WD 2005/ 038700 PCTI EP2004/ 052502 | MAGE RECOGNI TI ON Thi s
invention relates to the recognition of imges and is
concerned with the recognition of both natural and

wo 3005h88di C | mages. By "natural image" is npaptoAhdsimoe
of an object that occurs naturally- for exanp?e, an
optical image such as a photograph, as well as inages
of other wavel engths - such as x-ray and infra-red, by
way of exanple. The natural imge may be recorded
and/ or subsequently processed by digital neans, but is
in contrast to an image - or inmage data - that is
generated or synthesised by conputer or other
artificial means. The recognition of natural images can
be desirable for IRNGESECOENITION €Xxanpl e,
di stinctive | andscapes and buil dings can be recogni sed,
to assist in the identification of geographica
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useful Tor identification and securi Py purposes. R&
the eegiitidnost both valwlabt eyAdigehaes. Such as racehorses may
be very useful for identification purposes. In this
specification, we present in preferred enbodi nents of
the i BeRhiuli imaeN QWnaRPLO ARk b@aﬁ_@ﬁFcﬁiﬁM a5 LNY
a vari ety of three-dinensional facial surface
toe prasee teat oicsl igegesahed o plorwgraplyiay evelli 45 yimages T dther

Uof / Cybyl a 3D Face . Dat gbase. Despite, significant
‘.’é?ﬁ]ﬁ%lé%—ishc e éEﬁgg%ﬁfar’Fév Ve Hisragple iThe pagra) dmageo
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rates in the test environnent, these figures often
@Snwhen ,exposed to a real world scenario. The
reasons for these high error rates stemfroma nunber
of wel|-known sub-problens that have never been fully
sol vedhe rgegnitind of 085D B8 EE0-aPET AERaATO A @525 G2sons. For

example, distinctive landscapes and buildings can be tecognised, to assist in the

identification of geographical locations. The tecognition of human faces can be
useful for identification and security putposes. The recognition of valuable animals

such as racehorses may be very useful for identification purposes.

In this specification, we present in preferted embodiments of the invention
a new approach to face recognition using a vatiety of thtee-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 requited 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 wotld scenario. The reasons for these high etror rates stem from a

numbet of well-known sub-problems that have never been fully solved. Face
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- 2 recognition systens are highly sensitive to the
envi ronnental circunstances under which inmages are
captured. Variation in lighting conditions, facial

w2 Essh on and orientation can all significant

I

I'ncrease error rates, making it necessarfCF@TﬁﬁWW?ﬂpn
consi stent image capture conditions between query and 5
gallery images for the systemto function adequately.
However, this approach elimnates sone of the key
advant ages offered by face recognition: a passive
bi onetric in the sense that it does not require subject
co-operation. Preferred enBodi nents of the present
invention aimto provide nmethods of face recognition

; ' ' [ cts. 10
STy PR Nl oy B BRI RS i s
uslepwhichdedgd arq@iphael. 0Varfaei60 @nligithg caAdiHERIRcial
conprising the steps of: a. processing the imge to
F&PaR 286 OrpRigiose@n al Gignidicritygneressk errat fatey, malfing it

| fferen rocessed inmages; Db. condini t he processed
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%g?? d%ggenerat?%g, fron1th§§ﬁ%§g'-ggﬁm?gﬂ%gggﬁ?gggin
dliminatesaosfeoriitbel keyomlvantagea offeredrbyi facegecdgaifion: a passive
representative f,t&g i mage;_ and_ e. conparing the inmage
W&%}@e‘ﬁ% the sepsedlpt ibdees gpbtAdBise Fupiest 69-ebcmiigme 20 key

of a known .inmage. Step.a. may include extracting i nmage
features ingluding at | east one of edges, lines,

wavel Ereferres ermberdinerts ppBiramesent isuentionf te propiieent s and
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According to one aspect of the present invention, there is provided a

method of tecognising an image, comptising 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 compating 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

COII]POHCD.’ES .



Step b. may be carried out prior to step c.
Alternatively, step c. nmay be carried out prior to
step b. Step e. may conprise conparing the imge key
' st one previously stored |nage ke to verlf
Wotvyiqse%ﬁgg(?ltlty of the image. 5 Step e. %’W?@@“SZS
conparing the image key with a plurallty of previously
stored i mage keys, to identify the inmage. A nethod as
above. may further conprise the step of sorting the
results of the conparison in step e. to produce a |i st
of potential matches with previously stored inage
keys. 10 Step e. may be caPried out using a Euclidean
di stance netric (the L2 norn, nahalanobis di st ance
metri r [ [ ric as above
may | SR Bt oBt ARG TR, BB s B

airdddodut peist td Agp g the inmage to a predetern1ned
orientation and/or position and/or depth
normal i sation. 15 A nethod as above nay i ncl ude the

step BdpQ ndaf cShBRsebon@arif
conblné?lon ?Salg i mag € be o tal d f?ﬁ%&&ﬁégﬁgl
Satied iapedey, rayetiy i ideit@ bf datimagend/ or 2D data. Said
i mage nmay conprise a registered 2D-3D i mage pair. 20
Step ¢c. may be carried out by a Principal Conponent

5 Anal ySicp enelahosinpi¥d coRLtifBSER. ROy BREODIRAGSAF2 - 4
Step be carried out by Fisher's Linear
FEEF@%‘F ﬁﬁtﬁfﬁﬁﬂmﬂﬁ?éqey%if%idﬁ%‘#fﬁé]@? imgge-d i mage may be an
i mge of a face. Said image may be an i nage of a hunman

face.
A method as 2bove may further comptise the step of sorting the results
of the compatison in step e. to produce 2 list of potential matches with

-

previously stored image keys.

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

norm), mahalanobis distance metric o a cosine distance metric.

A method as 2bove may include the step priot to step a. of rotating
and/or positioning the image to a predetermined orientation and/or position

and/or depth notmalisation.

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

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

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



5 Said image may be a natural inmage. Said i mage set may

i nclude the original imge. In another aspect, the

i nvention provides apparatus for recognising an image,

t aratus conprising: a. processing neans arranged
‘woﬁggggggéss the image to provide a 10 pl uP&FEPIPOH52502

di fferent processed inmages; b. conbini ng neans arranged

to conmbi ne the processed i mages; c. reduci ng neans

arranged to reduce the data space occupi ed by the

processed i mages; d. generating nmeans arranged to

generate fromthe conbi ned and 15 reduced processed

i mages an i nage key represéntative of the imge; and

e. conparison neans arranged to conpare the inage key

nown SR80 S AR OB ot Rt THEYS AP EAG MY

pembar m a met hod according to any of the preceding
aspects of the invention. 20 In another aspect, the
i nvention provides a nmethod of recognising a

t hr eesdignBISd QAhe | ising the steps of: WO
2005/ 030 I00SHaR BHHORTE085E05 . *5 o, transtor ni ng t he
dat a space occupied by the i mage using Fisher's Linear
Di scriqm éﬁg 1S D, nerating, fromthe
transégp%%%&:a aﬁ%%%%g?eg%gﬁﬁﬁa%hf%y representative of
the imge; and 5 c. conparing the inage key with at

| east .0 reviously stored i mage key of a known
S| e SRR

i mage! Torfer® & Magfe i nvention provides

apparatus for recognising a

Said image set may include the otiginal 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. teducing 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  comparison means atranged to compate the image key with at

least one previously stored image key of a known image.

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

any of the preceding aspects of the invention.

