone 5 invariant to lighting conditions. Secondly,

the a to rotate a facial, structure in

t hr eeP i Fé?@ AT 2@:(&’6’ a1 166 s 1dP éﬂgfﬁ«@ﬁ%ffﬁaﬁ opPattern
var i aRd@msonl FOPOSE ,sh(ﬁizrdﬁmt tHaze o hRdsn s KBUL ALIAS overcome
alignment prior to recognition. Finally, the additiona

di scriomcmatiles problame piratirtenh wah D ot eecpgnitidme Firsilyi byt relymg on
f rom:t wo-.di nensi o
_Sur m%&fc%%é% ?ﬂt E‘laf?\éa Lra?ndetc ture {nformatlor% ISgStemige(i(in’lC
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explHbﬁﬂmH@ﬁV}N6WW@MPQMV%hWe@tﬁwdheﬂﬁgﬁwawmgeﬂmandxwmhMe

nol S G SRR &Rl S L SR o AN 10 L ANLLL L L P Ove

recogni tion accuracy I NE,
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I nternation nmage an i CS,

4875 22002 Yo B2 BaG85)r.as oweretive. t he focus of previous
research has been on identifying the optimum surface
representation, with little regard for the advantages

of f ered byltdmehlsé heinshdwalthag thef @e @f 2ee-pregsdgenthatquenpplied

V& suggest t.hat d fferent surf resent ations

be sﬁgg ?lcmf?§ansﬂﬁ?%ﬁxPo dW?g%§%ﬁ¥£l B?%mﬁéﬂﬁFgg pere
or cekplaithedvachbdnut hatac her idhiltsed aﬁteﬁ&!set BorR&Y Iid16kdfced, can
general weakness for overall recognition. For exanple,

ctir v tEfe e prrsawseReriotrsacoyrey (Bt do b N ohiny- Evaliation
maki rbjg Z/I/cgee ])7%%/%[1-&?9;/@ m%zﬁmr ﬁp lége; fanre 9!1!61(27 %ﬁg %égf;}%ﬂe%i Ppw 30 the 2nd

International Conf. on Inmage and Graphics, SPIE Vol. 4875 (2002) 677-685]. However,
the focus of previous research has been on identifying the optimum surface
representation, with little regard for the advantages offered by each individual surface
20 representation. We suggest that different surface representations may be specifically
suited to different capture conditions or certain facial characteristics, despite having a
general weakness for overall recognition. For example, curvature representations
may aid recognition by making the system more robust to inaccuracies in 3D
orientation, yet be highly sensitive to noise. Another representation may enhance
25 nose shape, but lose the relative positions of facial features. The benefit of using
multiple eigenspaces has previously been examined by Pentland et al [4. Pentland, B.
Moghaddom, T. Starner, “View-Based and Modilar Egenfaces for Face Recognition”, Proc. of



orientation, yet be highly sensitive to noise. Another
representati on may enhance 25 nose shape, but |ose the
relative positions of facial features. The benefit of
using nultiple eigenspaces has previously been

exam ned by Pentland et al [A Pentland, B. Mghaddom
T. Laner, "View Based and Mdul ar Ei genfaces for Face
Recognition"; Prat. of - 23 |EEE Conf' on Conputer

Vi sion and Pattern Recognitiom3 1994], in which

speci alist eigenspaces were constructed for various

faci a ientations,and .l ocal, facial .regi . from
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t wo- di nensi onal 1 nages. Here we anal yse and evaruate a "™

r ahgecrafind B single enified ogriact ispave.s yBiseapproacte Acshbeah ishoai rgwark
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[ a

st r uctur &y PReLIpp NPt BI T GeiPEFy and i sol ate the
advant ages of fered by each representation. 10 Focusi ng

on the fis t had of face ognition, we
propose a Eg%ﬁ%!&b ggg%ég hg® 58 %%I?%% eI SHERY s