20 In another aspect, the invention provides a2 method of recognising a

three-dimensional image, comprising the steps of : -



t hree- di nensi onal inage, the apparatus conprising. a.
means for transform ng the data space occupi ed by the
i mage 10 using Fisher's Linear Discrimnant Analysis;

i mge key representative of th&CTHEYEI052302

for generating, fromthe transforned data
WOEB%@S%“OZn
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means for conparing the image key with at |east one
preV|oust stored i mage key of a known inmage. 15 In
this specification, a "2D i mage" neans a conventi ona
digital image, which consists of a two-di nmensiona
(2D) array of pixel values. This nmay be either a
greyscal e i mage, where the Dpixel values refer to
intensity (brightness), or the pixels nay have both

col our, and_j nt ensi t soci ated w he In this
case, se\cjler a‘it %V%Ig%%é\%? & 5%88%&@&’@(% 728 4EpS B%Sk@fs
nost tNMpegabibotintiRsR e colour 20 val ues such as red
(R}, green (G and bl (B) which are often referred

I I th
ot her eﬁ&g@%&%’ﬁ%@s@%%%m Bk Bate Ahmbiien  anc

i nt enSﬂepges@ﬁatarepMelmﬁg@a@@SSI ble. In this
specification, a "3D inmge" neans any three-di nensional

(3D) deprs
anot her okgj e ?L %?%%ﬁ%?&@?ﬁ%%ﬁgﬁgﬁ%@é%ﬁymﬁ
PCT/ EF29044ABb@&H#Anage. 6 could be a 3D point cloud, a 3D

mesh, or a 3D surface representation. In preferred
i npl enrentations, the 3D image used will be a depth nmap,

whi ch Thasothehgspsaibe itehBRgoRdedh FiaYarndloX 8lcd
t%Fru ture as a st andard 2D ?ﬂmage Ige]':g}c[:aeg)t 3 %ﬁgﬁ%a

31‘19'@51,1%@%&1@@1@%@145 cefeptitie: of t he face (obj ect)
surface relative to 5 sone reference plane. In this
speci i catieams foau‘émsegdrmhgﬂedia&[}pa& oorBged Bithe imABANS
2D and m&%D e the sane person s face (or other
obj ectFnghibers j§priopeant 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

stoted image key of a known image.

In this specification, a “2D image” means a conventional digital image,
which consists of a two-dimensional (2D) attay of pixel values. This may be
either a greyscale image, where the pixel values refer to intensity (brightness), ot
the pixels may have both colour and intensity associated with them. In this case,
several values ate 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 colout values of the pixel, although many othet multi-valued

tepresentations 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 ot, more generally, another object. For example, this



correspondence between the two images, i.e. we know
whi ch points in the 2D inmage correspond to which
points in the 3D inmage in the sense that they 10

t properties of the sane surface paints on the
WO; 2??5&03?79? P I{EP2004/052502
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acial (or object) surface. For a
under st andi ng of the invention, and to show how
enbodi ments of the sane may be carried into effect,
reference will now be nmade, by way of exanple, to the
acconpanyi ng di agrammati c drawi ngs, in 15 which:

Figure 1 is a flowhart to illustrate one exanple of a
nmet hod of image recognittdon;- Figure 2 is a flowchart
simlar to Figure 1, to illustrate a training node

EiLgun i s a. [l o illustrate a variant of the
oS <n) Bofte LbQSTRS st o g AFPMERCEBras B, 1
okefedbittplerhdhitl s {tBe 8Dakag udeh Sl Be §d%§tﬁ_tm4p', lvHﬁ][% gl i ng
a variation in which a particular match i s sought;
Hhegame t8ctetgyles aaxm ppeksdotrutmoeasmoteldsrd 2k inagey enep 3D

f.ace database; WO 2005/ 038700 PCT/ EP2004/ 052502 Figure
g PRUR a8 BT OFAoP G o8 BT BBl BRIy e gD o
%@Q}é}@ren&qﬁ&e(m ddl e) and facial surface depth map
(right); Fi'gure 7 shows an average depth map (left

nost) and first eight eigensurfaces; 5 Figure 8 is a

Vare Toreiddog o FARRLALER I hed Weys ke 1 bage "

- BBdimape 64iht 308e faRSNs ABO G JAck: @b%ef:@ REEreQfe Hich) Aace

metrics; Figure 9 is a diagramof verification test -
prreseRdcace Mygeerethe v émagegriaphe shommhiphffmimein the 2D
%a%% %E)rargs%%n& & %hl%ﬂ%ogn%l; 2%he § eig}a;gg iy the sense that they
tepresent properties of the same sutface points on the actual facial (or object)

sutface,

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 flowchatt to illustrate one example of a method of image

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

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

Figure 1;

Figute 4 is 2 flowchart similar to that of Figure 3, but illustrating a

vatiation in which a particulat match is sought;

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



10 rate for 3D face recognition systens using optinmm
surface representations and distance netrics; Figure
11 is a chart to show Equal error rates of 3D face
r nition systens using a variety of surface
“Kyégﬁgg@%tations and di stance netrics; and BETEEPW@4/432502
shows brief descriptions of surface representations
with 15 convolution kernels used; Figure 13 is a table
of surface representations; Figure 14 is a graph to
show Equal Error Rates for different surface
representations; Figure 15 is a graph show ng
di scri m nant val ues and dtnensions for 20 different
surface representati on WO 2005/ 038700 PCT/ EP2004/ 052502
- 8 i 1o S,y show di nensj ons sel ect ed
from Eﬁ%é%es]ﬂg Bllgz)]ejgm%%?ll gfl e \lljgg? o] eﬂ?d{gm&géﬁﬁi
§m§i@m&&ﬂ&ﬁﬁgﬁ&u@h&ﬁﬁ&ﬁpﬂhﬁﬁﬁg@ﬁaﬁnd cosine di stance
nmetrics; and Figures 17 and 18 show error curves for
fishersurface systenms using 5 cosine and Euclidean
di st angj dhb&s an i i rences
denote I'i ke or%gor?‘ébsr%égﬁigﬁ)%gﬂﬁ ?ﬁs}.noll’ﬁtﬁ?ﬁ%?gsarggﬁi a
cigamsugfaggscapt ures a 3D i mage of a face and transmits it
to a processor B which generates a 3D depth inmage,
together with a 2D texture inmage (colour or greyscale
- 5 data) .FigureRas abiaph shéweing Blsandceplind@ite AP %istish e 10
th_ong another. At N, the inmage is rotated, 'scale
g‘n?’r’dyﬂl@é B tpceoiserpnitiqorsystame ssiggfagial surfacedenth enaphatd 4 t

iﬁ%@gf@g%{eﬁﬁciﬁ centred in the i mage space. (In
g ,

eflera nay Ye rotated to any predeterm ned angle
rotation, scaled at any predeterm ned depth and

: iti ny pr ermn ition in the i
POST tIsR5E0 B a Al HTCRAGTLA fat fiocedurg” ' 1 1N O

-
-

Figure 10 is 2 graph showing false acceptance rate and false rejed:ion
10 rate for 3D face recognition systems using optimum sutface representations and

distance mettics;

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

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

Figute 12 shows brief desctiptions of surface representations with

15  convolution kernels used;
Figure 13 is a table of sutface representations;

Figure 14 is a graph to show Equal Error Rates for different sutface

teptresentations;

Figute 15 is 2 graph showing disctiminant values and dimensions for

20  different sutface representation;



space.) 15 At C, D and E, the image is processed in
three respective, different ways to extract features
fromthe face. Many different imge processes may be

“Kggggéed - e.g. edges, lines, wavelets, etc. Mny inage
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§8s will be known to the skilled r P5A&P200epRBSBf
the processes C, D and E could be a null process - i.e.
the raw i mage i s passed through from N The feature
extraction or analysis 20 processes produce a nunber of
new processed i mages that nmay be the same size as the
i nput or may be of different sizes - typically, they
may be larger. Thus, at +tH s point, there is a |large
amount of data, and it is desirable to reduce this. At

F, G apd H, sformti.on step.is rfornmed in i ch
the  prbebdshi HROBIR RS AreebRtngn fac pices or
atlsisaf tW6 c6mbings bystedRalsiR My e

PCT/ EP2004/ 052502 - 9 an E ecjﬁ 8of 0B B nce
giegdsf 4ndance. Many net hods of analysis will be known
to the skilled reader and include, for exanple,
princi pl e Conponent Analysis (PCA), Principle Curves,

| nf or niigiren1Mmd 18 satv @fvr ceives fol igh@fdfac€Sidleins dsﬁlgt 0
produc%_da_a of .a smaller size than the input,

: d%@ﬁ%ﬁ%@éﬁmgﬂﬁfeferably an opti mum subspace
- of the original set of data. The infornmation
extraction nmethod is applied to every image output from

. C, D dndheligarns liwncfuencepdenopr Yrassegeddpon@ing partdd

conprise a set of vectors, which are conbined at 0 to
produce a single vector called the image key |. Many
di f f erlerdiigwoidy matdroh captitvedSIk amgbef u$ed and fafismits it

exanpl e, sinple concatenation 10 (end-to-end)

ERIPERP P S8t TAD dratt Brags rageiins woraiitewere
r&d - 0 | jr€ 4.0 the .sa

B O ey e bep ) T TP Y B Ao A ol ol V8RR

witly obe anmrhin e, the tnigass @iritéd, caid Bidtrepdtitkead ded. The

i mge key from| is conpared at J with prior stored
RESGBaLT— R enpye that it faces front and is centred in the image space. (In

genetal, 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 diffetent 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 2 null process —
ie. the raw image is passed through from N. The featute extraction or analysis
processes produce 2 number of new processed images that may be the same size
as the input ot may be of different sizes — typically, they may be latger. Thus, at

this point, there is a latge amount of data, and it is desirable to reduce this.

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

processed image outputs from C, D and E are analysed to extract important data



produce a neasure of simlarity with the stored keys,

by neans of a netric. 15 Many suitable netrics will be

known to the skilled reader, such as Euclidean,
Manhattan, etc. The conparison results fromJ are
Wosztg?st"’éﬁo‘at K and output as a final |ist at POI/ERR§HPSR2
illustrates how keys are stored at L. In this case, a
known 2 0 inage is captured by the canmera A, and the
process steps as descri bed above are repeated until
step I, where the image key of the known inmage is

stored at L. An alternative to the nethods of Figures 1

and 2 is shown in Figure 3,9 where the vectors are

conbi ned after the feature extraction stage C D Eto

BB BH B 55 oo DA
@&EP@@QQ&:@@@&Q&r gtnd:}igcludenfoq % 10 ﬁeaé&bggnentcep

(subspace net hod) to produce t’hé |

AmalysisiAd Pﬁﬂcqjle aariesf D @makibg Ma@m*ﬁsa!tlbh ust.r'#héénd result

anot her variation where the key inmage is conpared at

fi teiprpdrse data of o @méﬂeétsaﬁ éhlaﬁl thag@ut sadipringassbspaent

5 RERND ot R b fonb Do B Sieibl s P iir TP el pption

Vﬁﬁcﬁbﬁnﬁthdd iPappied E&e&&fﬁﬁg@%ﬁ%ﬁﬁﬁo&r@rﬁgﬂé Eﬁt Ion

process G However, it wl ppreci at e

alternatively, subspace processes such as F, G and H

may bermﬁit;{)ﬁgogﬁﬂolgéssésoﬂ S GLPIT o éﬂ:‘%ﬁé [fgétlo?[}ectors which

t ransf or mat as in Figur

J

gnisodibied s Cob prdxdick n\samntd veotoreylled Hademge B@ 1 g dat a,

fFs Songbipgfion methads ;ng 9 —fefcxenns, fimpln conyatenation
10 Httélg %E%?osﬁ?rﬁ hd | f%tvc\)/rstor(])na Fteq}fcgt%%h?edtb%for% mp\/\lﬁ

nS| s’|n

éi%i nage ,ata or qi%@&h Al though a canera Ais shown in

at O, so that 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 2 measure of similatity with the stoted keys, by means of 2 metric.
15 Many suitable metrics will be known to the skilled readet, such as Euclidean,
Manhattan, etc.

The comparison results from J ate sorted at K and output as a final List
at M.

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

repeated until step I, where the image key of the known image is stored at L.

An altetnative to the methods of Figutes 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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appl yi ng Principal Conponent Analysis (PCA) to
t hree-di nensi onal surface 15 structure, we show that
hi gh | evel s of accuracy can be achi eved when perform ng
reco%$ition on a | arge dat abase of 3D face nodel s,

®H under conditions that present tyET&ERI004/052502
difficulties to the nore conventional two-dinensiona
approaches. Results are presented as fal se acceptance
rates and false rejection rates, taking the equa
error rate as a single conparative value. W identify
the nost effective surface 20 representati ons and
di stance netrics to be usemi-n such application areas
as security, surveillance, data conpression and
archive searching. In these enpodinments, we include the
filmgfion 8rctn TR RHEMED ot ulp @redie Cisrimpgrekey
RhRRLEES &m&gggb@§§gciated wi th face recognition. By
relying rely on geonetric shape, rather than the
col our and texture WO 20051038700 PCTI EP2004/ 052502 -
11 inf o ' e .i.n_two-djnensional inmages, we
render ety RaBY B elbon AT cORE e coPta e e
Jwith Fmps Kisigle QforéDiiagg 2hAQ stbsetidhg m@é%{&%;ﬁﬁﬁ@ LR Y
avai l abl e 1n colour and texture data. In addition, the
eiidier ¢ Matehoor e Masclhastamtpl  structure in
t hr ee- di nensi onal space allows for conpensation of
variations in 5 pose, aiding those nethods requiring
al i gnrrigvte pshows ¢cambiediognif theovectdrs O, $ ptior foethe subspace
aﬁpgeciated, never elessd“%rat 2D dat'a_coul d be used
FAISILAFPT BFPEYS. C 3 OFaT S, 1 Wik Panappasrisied dehalisrpativeler e

i r.f ac t LOm a nodel s,

%@qgggp%ﬁ%%?%?%ygg?gsagﬁé?ﬁ%&gggg%%ﬁgg?gﬁxﬁ?ggnensiona
dangtgesion \ank fk@adon@), 1,2k ioMigurk@. net hod of face
recognition, nanmely the eigenface approach described by
Turk and Pentland [Turk, M, Pentland, A.: Eigenfaces
for REs egitirdl] @ibodhaer af thefinvengoi Iﬂéy BrochRUIP &1L AGH,
Vol . 3, (1991) 72-86], [Turk, M, Pentland, A I~ Face
AR imageidatacet hogh.ndltheigharvhmetsA IsshPwodn FiguesH t6d; the' on

OIS Vsl 0,309 FaLl.enn Recogni tion,” (9999)

Referting now to Figures 5 to 12, we consider embodiments in which, by
applying Principal Component Analysis (PCA) to three-dimensional surface
structute, we show that high levels of accuracy can be achieved when petforming
tecognition on a large database of 3D face models, captured under conditions that
present typical difficulties to the mote conventional two-dimensional approaches.
Results ate presented as false acceptance rates and false tejection tates, taking the
equal etror tate as a single compatative value. We identify the most effective sutface
tepresentations and distance metrics to be used in such application ateas as security,

sutveillance, data compression and atchive seatching.