f r om dabtevdlisinf a cleffeseo Space rgproeuie®sh dIyhe RashusysieeMan
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spac e BT By dEngiht 30gi HhlHe theridvaneees igrreBly qesk eprS et IS,
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shown in ﬁ%gu?e ﬁsf Thfs F% done bf f réifygﬁgﬂ%gnhgg%s
or i erffatleetigs erde3Beirmrempodelts fromfthcairfia @btpage produced by

forwards, then projecting,into, a  depth. . The
surrg%géﬁ?ﬁn%Iggpg%ﬁgyoagﬁféﬁPgn‘%mﬁfﬁu?ﬁgﬁmﬁ%Fiﬁﬁﬁiby
pre- processing of depth maps. W give here a brief
expl anat i op,;Qf - - h f face
recogni tion. as Ees f%ggﬁggé%Eg%%?ﬁgﬁﬁﬁﬂ%fmgfmfd”noOneOf
( Bel hhaswefane represdrteppasitvayn ibFigsd ¥ MThis is dbhe Uyl fganf aces
) ' g : Ut
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depth map. The surfaces in the table of Figure 13 are then derived by pre-
processing of depth maps.

We give here a bref explanaton of the fisherface method of face

recognition, as described by Belhumeur et al [Belumenr; ]. Hespanha, D. Kriegiman,

20 "Eggenfaces vs. Fisherfaces: Face Recognition using class specfic linear projection”, Proc. of the
European Conference on Computer Vision, pp. 45-58, 1996] and how it is applied to three-
dimensional face surfaces, termed the fishersurface method.  We apply both
Principal Component Analysis and Linear Discriminant Analysis to surface
representations of 3D face models, producing a subspace projection matrix, similar

25 to that used in the eigenface [A. Pentland, B. Moghaddom, T. Starner, “I-%ew-Based and
Modular Exgenfaces for Face Recognition”, Proc. of IEEE Conf. on Congputer Vision and Pattern



Eur opean Conference on Conputer Vision, pp. 45-58,

1996] and how it is applied to three- dinensional face
surfaces, ternmed the fishersurface nmethod. W apply
both Principal Conponent Analysis and Linear

Di scrimnant Analysis to surface representations of 3D
face nodel s, producing a subspace projection matri X,
simlar 25 to that used in the eigenface [A Pentl and,
B. Moghaddom 7: Stoner, "[ zerjo-Based and Mbodal ar

Ei genfaces for Face Recognition", Proc. of |EEE Coq."'
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f i shebgubfr@aged &f |‘v$1thl@@lm? ]Ili@l‘rh%ﬁ égﬂrﬁl%ggﬁiaggn between
"within-class' information, n1n|n13|ng vari ation

bet weBHtpledAce modes pade sproeipdrepnpfet pwbn@mmg@hmparmn To
still,. ratig lish

we expan h§L§h¥%§|n$%§1§§?7 Sgé%n é?ﬂmm' @QQF X%%&Eﬁﬁfégﬁ
of 5 eanbjed, dstipg the vagses vfbi gagoh’ HRca/afc@Rrq@ueab irfluences such as
person'.s face str (due to influences such as
faciéqmi§ﬁ¥%§%THﬁﬁﬁﬁﬁmﬁﬁﬁamafF%%P%ﬁ@%ﬁ?o**?ﬁm?%ﬁb%ﬁh@@lm
nodele g@mgqother as shown in equation 4.

rn1n|gSet (4) X, Xz A X, X VWhere F1 is a faci al
surface and the training set is partitioned into ¢ 10
cl asses, such that each surface |n each class X, is of
the sane peréb“_ghdfhé Y e =Sl Bs presen? in

nore than one classt: W &ontifiue b cédnputing three
scatter matrices, representing the within-class (S"),

bet ween-class (Str) and total (Sr) distribution of the

training set throughout surface space, shown in

equat I on 5WhSzl’e T |15|a fam& sbnlf:{cge artd-the tSiritdyset # pd¥itioned iflo ¢
%@ (5 .15 Where v,r is the average
SUP{ AEEFo G P B Hfhgass et s oAle same person and no

single person is present in more than one class. We continue by computing
three scatter matrices, representing the within-class (5,), between-class (§5) and
total (§7) distribution of the training set throughout surface space, shown in

equation 5.