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

telying purely on geomettic shape, rather than the colour and texture



586-591 and adapt it for use on the new

t hree-di nensional data. W identify 15 the nost

ef fective nethods of recognising faces using

t hr ee- di nensi onal surface structure. In order to test
WONYSO34H hod of face recognition, we have BEBEPN04GHRH2

dat abase of 3D face nodels. However, until recently,

nmet hods of 3D nodel generation have usually enpl oyed

the use of |aser scanning equi pnment. Such 20 systens

(al though highly accurate) are often slow, requiring

the subject to remain perfectly still. Stereo vision

techni ques are able to capre at a faster rate w thout

usi ng |l asers, but feature correlation requires regions

of. co trast nd sta&a} t exture; sonethlng t hat
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HRISERF eihecelipersiembrrast dlows fo0msHEEBe 708, of vatiations in
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Conmputing Vol. 18, No. 4, (2000) 315-321], [Beumer,

C., Ach M :. fi f 3D
fot S s bortrued e L AR AT B GHEGH o
RAldoarp 308899 b Bﬁalte%%% [ Gor don, G: Face

Recogni ti on Based on Depth and Curvature Features. 5 1n
Proc. of the | EEE Conputer Soci ety Cor ference on

Conpu |on a aigny

T e %4 %@@C‘%% 3 éf%r%ﬁ ﬁgggb fﬁgm"‘g B 1

sldbmiute Farcihe Rewo Gmitidratvoldinagidial Riagsl. o8 ALE]- Wéﬁm&fawn
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Mbdel Enhanced ecogni tion. I'n Proc
Higrujewn &t Prom BEEE APk vieGorpmion | isivaged Pastern Recognition, (1991)

586-591] and adapt it for use on the new three-dimensional data. We identify

=
o

15 the most effective methods of recognising faces using three-dimensional sutface

stiuctute.

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

2

(@]

systems (although highly accurate) are often slow, tequiting the subject to temain
petfectly still. Stereo vision techniques ate able to capture at a faster rate without
using lasets, but feature correlation tequites regions of conttast and stable local
texture; something that cheeks and forehead distinctly lack. For these reasons,
three-dimensional face recognition has remained relatively unexplored, when

25  compated to the wealth of research focusing on two-dimensional face

recognition. Although some investigations have experimented with 3D data



Processi ng Vancouver (2000)], [Rondbbani, S., Bl anp,
V., Vetter, T.: Face ldentification by Fitting a 3D
Mor phabl e Model using Li near Shape and Texture Error
Functi ons. The European Conference on Conputer Vision

WOze@3879° [ Bl anz, V., Ronmdhani, S., Vetter PCT/EP2004305p%42 e
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Identification across Different Poses and |l um nations
with a 3D Morphable Model. In Proc. of the 5th | EEE
Conf erence onAFGR (2002)]. However, this research
denonstrates that the use of three-di nensiona

i nformati on has the potential to inprove face
recognition well beyond thg current state of the art.
Wth the energence of new three-di nensional capture

ui nt opyl ati on .0 | arge 20. 3D face, dat abase
SRt kit Pt aiai ey W rither dasee dral one
. a f21@ 2P 0f . faciy it atirn seaf ch
Ry B8 3%, D01 3R b o N i 3t
Plfitisivd Fom 8DeARLOren Beve/eip. O b ot Res OB ele bk Pk
of fered by three- dinensionaldgeonetric structure to

Respndionn?§ 08 d Gerderto i Hevedberogmispn aied on Pipth 28 (rowtealbnhas

S - di siopal,. i ma ,. al thaough,sonme have
S e A ey S
Rlckghfibn) CBarksRiof THANC@ 990908 1 801 BYAA €, tEy; FAigepssgnal
approaches. For exanpl e, Zhao and” Chellappa Tsupra] use

uyemieacs Becos@i 0G5 e P87 SignBET PER T DS Odersatididd 3D

ace nodel to.normalise facial, orjentation and |ighting
RS Pttt i hetie: B mRgan 2 IO e hel fcons

oy duf Gl SRULRE TS BRL fiags mode
jig aligné%9m$} Qﬁagggﬁo-_F%gﬁgggﬁg a%%%%”%ﬁ%a%&hnd used
dnhanqertepeatifessiq@abintioyPprid 8 gecoghitibh §Z44,07, dhe/pQTE: 3D
equivalent, prior to recog%|t|on by 5 Linea
Wopdel e phpepiee Revavijen & Priw B Invamiagonalfpmmiseces on Invage
k] a theyt e i.s jLnc ed from

SRR D T Bl G b 7 AR S
ERRY o 3D Minbiadle MyTi ki 13%8r Yabd Vo3 T8Gurk Brbd CunB8E The
Recogni ti on Vendor Test -(FRVT) [Phillips, P.J.,
Eyrepearceonferonce o\Campetat B7sioB (202)), BB ek B0y Romdbudi)\S,, Maeadsi ;
l%cé I dgz%'?ﬁgﬁoﬂ across Different Poses and Iluminations 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 cuttent state of the art. With the
emetgence 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 patt of a project facilitating research into three-dimensional face

recognition technology.

Previous teseatch has explored the possibilities offeted by three-
dimensional geometric structute to petform face tecognition. To date, the
research has focused on two-dimensional images, although some have attempted
to use a-ptioti knowledge of facial structure to enhance these existing two-

dimensional approaches. For example, Zhao and Chellappa [s#p74] use a generic



J.M: FRVT 2002: Overview and Summary. 10 btttp://vww. .
rvt.org/ FRVT2002/ docunents. htm March (2003)], show ng
that pose correction using Rondhani, Bl anz and
Vetter's 3D norphable nodel technique [supra] reduces

WOHHEPht es when applied to the FERET dat X6A&B2004/052502
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[Phillips, P.J, Wchsler, H, Huang, J., Rauss, P.
The FERET database and eval uati on procedure for face
recognition algorithnms Image and Vision Conputing. J,
Vol 16, No. 5, (1998) 295-306]. 15 Bl anz, Rondhani and
Vetter [supra] take a conparabl e approach, using a 3D
nor phabl e face nodel to ai@d3i+ identification of 2D
face inmages. Beginning wth an initial estimte of

ghtin irection and face shape, Rondhani et al
Ppe Pt Bt B ERe o RS Hee a8t 1t he
A BIRRAIGb R6.C UFRY L ima ol oMt gt BG4 BAGRA 18sd BE

t wo- di mensi onal image. These paraneters are then’ 20
B BMere medd &atlign@bwitlothei tdhontimnthsbatal fipe inlot hadigledttbe

met hods di scussed show t hat know edge of three-

BIYEhE PEIQITPE Seage of spsatenipl Nosp povelenhrion frerpspgmddn bace

i L.k y i ving .nor mal.i.sati on, none
Rl SR, T B Bl B s BRI
Elertest betrieint@afdrfon Bppeceaniy 800 (coMer eash Bawi &hk oand
Acher oy 25 ['suprg}@S make direct use of such information,
4orie riﬁé/%n §imaibt tesults 2rp siddnsssed innge Face Remppuitioh Veadmedlesn

ROy RISL o Tt K Bk b o s oBore,
0L -GHR DA 20 B mg;ﬁg,;;ﬂgg-w_,,,y,@.zoosl 038700 PCT/ EP2004/ 052502
- 14 Curvature anal ysis proved-ineffective, and

bipatt/ wre fresore BRIATEA0 Nalssmans. e idsth (2608 ghovitg Shaopbsde

accurate.recognition. However, Beum er and Acheroy

REfeHOn Fing Kemdea dilenz @aavsists dDeppghalla model fsimeue
. . fi :

G A AR 85 Shed SMLERL R WEIOEF Rt Ul g

WedpieHp Ebdng BOR A6 BL Th RERET dabRSAI0MN08M phdmyfRRs
9% on the automatically aligned surfaces and
recognivion algorithms Image and Vision Computing, J, Vol. 16, No. 5, (1998) 295-306].

Blanz, Romdhani and Vetter [spra] 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 altets shape and texture parametets of the morphable face model,
minimising difference to the two-dimensional image. These patameters ate 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 petfotm 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

vatious methods of matching 3D face models, few of which were successful.



bet ween 6. 25% and 9. 5% when manual alignnment was used.
Chua et al [supra] take a different approach, applying
non-rigid surface recognition techniques to the face
structure. An attenpt is nade to identify and extract

WOV WP eas of facial surfaces, creating PCIFREWHD52502
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invariant to facial 10 expression. The characteristic
used to identify these rigid areas and ultimtely

di sti ngui sh between faces is the point signature, which
descri bes depth values surrounding |ocal regions of
specific points on the facial surface. The simlarity
of two face nodels is computed by identifying and
conparing a set of unique point signatures for each

f . ldentificatj.on.test that th be | [
BT SRR S R e e e S
tto ide a € .
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fa%ﬁs Qégg%SD data. Proc. of The-International Society
pilesopt sridigptiontgithessischept opgl databagmf 3018ople paoincadiqual

[ ' thod S on 20 differentia eonetry.
LSS TR O O L AR R
basicah 6.25W £id0E5% SEA R Al D8t Wat 868, i Nt o one of

ei ght fundanmental types: peak, ridge, saddle ridge,
mnimal, pit, valley, saddle valley and flat. Coonbes
et al cpgas .St | y
conpari ng mﬁ%%%%@3%5gwgi%gg%éyggéF?ﬁ@%?é%%ﬂ%#ﬁfﬂﬁﬂcQ
cwog@tion fachninegitortis: fade quanict.t Ah bxtempyiaksge So Wenfifand
aver age .nal e éS_and femal e, face structure shows .
rHect fEd 2R pElaslRsarss, Eeating anpden ifvstatidadciadhape and

: j 1i-QF f s of..differ . gender.
G S0y D DBE e oAb O P BG5S R R R iR o,
s tippodshchebyccadido s the Pinadignanie OFHEK adseshdsRbM Wilues
| ocal i sati on. Lblng bot h depth and curvature
FHTgingilensl tegiopaef wecific ppintsoredie fatiskenicenZhe Siadlerity

)T;rfr) %ﬁ)}l f%te n%[igg ﬂ CIDIdIl%IqECIdbeY% en%fmnnug%%rco%pafjgg L ?elt off %m?'tqgg ©s,

point signatutes for each face. Identification tests show that the probe image is

identified correctly for all people when applied to 2 test set of 30 depth maps of
6 different people.

Coombes et al [A4. M. Coombes, R. Richards, A. Linngy, V. Bruce, R. Fright.
Description and recognision of faces from 3D data. Proc. of The-International S. ociety for
Optical Engincering. Vol. 1766, (1992) 307-19] investigate a method based on
differential geometty. Cutvature analysis is applied to 2 depth map of the facial
sutface; segmenting the sutface into one of eight fundamental types: peak, ridge,
saddle tidge, minimal, pit, valley, saddle valley and flat. Coombes et al suggest
that two faces may be distinguished by compating which curve types
classification of cotrelating regions. A quantitative analysis of the avetage male
and female face structute shows distinct differences in chin, nose, forehead

shape and cheek bone position between faces of different gender.



whi ch a set of neasurenents are taken, including head
wi dt h, nunerous nose 5 di nensi ons and curvatures,

di stance between the eyes and eye wi dth. These
features are eval uated using Fisher's Linear

WOBOCOP™M nant, determining the discrim natPiCAEPGHP52509
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of each |nd|V|duaI feature. Gordon's findings show
that the head width and nose |ocation are particularly
i nportant features for recognition, whereas eye w dths
and nose curvatures are |less useful. Recognition 10 is
perfornmed by neans of a sinple Euclidean distance
nmeasure in feature space-~ 1%everal conbinations of
features are tested using a database of 24 faci al
surfac takq&ifron18 eopl e, producing
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correct matches.

As mentioned previously, thete is little three-dimensional face data
publicly available at present and nothing towards the magnitude of data required
for development and testing of three-dimensional face recognition systems.
Therefore, we have collected a new database of 3D face models, collected at
UofY/Cybula as part of an ongoing project to provide a publicly available 3D
Face Database of over 1000 people for face recognition research. The 3D face
models ate genetated using a stereo vision technique enhanced by light
projection to provide 2 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 putrpose of this evaluation, we use a subset of the 3D face
database, acquired duting preliminaty data acquisition sessions. This set consists
of 330 face models taken from 100 different people under the conditions shown
in Figute 5.



During capture, no effort was made to control |ighting
conditions. In order to generate face nodel s at

vari ous head orientations, subjects were asked to face
ref erence points positioned roughly 45 degrees above

WO w t he camera, but no effort was rRETEPRY4/052502

10

15

20

25

enforce a precise angle of orientation. 5 Exanples of
the face nodel s generated for each person are shown in
Figure 5 3D face nodels are stored in the OBJ file
format (a common representation of 3D data).and
orientated to face directly forwards using an
orientation nornalisation akgorithm (not described
here) before being converted into depth maps. The

dat abase .is then separated into two djsjoint sets: the

10 t r aPAFRG e ETAL WAYTSTE Rroakpighiag sorsfitianppdn 01
i f i ni.ng 290
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i Bgpth naph Ehe Brtabage isthemmieparatedintodwedigpiot shes: ithead by

ct i 3 B Sl
BEBB RS o0l RBE e imd Rl e ) o s
‘8P eaakinieg 20@HERE ntps FonSMaFal %gﬁt&%' cMiBRPLARAE 10N

of principal conponent analysis t e training set of
Figotedl. Bath tlacteaining aktiang test sit obdtain subjopts ofiehridus ridepdge

SRS L e SR Sl
PCT/ EP2004/ 052502

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 features caused by envitonmental 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 sutface representations, which
may affect recognition etror rates. These sutfaces ate detived by pre-processing

of depth maps, prior to both training and test procedures, 2s shown in Figute 8.

In out approach we define a 3D sutface space’ by application of
principal component analysis to the training set of facial surfaces, taking a similat
approach to that desctibed by Tutk and Pentland [ssprd] and used in previous

investigations.



- 17 Consider out training set of facial surfaces,
stored as orientation nornmalised 60x105 depth naps.
Each of these depth maps can be represented as a
vector of 6300 el ements, describing a single point

WOLHP4 he 6300 di mensi onal space of al | PEB&EEIGHE52502
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depth maps. What's nore, faces with a simlar 5
geonetric structure should occupy points in a
conparatively |l ocalised region of this high

di mensi onal space. Continuing this idea, we assune that
different depth maps of the sane face project to
nearby points in space andidepth maps of different
faces project to far apart points Ideally, we wish to

extrac i.on of t ce that, contains faci al

sur f ac[é%ﬂsif%a "”{“ﬂé Seti 0,{2?»%2]1 SHACES yiofes! ag %ﬂfﬁﬂ‘a%t i cal
n ur f aces

AP NI IR B 15 SRRt 30 B ACS

spaceto dff6300 elepeap e%¢n&ﬁng‘@ﬂﬁg1@p@iﬁt WHIOY ehe 8500 appl y
princji pal conponent analysis to the training set of M

depaopionglseaqeniall possiie éemh mapg) What's mprep facks with a similad}

e ri ance tri X
ROt AohcslE oSBT BollT b = St F oRGised g 7 orm
Hhehigh BindgRioyh] sp adel M‘ﬁﬁ&h% ils id@h) (E T[N ﬁlaygff gf the
covari ance natrlx are cal ctil ated ’usi ng  stan ré i near
Aegtth oaips of ﬁt@ spms Lﬁicte@m]eceutg eearby pain® idemace bhedepts edapsf
the d fpth map. space,. al ong_whi ch nost
wagtipeinty. sidsillygwe wish taﬁétrmﬁ éhe

h d f t hi
o S UG, 8 BB R BBl °

gmmuvalue wm@mmﬁnsﬁeésmemﬁﬁea@oefaaarmeftae@mm&e depn M
great est eigenvectors (in our systemM 40) are
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In otdet to define 2 space with the properties mentioned above, we
apply principal component analysis to the training set of M depth maps (in our