Sp= SN, - ¥ Sp= VRNL T -1 Sy =¥ T - -8 %)
n=l =1 1=l FeX

15

Where _, $r s the average surface of the entire training set, and
n=]

¥ = 2 r,, the average of class Xi. By performing PCA using the total scatter

mattix §7, and taking the top M- principal components, we produce a projection
matrix Uy, used to reduce dimensionality of the within-class scatter matrix,
20  ensuring it is non-singular before computing the top ¢7 (in this case 49)

eigenvectors of the reduced scatter matrix ratio, Up as shown in equation 6.



,V, the average of class X. By perform ng PCA using the
total scatter matrix .S ; and taking the top Al -c
princi pal conponents, we produce a projection mtrix
Up, used to reduce dinensionality of the wthin-class
scatter matrix, 20 ensuring it is non-singular before
conputing the top c-1 (in this case 49) eigenvectors
of the reduced scatter matrix ratio, Uit as shown in
equation 6. - 25 U . arBmaxy 4 U-S U'"U~ (6) rye L

| Uko' SnUaU J Finally, the matrix Up is cal cul ated as
shown in equation 7, such that it nmay project a face
surface into a reguced uri.aeel/space of c-1 din€hsions,
in which the betweenclldsss,scditer is maxi m sed for

all c classes, while the within- 5 class scatter is

m nimsed for each class X;. UD = UneU +, (7) Once the
matri x U#-has been constructed it is used in much the
sane  way Bmaly@eRhRfieot isQACAREL h¥shbBn iDey slgenTagenangd
ei gensurface systens, reducing dinensionality of face
sur f 46 prejestariscefspgme3880 redncgdistrfadosppce of -7 aliresrsivns,.in 10
Agai A he eigenface. syste he, c onents of. the
projg@?#gﬁgﬁgFgﬁkdggﬁc%%rwvf%ﬁ%%%gérgﬂﬁ%@fﬁ‘%ﬂ%éhewmmn‘
sus f ates spaads hastmbetfor dehidiedXx,. we project a faci al
surface into surface space by a sinple matri x

mul tiplication using the matrix Uh, as shown in

equation 8. w, =r+a(r-;Y)y.fork=l...c-1. (8) 15 Mpere uk
is the kth eigenvector”and %k is the kth weight in the
vector QI = [W, w2, w3, ... wrr]. The c-1

coefficients represent the contribution of each

respective.fishersurface to the origi.nal facial surface
Ognget
struct ure. Ot SIFEy ﬁ@ﬁs een constructe% it 1s used 1n much the same

way as the projection matrix in the eigenface and eigensurface systems, reducing
dimensionality of face surface vectors from 5330 to just 49 (¢-7) elements.
10  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
surface space by a simple matrix multiplication using the matrix U, as shown in

equation 8.

o, =ul (C-¥) fork=1..c-1. (8)

15 where ux is the kth eigenvector and wx is the kth weight in the vector Q7
= w1, w2, w3, ... wm]. The 7 coefficients represent the contribution of each
respective fishersurface to the original facial surface structure. The vector Q is
taken as the ‘face-key’ representing a person’s facial structure in reduced
dimensionality surface space and compared using either euclidean or cosine

20 distance metrics as shown in equation 9.



taken as the "face-key' representing a person's facial
structure in reduced dinensionality surface space and
conmpared using either euclidean or cosine 20 distance
nmetrics as shown in equation 9. - 26 - 4a 52 An
acceptance (the two facial surfaces match) or rejection
(the two surfaces do not match) is determ ned by
applying a threshold to the distance cal cul ated. Any
conpari son produci ng a distancg val ue bel ow t he
threshold is 5 considered an acceptance. Here we

anal yse the surface spaces produced when various faci al
surface repgegegkgtbﬂns are usediad th the 9)
fishersurface™néthdéd. "W beyi n by jjpfoviding results
showi ng the range of error rates produced when using
various surface representations. Figure 14 clearly
shows that the choice of surface representation 10 has