case M = 40) {T', I, T, ... T}, computing the covariance mattix,

N A=[®D,®,..B,]
C=4-) @,2, &=I-¥

f
n=1
o S ®
n=l

Whete @,is the difference of the sth depth map from the average .
Eigenvectors and eigenvalues of the covatiance mattix ate calculated using
standard linear methods. The resultant eigenvectors desctibe a set of axes within
the depth map space, along which most vatiance occuts within the training set
and the corresponding eigenvalues represent the degree of this vatiance along
each axis. The M eigenvectors ate sorted in order of descending eigenvalues and

the M" greatest eigenvectors (in out system M" = 40) are chosen to reptesent
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CVO 2005/ 038700 PCT/ EP2004/ 052502 - 18 surface space.
The effect is that we have reduced the dinensionality
of the space to M, yet nmintained a high | evel of
vari ance between facial surfaces throughout the depth
WORE S pace. W term each ei genvect or an BSTE@RYHPRBe,
containing 6300 elenents 5 (the nunber of depth val ues
in the original depth naps) which can be displayed as
range i mages of the facial surface principal
conmponents, shown in Figure 7. Once surface space has
been defined we project any face into surface space by
a sinple matrix nultiplicatgon using the eigenvectors
calculated fromthe covariance matrix in equation 1: Wk
=U_(r-"r") 10 where uk is the kth

=1...M.. (2
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thedepeioimeap kelstpgept h map. The vector 9 is taken as the
“face-key' representing a person's facial structure in
surface space and conpared by either euclidean or
cosi neWdirGhPOEER effBhvel®s an Sigidsdaan, dddifs L he-]
| Pul kbl (3) 15 Iir%%%ddition,gé%\s/e 82, ek asohRLae

5 {theaukbgr dfydepthsvalues pedicioviginalelegemnmap) &shichdah be displayed
di stance cal cul ation, _.rempvi ng any inherent di mensiona
B fzﬁﬁg%lﬂﬁigﬁ?fftge %&fﬂﬁ@lﬁ%}) EPREREZANS, Feawn indligurh é.
mahal anobi s di stance and wei ghted cosine di stance. An
acceptance (the tw facial surfaces match) or

rej ecti ¥y SPERE es has Peeredafingd Wi projaeitash fack éntel etéacai ned

%?%é %%%ﬁ%%ﬁagﬁﬁcgﬂc\ép us‘?‘nogog{: %?ggg%c():tors calculated from

the covatiance matrix in equation 1:

-

o, =ul(C-v) fork=1...M".
@)

whete uy is the kth eigenvector and e is the kth weight in the vector QT
= [w1, w2, 03, ... ], The M" coefficients represent the conttibution of each
tespective 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 compared

by either euclidean ot cosine distance metrics.

=le.-a) 4 0.0, )

d =1——%%
" el

euclidean
In addition, we can also divide each face-key by its respective
eigenvalues, ptior to distance calculation, removing any inhetent dimensional
bias and introducing two supplementaty metrics, the mahalanobis distance and
weighted cosine distance. An acceptance (the two facial sutfaces match) or

rejection (the two sutfaces do not match) is determined by applying a threshold



- 19 to the calculated distance. Any conparison

produci ng a di stance below the threshold is considered

an acceptance. In order to evaluate the effectiveness
the face recognition nethods, we carry out 41, 905

of
WOAMYPBF %t i on operations on the test set JGCTEFROHBRHQ]
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surfaces, conputing the error rates produced (see

Fi gure 8). 5 Each surface in the test set is conpared

with every other surface, no inage is conpared with

itself and each pair is conpared only once (the

relationship is symetric). False acceptance rates and

false rejection rates are calcul ated as the percentage
i ncorrect acceptances and incorrect rejections after

10 threshol d 'y range of
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(faC|aI surface degt %3%?1 Jgfﬁgugﬁé?%%3§1%¥ﬁﬁgnce
seameiries described earlier. The results dearly show
that dividing by eigenvalues to nornmalise vector
di mensions prior to calcul ating distance val ues

si gni fRabenticptaiee rensand favrofciontes 2Q hRLRALY dlhe
Eucl i dean and cosi ne di stance neasures, with the
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fromthe EERs s omn in Figure 11, that urface radi ent
Fhe Pyl SseniBatd ondeprandsdie poist whert FiRsequaly HREDI ng
information for face recognition.

We now present the results gathered from testing the tbree-aimensional
face recognition methods on the test set of 290 facial surfaces. The results are
presented by etrot cutves of FAR vs. FRR and bat chatts of EERs. Figute 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 prior to calculating distance values significantly decteases etrot rates
fot both the Euclidean and cosine distance measures, with the Mahalanobis
distance providing the lowest EER. The same four curves were produced for all
surface tepresentations and the EERs taken as a single comparative value,

presented in Figure 11.

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

representations provide the most distinguishing information for face recognition.



WD 2005/ 038700 PCTI EP2004/ 052502 - 20 The hori zont al
derivatives give the lowest error rates of all, using
the wei ghted cosine distance netric. In fact, the
' cosi ne distance returns the | owest er
‘WO?EF%?% or the majority of surface represeﬁF&@?gﬂgm”mz
except for a few cases when the weighted cosine EER is
particul arly high. However, which is the nost 5
effective surface representation seens to be dependent
on the distance netric wused for conparison (see Figure
10), except for curvature representations, which are
general ly | ess distingui shebg; regardl ess of the
di stance netric used. Due to the orthogonal nature of
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&@dé@mo}lmmgsqm(@ew@ggdeﬂ@)j ceTpi frer odmhmfsprmwre ivalch he
ext end ke conb ations. Table 1. Equal error
FEBEET 1%5&?‘#%%%}1/ } Alte distange metrs Sedf ace
Space ConblnatlonsEER Sobel X, Sobel Y, Horizontal
gradi ent |arge, vertical12. 1% gradient Laplacian,
Hori z ‘&WFdﬁﬁﬂgeOfﬁeﬂﬁ¢%aﬁ%@m®du@mtll 6% | ar ge
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10 ccmﬁﬁihgiﬂllesegtépﬁs&ﬁuohaﬁxﬂﬁreduce error rates fusther. Therefore, in

addition to the methods used in Figure 11, we test a nurhber of system
combinations by concatenating the face-keys projected from nuﬁlerous sutface
spaces, attempting to utilise distinguishing features from multiple surface
tepresentations. The results for which ate 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 sutface space combination systems

Surface Space Combinations EER
Sobel X, Sobel Y, Horizontal gradient large, vertical 12.1%
gradient
Laplacian, Hotizontal gradient latge, vettical gradient 11.6%
latge
Laplacian, Sobel X, Hotizontal gradient, Horizontal 11.4%
gradient latge, 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 carried out on a large database of three-dimensional facial surfaces,



We have shown that a well-known two-di nensional face
recognition 20 nethod can be adapted for use on

t hr ee- di nensi onal face nodels. Tests have been carried
out on a | arge database of three-dinensional facial
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captured under conditions that present typica
difficulties when performng recognition. The error
rates produced from baseline three-di nensional systens
are significantly lower that those gathered in simlar
experinments using two- dinensional images. It is clear
t hat three-di mensional faceglirecognition has 5 distinct
advant ages over conventional two-di nmensiona

a roagﬁgs. rking wwth a nu r_of surface )
Fg%% St OB A 78 ficylties when peréqrating
$ orpd | Lye f.or recognition than
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his seenms to indicate that horizontal derivatives
é%ﬁﬂsﬁéﬂlﬁ@ﬁaﬁs-lét 19| Fleatrtheti thege skpensirinel fam¢ feoopritivanhas