a significant effect,on the effectiveness of th
fishersurfggé“ﬁ@?ﬂ%d?“ﬁ??ﬁmmﬁ8Fﬁ£ﬁﬁ?§gsé¥EH?QHT%he“MD
r epr asfideatib aBSmPERV déiBighihdiayy a@)ﬂﬁ&%a%ﬂﬂéﬁlol@{ortﬁé dis@h&Ss
(EER, the _error when FAR equal s FRR). However, the

super@ripiey 4Py £9rePATseT Prodtane yiisdisvrlue bppesknthatshed
dogs(mgg&x§ygg§§%nngt the vertical gradient and

curvature representations are of no use 15 whatsoever
and al though the discrimnatory information provided by

these repr gsRN AL ARSHIRYFROLHRE @Sdl i
distinguishi%g, tﬁgt i's not to sa@ﬁtﬁgguﬁ&%u H$Fmﬁ%i%&&

a postpresgetagmntard bt ivor the fiskhesurfadeomprhbd. oW@beggalbly providing
avaiugghgsﬂgmgh%m horizpntal_ radi&nt r%lgresentat.ions.f
Ve ndW Earr S TREhet SRV 85 [ATIceh e gising pgrious surface

di scribpresambiiong Fpald 14y cl@bly Sash Sl haceyi@RFGERY Qepresentation
a glying Fisher's Linear 20 Discrimnant (FLD), as used
bg oY nsigilisee] cifest apaby séeaiperesical theafilpemarface gnethod, with

i ndi vy 1 ndad Sl . ual’err s e
surfg%gﬂg%gggggggggg%héégﬁ%ggCﬁ@ﬂg@ﬁ&gg%aapg(%q&Q(EERﬂh
error when FAR equals FRR).

However, the superiority of the horizontal gradient representations does

not suggest that the vertical gradient and cutvature representations are of no use

15 whatsoever and although the discriminatory information provided by these
representations may not be as robust and distinguishing, that is not to say they
wouldn’t make a positive contribution to the information already available in the
horizontal gradient representations. We now carry out further investigation into
the discriminating ability of each surface space by applying Fisher’s Linear

20  Discriminant (FLD), as used by Gordon [s#pra] to analyse 3D face features, to
individual components (single dimensions) of each surface space. Focusing on a
single face space dimension we calculate the discriminant 4, describing the

discriminating power of that dimension, between ¢ people.



singl e face space di nension we cal cul ate the

di scrimnant d, describing the discrimnating power of
t hat di mensi on, between r people. 27 (5- 111') Were m
is the nean value of that dinmension in the face-keys,
112i the wthin-class nean of class i and O the set
of vector elenents taken fromthe 5 face-keys of class
i. Applying the above equation to the assortnent of
surface space systens generated using each facial
surface representation, we see a wide range of

di scrim nant val ues descri bing the distinguishing
ability of each individual Jdieension, as shown in
Figure 15 for the top tendngst_di-serininating

di mensi ons for each surfaceikﬁﬁkesehtatlon 10 It is
clear that although sone sufface representati ons do not
performwell in the face recognition tests, producing
hi gh EERs (for exanple mn curvature) sone of their
face-key c t cont aj [ hI dlS n1 at or
|nforna¥|o§HB6@;Rt§eg8 eéﬁgéﬁt Fg# & reasorflc ﬂ}w‘ﬁé X
hi ghlwithik-slessintdan af tlag ;and Pathie 86, of ivBct@ielendnfet MinSeom the
|neffect|vefs bspace, .is that a certain surface

r epr d8EHESR PdHS y‘\%ﬂ%t pARF CHIAPT (o Siatserment of surface
si ngls chlswdmgeeataeeagmha&tcﬁrfmﬁg{&ﬂc@&gfk@éﬁan%ﬁa@@segf o AW

structure, but”is not effective as a nore
gene rratge égsmrﬁmemt-mlﬁh%cﬁeetfrdmg the flisieguishimg ebilitylof e4ab

i sol at e these few useful it fromthe no

spe0|% |Sé§§%6€§835%§h011%%§ é%h?g)@g”ﬁgéﬁl?8ﬁﬁﬁﬁ@nﬁm”¥
POSi tdintenston tdricati suveficd @p@s@amonal |y nmore effective
surface space, reducing error rates further. 20 1 Jere
we describe how the anal ysis nmethods di scussed i n above

ate used lid drenhméhenghtompd errhacepteaaiisUbast syBiewsl in
Firs&# we need to address %ﬁgﬁgf bl em of
pr i or'P4 {165 REPEBLP 3% RFLEEE HEE:diS S e e, some
aver ayendraghd- lEe?Jd:%n@BQen@se&’d adden hsgfmyf (ﬁ&ﬁmﬁﬁ%rw&%ﬁ%n We
froma range of systens are |ikely
hypothesise that the reason for these hlghly dlscnmmzmng anomalies, in an
otherwise ineffective subspace, is that a certain surface representation may be
15 particularly suited to a single discriminating factor, such as nose shape or jaw
structure, but is not effective when used as a more general classifier. Therefore, if we
were able to isolate these few useful qualities from the more specialised subspaces,

they could be used to make a positive contribution to a generally more effective

surface space, reducing error rates further.

20 Here we describe how the analysis methods discussed in above are used
to combine multiple face recognition systems. Firstly, we need to address the
problem of prioritising surface space dimensions. Because the average
magnitude and deviation of face-key vectors from a range of systems are likely to

differ by some orders of magnitude, certain dimensions will have a greater



differ by some orders of magnitude, certain di nensions
wi Il have a greater -28- influence than others, even if
the discrimnating abilities are evenly matched. To
conpensate for this effect, we normalise nonents by

di vidi ng each face-key elenent by its w thin-class
standard devi ati on. However, in normalising these

di mensi ons we have al so renoved any prioritisation,
such that all face space 5 comppnents are consi dered
equal . Al though not a probl em when applied to a single
surface spage, when conbining. nul tiple .di nensi ons

voul oo TRy o QiR =8 Tt g PRl B et eR) f e re To
nor e dodgeabikefot HPIREN NS nofhdlies WoSRnks e divididduati ARe k&
Iikelx to arise when a | arge nunber of |ess .

di scrilsmaaby Hyvithotclagy sndard desien. dpwens ipperrbbgianthtss
out wej;gh L he | I l:ng .one

di ni ni shi ng t ol ?Jgrﬁﬁ{egqé)ﬁ%ag&gﬁoﬂgga\k}ggis ey %l(r%a“ space
opér atongronentslada encsilerquicrqeds iAgoughr 1@k pial@s whitearglieneth
how FLD, coul d be used to neasure the discrimnating )
abi | isffi;%‘eosf“fflécessi%fﬁt Bich GRS R _ﬁ;]cgrﬁw@n@ &R vogtigdeally wish
spaceo gWe ogRQWr BRREMnttbShe MbRGEEFENBHpoHH IO GeAfscBhe
wei ghting for each face space di nension, prioritising

t hos eititerislishso witcvhane lirgghesberdif ey disarimanating (but still
abi | i 5 W IS i.ght.i hg .schene appli.ed. to al
face- FEo o dliihe GO oI0M A0 SE0 R ARSIk 2o
c0hrbi digirdihimgnisdioinfudniat on eheSicrifidationl Bpdrhieth BUhtRGEnSRIGL.
In order to og@inaénulti | e di mrensions froma range
of sUFIPAEESSs phcEYve Owé&ﬁ fould bopsd & esspiedhc tiecrimietas
Whi' ¢ hybdlic BN SdiQNSAiten GHREAGny bited Bcd\PhcLRPY f &by
purely 5%~thé discr?ninant 3%%U% ifs§1%, asggﬁ%gj%ﬁ+y
gi vesliygsmamn yadlicokas iaoveighting fre e fdiesprieniimatsiongpradyithking y
of t dj- nensi on. al.one,, w t.hout any .i.ndication of

whet ﬂggr’set‘hggnsf"ﬁéF”ﬂfgit%eﬂ}“%l?esi FOTHARPER woul d benef i t
the existing set of dinensions. If an existing surface