3y rofiles. Another advanta is that gradients
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al i gnnent procedure, as the derivatives will be
invari@nt,.to transl ations along the Z-axis. Curvature
repr es‘gﬁfké?g B2 B‘(’}mﬁ%‘i Og;g@gﬁﬁetfép%?ﬁ@@%ioﬁsaé%e heye Hiscovered
a8 Blci I RREOEN ik LA en ssurf.age
representati%ﬁs. dgﬁg?%%ﬁgﬁgiﬁ%ggggﬁgg?gﬁﬁé%gégﬁg%cond
devitvatipesnshion. dnariceis, IneRchtl Medit:es bRAGERRLBS: Of
orientatjion and transl ation alogg the -Z-axis. However,
HRPates RS Beems tp dndiase hehhotioniah detbmtives prodlenmded

€S RL:HL e L d.be the cause, of .the naisy

%u fvat utj(rjg | r%% é%n:ll %gig-ivar&rc % P ﬂﬁésre‘g??thﬁt adRFgREcds aia'énc e
gradients arelliksly 36 Bvvhokd1@ibubihg €888 Oh the .Hgfeﬁtofgroc e
face-key conparisons has a considerable affect® on thé
sbe fetiviagves il be inyaant 1o transhitiahs doay thaehivxis.hat  di vi di ng
each face-key by its respective ei genval ues,

nor mal i si ng
Cutvature representations do not seem to contain as much

discriminatory information as the other surface representations. We find this
surptising, as second detivatives should be less sensitive to inaccuracies of
otientation and translation along the Z-axis. Howevert, this could be a reflection
of inadequate 3D model tesolution, which could be the cause of the noisy

cutvature images in Figure 12.

Testing three distance mettics has shown that the choice of method for
face-key comparisons has a considerable affect on the tesulting error tates. It is
also evident that dividing each face-key by its respective eigenvalues, normalising
dimensional distribution, usually improves results for both Euclidean and cosine
distances. This indicates that dimensional disttibution is not necessatily
proportional to discriminating ability and that sutface space as 2 whole becomes
mote disctiminative when disttibuted evenly. However, this is not the case for

some of sutface representations with higher EERs, suggesting that these



di mensi onal distribution, usually inproves results for
bot h Euclidean and cosine distances. This indicates
t hat di mensional distribution is not necessarily
proportional to discrimnating ability and that surface
WOAROBY a whol e becones 25 nore di scri m RETEDO4#52392
di stributed evenly. However, this is not the case for
some of surface representations with higher EERs,
suggesting that these WO 2005/ 038700 PCT/ EP2004/ 052502
- 22 representations incorporate only a few dom nant
useful conponents, which becone nasked when nornali sed
with the majority of |ess diserimnatory conponents.
The wei ghted cosi ne di stance produces the | owest error
rates r the 5 jority of surface_representations,
e e i & el e, SoRb o EoneRisawhich o
BEQh&lRdsHch & HIR 2B SndiRe FOIRHELTY ity d%'kgs E@&ﬁiﬁ% in an
attenpt to wutilise advantages 'offere y nunerous
sompae@ys.r epr esent ati ons, reducing error rates
further. W have nanaged to reduce error rates from
17.8% EER, obtained 10 using the initial depth maps,
t o an HiRweighted 205106 diltgite hedutesthe 85 &E LGty B A6E
representations were conbined into a single system
S Moy phatfare representatisnst indudiak ye dpgivem tysam. tHds besdc
i mensi onal systens t.ested. under siml ar
%%(g?%%’n%f Llsd e meag 1o ﬁ%@%ﬁﬁtf%gg%—kﬁét%ﬂg@erapb@i ng
ttiat 280RES be | $E”i -
r ecogni t“?%tr? Meéﬁgﬁgg%éitelﬁgg%gﬁaggénﬁj leé§ r or%n%gF%ulﬁn SahaT
ragsstfurteeri nf or mat i on and capabl e of achi evi ng hi gh
| evel s of accuracy. Gven that the data capture nethod
produces face nodels invariant to lighting conditions

and prie hdesmidgedii feilics ks Eﬁmaﬁ.Sﬁ/@EERi bIeaREd| ess
es t'his system particularly attractive for

of pose,. .
10 v PR g FepRymemictod VR OF Ad wipl the s orctivee now
dtfaRe }e(f)résgﬁtag&iﬁ € éc’omol];incl::d S £ sigig e tsy(r)ste]ﬁ'?' These results ate

substantially lower than the best two-dimensional systems tested under similar

15

citcumstances in our previous investigations, proving that geometric face
| structure is useful for recognition when used independently from colour and

15  textute information and capable of achieving high levels of accutacy. Given that
the data capture method produces face models invariant to lighting conditions
and provides the ability to recognise faces regardless of pose, makes this system

particulatly attractive for use in secutity and surveillance applications.
We now turn to the examples of Figure 13 to 18,

20 Previous wotk [Beumier, C., Acheroy, M.: Antomatic 3D Face Authentication.
Image and Vision Computing, Vol. 18, No. 4, (2000) 315-321], [Gordon, G.: Face
Recognition Based on Depth and Carvature Features. In Proc. of the IEEE Compuser
Society Conference on Computer Vision and Pattern Recognition, Chanpaign, Ulinois (1992)
108-110, [Chna, C., Han, F, Ho, T.: 3D Human Fae Recqgnition Using Point

25 Signature. Proc. Fourth IEEE International Conference on Automatic Face and Gesiure



WOpRpRE:

*10

15

20

25

20 Previous work [Beumer , C., Acheroy , M: Automatic
3D Face Authentication. Imge and Vision Conputing,
Vol . 18, No. 4, (2000) 315-321], [CGordon, G : Face
Recogmltl on Based on Depth and Curvature Features. In

87T¢f t he | EEE Conputer Soci ety Conf ECEEE2045052502
Conputer Vision and Pattern Recognition, Chanpaign,
I1linois (9992) 108-110], [Chua, C., Han, F., Ho, T.:
3D Human Face Recognition Using point 25 Signature.
Proc. Fourth | EEE International Conference on Automatic
Face and Gesture WD 2005/038700 PCT/ EP2004/ 052502 -23
Recogni tion, (2000) 233-8]23[Zhao, W, Chellaa, R 3D
Model Enhanced Face Recognition. In Proc. O the
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sed.in ition to data - .or as an alternative.
dise ﬁmmatoty ormatlon avallﬁ)?e e facial surface structute, not available

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

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
ptiot to training and recognition, in which distinguishing features ate made morte
explicit, envitonmental effects are notmalised and noise content is reduced, can
significantly imptove recognition accuracy [Heseling, T., Pears, N, Austin, ].: Evaluation
of image preprocessing techuiques for eigenface-based face recognition. T Proc. of the 2nd
Tnternational Conf. on Image and Graphics, SPIE Vol. 4875 (2002) 677-685). Howevet,
the focus of previous research has been on identifying the optimum sutface
representation, with little regard for the advantages offered by each individual surface

representation. We suggest that different surface representations may be specifically



It has al so been shown that the use of pre-processing
techni ques applied 20 prior to training and
recognition, in which distinguishing features are nade
nore explicit, environmental effects are normalised and
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recognition accuracy [Heseltine, T., Pears, N

Austin, J.: Evaluation of inage preprocessing

techni ques for eigenface-based face recognition. In
Proc. of the 2nd International Conf. on |Inage and
Graphics, SPIE Vol 4875 (2002) 677-683]. However, 25
the focus of previous reseasch has been on identifying
the optimum surface representation, with little regard
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relative positions of facial features. The
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facial orientations and |ocal facial regions, 10 from
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shown to wor effectively when applied to

t wo- di nensi onal inages. Here we anal yse and eval uate a
range tdre 30ah AR 2h& CRMBkd 4 DRSYFIS Thee gnﬁi

utilising a ditferent surface represeﬁ?%)lo%BEFWFH%
fagle palisingt a difengnesuriape gpresentation of the facial structure, in an

attempt to identify and isolate the advantages offered by each representation.
Focusing on the fishersurface method of face tecognition, we propose a means
of selecting and extracting components from the surface subspace produced by

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

Prior to training and testing, 3D face models are converted into one of
the surface teptesentations shown in Figure 13. 'This is done by firstly
otientating the 3D face model to face directly forwards, then projecting into 2
depth map. The sutfaces in the table of Figure 13 are then detived by pre-
processing of depth maps.