space al regdy @ %%1%%35 %f}feg‘fefl\%lgp%ﬁgg Eﬁg;fac?-g{%yts |péo%m6d H teach

di scrim natory abi ene
(or opudrd veven bign dedonibirentimtosions inwea selendidisatficoehice In
an order to combine multiple dimensions from a range of surface spaces, we require
some criterion to decide which dimensions to combine. It is not enough to rely
purely on the discriminant value itself, as this only gives us an indication of the
20  discriminating ability of that dimension alone, without any indication of whether the
inclusion of this dimension would benefit the existing set of dimensions. If an
existing surface space already provides a certain amount of discriminatory ability, it

would be of little benefit (or could even be detrimental) if we were to introduce an

additonal dimension describing a feature already present within the existing set.

25 Investigations have used FLD, applied to a combined eigenspace in
order to predict its effectiveness when used for recognition. Additional

dimensions are then introduced if they result in a greater discriminant value.



addi ti onal dinmension describing a feature already
present within the existing set. 25 Investigations have
used FLD, applied to a conbined eigenspace in order to
predict its effecti veness when used for recognition.
Addi tional dinensions are then introduced if they
result in a greater discrimnant value. 29 Such a

nmet hod has been shown to produce an 2D ei genspace

conbi nation able to achieve_sjgnificantly |ower error
rates in 2D face recognition, although it is noted

t hat EER woul d |i kel rovide better results,
Al ¢ hollgh * s B P e et b A Eeerety chahgeton Sl
Howevigrachivde 4 1cHMyQO\%rfe|n%k efds ip ZQOfH@r hi9Bn %htg r‘%'htlhgn
we now take t gggroach such that the criterio

r equi PEe ey uSﬁlgﬁb Rrveavdd ]éiﬁﬁl}’tm@béﬁ batter weidoadthbeghan
E)éIRSt 1?9@5581}1' %ﬁg §Io§1§%% %Xtr?meq o%\xtzeﬁ{gt w1tg S rmeoarg g%]lc{éﬁtg 23
toss edomiimalhbe alges&mc\@m\n adkie (B]ﬂlt @Iﬁprd:idh’EﬁSHl €128 th(escﬁeela]oas
genetic aI orith si mul at ed anneal i ng. etc.

Conbi i34 g Pt 4w Upserontorheigirodicrbivsinghisene suefa?ersa@ﬁ«te is 2
opt i nuIEYShemsCal Gukbake 1RER Al 69 uﬁf‘ﬂm&%l A0 mhace

For each surface space system #or ach di nensi on
surfa@gﬂ§ﬁﬁ&€fmebbmegnbmanEHﬁEMmdwmmnSudn%Qﬁmnma@onmnw
conblﬂgghégr aclﬁg ce Cal cul ate EER of conbi ned

surface g%ga R has not increased: Renove new

dlnen3|on from

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 FER has not increased:
Remove new dimension from
combined surface space
Save combined surface space ready for evaluation

10

Figure 16 shows which dimensions from which surface space were selected
using the above algorithm, for inclusion in two combined systems: one using the

euclidean distance metric and the other using the cosine distance metric.

We now compare the combined sutface space systems with the
15 optimum individual system, using both the cosine and euclidean distance

measures.

The error curves shown in Figures 17 and 18 illustrate the results obtained

when the optimum single fishersurface system and combined fishersurface system



conmbi ned surface space Save conbi ned surface space
ready for evaluation 10 Figure 16 shows which

di mensi ons from whi ch surface space were sel ected
usi ng the above algorithm for inclusion in two

conmbi ned systens: one using the euclidean distance
metric and the other using the cosine distance netric.
We now conpare the conbi ned surface space systens with
the 15 optinmumindividual sysiem using both the
cosi ne and euclidean distance neasures. The error

curves shq in Fi s .17 and 18 illustrate t
resuV?%q@%gthgﬁ:“aﬁe “?H%C@BF”ﬂﬂh?§®ﬂ@P%1%@@ﬁ%ﬁ@b??é&@he
syst ems@ndest GDInaRKE 65 RAT SUl 36RSHShEM A 30 B) %Elﬁ the cosme
appl i ed to test set A (used to construct the co

syst eyl cuglidemn digancangiripre Waigss dunthe sembised %’Stamd(daﬁled fnms) do
t est
est n%s&ucg gJ er !’, gtgs Ifh!érp g;][e as2 g sy ean?or@o&véxe cgsmetaﬁg tEufJﬁlgan

cosi euc ean Fics S€ée
coﬁbiﬁeﬁmsw&&ems (dash@ﬂmhmﬂesaaEOmnpﬁﬂd&&ea&QWEHka&h@ha:
rates than.the sgggle systens for both_the casine an

Eucl | QERIPaECRy L8, éosi?éai]égﬁﬁnée PrAECiRAT %%%y@%/%?ﬁ%éﬂd Be”

seen @srebRe A BShansinaime ectgglqblnatlon usi ng the cosine
di stance, producing an EER of 7.2%9.3% and 8.2% for

test set A, B and A and B respectively. It is to be

not ed t hat 1¢ifitcShd Sot¢dIgh: @REs ﬁ%‘t%’ﬁ@l %nﬂﬁe §iesleﬁ:€t§d Ndnensions and
di mensi ons and can only determ ne a | ocal nHX|nun1|n

per f oRfrRAEEleiermipha lasel pheBur opdfoshanchén thegeigbougfood of the
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selection o ori zont eri'v
conpomeindsal detihigre emyachimne DS e0émbdi@ndny efthie Oﬂi’venuon generally
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reliable system
performance.

15 The various methods disclosed herein may be combined with one another.

As indicated above, although illustrated embodiments of the invention

are used to recognise faces, they may be used or modified to recognise other

objects.

In this specification, the verb "comprise” has its normal dictionary
20 meaning, to denote non-exclusive inclusion. That is, use of the word "comprise”
(or any of its derivatives) to include one feature or more, does not exclude the

possibility of also including further features.

The reader's attention is directed to all and any priority documents

identified in connection with this application and to all and any papers and



performance. 15 The various nethods discl osed herein
may be conbined with one another. As indicated above,
al though illustrated enbodi nents of the invention are
used to recogni se faces, they may be used or nodified
to recogni se other objects. In this specification, the
verb "conprise" has its normal dictionary 20 neani 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 exclude the possibility

of also inclu f er_featur

ot t oreseis VP ! PSPPSR BT wdienn
i dent édhhedioh Rvitahis @gplicaibavint RyHidhi s apual ¢ m%at)ucqﬁspa&;lmt\@th
all and any papers_and - 31 _docunents ich are filed
concufPERETRFaReD Anbihe sPRivns @62l Bich RrRersEdcdorimett oA i n
connqg&kﬁ&a%g%pmghisfggﬁkicat|on and which are open to
public inspection is specification, and the
contents of all such papers and docunents are

i neor por at ad JpecatRuley dik8bLd 8NES s é:lfﬁla{iorpfand/%? alfl Sp@ng L&Bs
di sclosed in this specification, and/or al
steps>ﬂéfﬂﬁﬁydﬁephﬁd%dpdﬁpb@@ssmsbedﬂs@h@bednquMnmwon
conbi i.na conbi n tions wher e
at é2§$m§§ﬁ§n0<x§32 fég %F%@eandgﬁfaggg”? Lyreteps are
nutuahhyﬂ@&&ﬂm&mve. Each feature disclosed inthis
specification nmay be replaced by 10 alternative
features serving the sanme, equivalent or simlar

pur pose, uﬁb@s&amexﬁntbsed iy tigd giiceific:oioh etayibs @eplabbdiBy

ugées 33 wy state&gothermmse, each feature
cl’ tiéféla AR SHREyIYT LT GBI P USRS -8 csT
equi vabeM J @z[techtﬂ’ﬂeJ\xﬁ‘Je freal WhRS cxpR&1 IMENS O ideSeal@Fearure

restricted to the details of the foregoing
disclosed is one example only of a generic series of equivalent or similar features.

The invention is not restricted to the details of the foregoing
embodiment(s). The invention extends to any novel one, or any novel
15 combination, of the features disclosed in this specification, or to any novel one,

or any novel combination, of the steps of any method or process so disclosed.



enbodi nent (s). The invention extends to any novel one,
or any novel 15 conbination, of the features discl osed
in this specification, or to any novel one, or any
novel conbination, of the steps of any nethod or
process so disclosed. - 32 - CLAIMS 1. A nethod of
recogni sing a three-di nensi onal inmage, conprising the
steps of : 5 d. transform ng the data space occupi ed by
the i mage using f=isher's Lirm@ar D scrim nant

Anal ysis; e. generating, fromthe transforned data
spachLgﬁﬂgnage key representative of the inmge; and
f. conparing the i mage key with at | east one previously
stored imge 10 key of a known image. 2. A nethod
according to claim1l1, wherein step c. conprises .
conpari ng Atrahedeigecqeayingiatthies-distensineal ppeas; eurgitiying the
storeg. ippge key, to verify the identity of the image.
3. A w@thod according to claim1, wherein step c.
copprises c [ : WypoTol b | urakjt v,
ofggreviousﬁgngkgggaméagaggigys, f@ﬁ%%%%%gpga ﬁ%ng%ﬁkas
i mge. 4. A netihad Daeooidinngndlgiscl ai m 3, conprising the
further step of sorting the results of the conparison
in step c. te0 gnedigefram ths traforpet @ataisplcematitagskey W t h
previously stored i mage F ys. 20 5. A method according
to claim3 or GPCHITEFET A g?éﬁ%fia s carried out using

a Euclidean distance netric (the L2 norm, mahal anobis
di stance netlr i ©THRIBE the FEIGTECHVER ARewst st prrpously stored image

10 key of a known image.

2. A method according to claim 1, wherein step c. comprises comparing
the image key with just one previously stored image key, to verify the identity of

the image.

3. A method according to claim 1, wherein step c. comprises comparing
15 the image key with a plurality of previously stored image keys, to identify the

image.

4, A method according to claim 3, comprising the further step of sorting
the results of the comparison in step c. to produce a list of potential matches

with previously stored image keys.

20 5. A method according to claim 3 or 4, wherein step c. is carried out using
a Buclidean distance metric (the 1.2 norm), mahalanobis distance metric or a

cosine distance metric.



- 33 6. A nethod according to any of the preceding
clains, including a prior step of rotating and/or
positioning the inmage to a predeternm ned orientation
and/ or position and/or depth normalisation. 7. A nethod
according to any of the preceding clains, wherein said
image 5 is obtained froma canera s. A nethod
according to any of the preceding clains, wherein said
image is an image of a face: 3. -A nethod according to
any of the preceding clains, wherein said imge is an

| mage; of aanpiRl {a6Qin ]tQV\?’b of the E M?&Q:}ldg]glgtaoprﬁ)qy

of the preceding clal erein sa
nat u rsaflp dfrageng 4t/ onqpxpmoamgsha‘ iomge @(}ngﬁiﬂfSttl‘l‘ny’led otientation

t hree- i, mensi.ona aratus conpri sing: d.
means™ 1???8%?%$%¥ﬁ%”?ﬂ8r §pace occupi ed by the

i mage 15 usi ng Fisher's Linear D scrimnant Analysis;

e. ns fqr nerati.n fro he tra nsf or me
spag?a an %raegg"“e Ccordm%pgo 1Y t%\ Ve oq‘g B ﬂ;gl'geg said igpage
f . 5measisahetd fre@npamenag t he |nage key with at | east one
previously stored inage key of a known inmage. 20 12.
Appar atus according to claim 11l and arranged to perform

a nmetthod Aacgledicngrding tanyy dfthep@iddingleldias, IWherein said image

1s an image of a face.

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

is an image of a human face.

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

is 2 natural image.

11. Apparatus for recognising a three-dimensional image, the apparatus

comprising:

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

15 using Fisher's Linear Discriminant Analysis;

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

key representative of the image; and

f. means for comparing the image key with at least one previously

stored image key of a known image.

20 12. Apparatus according to claim 11 and arranged to perform a method

according to any of claims 1 to 10.