We give here a btief explanation of the fisherface method of face
tecognition, as described by Belhumeur et al [Belbumenr, J- Hespanha, D. Kriggnan,
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nmet hod of face recognition, we propose a neans of
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be conbined into a unified surface space. 20 Prior to
training and testing, 3D face nodels are converted into
one of the surface representations shown in Figure 13.
This is done by firstly orientating the 3D face nodel
to face directly forwards, then projecting into a

depth map. The surfaces i-n2che table of Figure 13 are
then derived by pre- processing of depth maps. 25 W

ive here a, briet explanation of the fisherface nethod
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vari ance of a person's flace structure (due to
¢qvptioehces such as facial expression and head
orientation), fromone face nodel to another, as shown
in

Training Set= {T, T, T% T% I T, T I, T3, T, T, Tz, T - Tht} o)
X X X5 Xy X

Whete 1 is 2 facial sutface and the training set is partitioned into ¢
classes, such that each sutface in each class X;is of the same person and no
single person is present in more than one class. We continue by computing
three scattet matrices, representing the within-class (S5,), between-class ($B) and

total (§7) distribution of the training set throughout sutface space, shown in

equation 5.

M 3 e
S=X0-NG- S=SRIE-DE-B =Y YO0 5 ®)
Bl (S0 ™ Tex,
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equation 4. TAmMi ng set=

(r,,r,,r9,rd, r57r6,r,,rg,r9, rp,rll, r, 2, r13,...rM (4)
X, XZ Xs X4 X 15 Where F, is a facial surface and the
training set is partitioned into ¢ classes, such that

WOAAB3E f ace in each class Xi is of the sZFEEBUPEEASANG

no single person is present in nore than one class. W
conti nue by conputing three scatter matrices,
representing the within-class (S,,), between-class (SB)
and 20 total (ST) distribution of the training set

t hroughout surface space, shown in equation 5. Af
Sr=Sfr.-"~( -)r Sa=~ jtx—-p¥)L Y -Y)r Sir=S
~(rr-Yi)Qn-i. )" (5 'f Pl 141 S. WD 2005/ 038700

PCT/ ER2004/ 052502 . -26 Where ,y= "i. 1S the average

sur f ac®6f¢ ‘{%grneﬁtﬂ?er”ge’fag%%?"ﬁ@ of the entisedratping peheandver age
of class X By performng PCA using the total scatter
\f’,, ?% Zfﬂ theral’véir,agé'fﬁﬂ dlds?ﬁ)@' By P@W@H utslﬁg t_ﬁ@]{?)tﬂ’l's&tter
prine#xpal conponents, we produce a projection matrix
Up., used_ to reduce dinmensionality of the w thin-class
suH & 2pdiaking thetopridupringpiltcoinponants, siengutiae ahebecton

SRB et Basl o Ba frsp S R S ha T B o s Ehow n
esbudh @1 Bon-binbiAbeRRRotbutid}lAne tdf9 P Un this case 49)

eigenvectoss of the reduced scatter matrix tatio, Up as shown in equation 6.

= BIEMAK] r———
v JU UraSel )|

v (loUZ,s,0,.0] J . ')

Finally, the matrix Uyis calculated as shown in equation 7, such that it
may project a face sutface into a reduced sutface space of ¢-7 dimensions, in
which the between-class scattet is maximised for all ¢ classes, while the within-
class scatter is minimised for each class X

U, =U,U )

Jid™ pea

Once the mattix Ughas been constructed it is used in much the same
way as the projection mattix in the eigenface and eigensurface systems, reducing
dimensionality of face sutface vectots from 5330 to just 49 (+7) elements.

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

viewed as images.

Once sutface space has been defined, we project a facial sutface into

sutface space by a simple matrix multiplication using the mattix Uy, as shown in

equation 8.



UWwU ~SfFIU-U (6) Finally, the matrix USis cal cul ated
as shown in equation 7, such that it nmay project a
face surface into a reduced surface space of c-1

di nrensi ons, in 10 which the between-class scatter is

WOM0Y0878%d for all c classes, while the w PRIAP2084/@52%2
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scatter is mnimsed for each class X. Uo = Unat ;. (7)
Once the matrix U f has been constructed it is used in
much the sane way as the projection matrix in the

ei genface and ei gensurface systens, reducing 15

di nensionality of face surface vectors from5330 to
just 49 (c-1) elenments. Agains |ike the eigenface
system the conponents of the projection matrix can be
vi ewed as images. Once surface space has been defi ned,
we project asf-agiral)subflack.ahto surface spgce by a

sinmpl e trix |tiplication using the matrix Up, as
shown Wgeafe ?leéggléﬁhi egFIEeCtonend 0p 5 thg Bthogeight in the vector QT
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The c-i coefficients represent the contribution of each
fakep et theviacd-keyh eapseserfitinge. pepsonlydadal isgirtade if aeiuedd sur f ace
tructure. The vector . 0 is aken as the "face-key'
?"é’b‘?ﬂé‘%?ht}’ FeFtage 5eacs nd somppatrdpsing gither enclidsan or satieed 5

qgﬂ@a§&@ﬁﬁggggnﬁﬂﬁgqﬁgngg@pe and conpared using either
eucl i dean or cosi ne | stance netrics as shown in

equation 9. Il a. - ~b Il dn~didew ~ dnsin _1 P40bl
dellclldaan = "Qa - Qb” dcnsine =] —-%— . (9)
' l2Je.]

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

considered an acceptance.

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

However, the supertiotity of the hotizontal gradient representations does
not suggest that the vettical gradient and cutvature 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



(9) An acceptance (the two facial surfaces match) or
rejection (the two surfaces do not match) is

deternmi ned by applying a threshold to the di stance 10
cal cul ated. Any conparison producing a distance val ue
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we anal yse the surface spaces produced when vari ous
facial surface representations are used with the
fishersurface method. W begin by providing results
showi ng the range of error rates produced when using
various surface 15 representations. Figure 14 clearly
shows that the choice of-spgface representation has a
significant effect on the effectiveness of the
fishersurface .method,. with ori.zont.al gradient .
Vg R B R EGHE B Gyt ing e ISR O aTghle e
(1 . 33 A . .
T S L M BB S R R R AT
deatiscriptnatiog akiliygesnct ffacé fracy/by ifplahg Bishesghteaand
urvature representations are of no use whatsoever and

Lot {(Hd )kl psesed by Szatdesy [smielop raalyssi$Dhfase fadbdeship

[ t.al | may . not- be as.robust and .
bR RRER' AP LB IR 85 PP Wi Zivsrossrbo
Bedlk BER200A42 Ab2aNdn WlcAwlkdihe istBk Rt PASIHbYS the
contribution to the information already availdble in
tliseriminatingawea of graadiremsiondptesmntpebplons. W now carry
out further investigation into the discrimnating
ability of each surface space by applying Fisher's
Li near Discrim nant (FLE;@FQ%zused by Gordon [supra]
to anal yse 3D face featur®s, t'o 5 individual conponents
(single dinmensions) o Zgg;;éy&zace space. Focusi ng on
a single face space difi#H& on " cal cul ate the
di scrimnant d, describing the discrimnating power of
t hat di nension, between c people. d=/H. -

Whete 7 is the mean value of that dimension in the face-keys, 7'12,- the
within-class mean of class 7and ®; the set of vector elements taken from the
face-keys of class z Applying the above equation to the assortment of sutface
space systems genetated using each facial surface representation, we see a wide
range of disctiminant values describing the distinguishing ability of each
individual dimension, as shown in Figure 15 for the top ten most discriminating

dimensions for each surface representation.

Itis clear that although some surface reptesentations do not perform well in
the face recognition tests, producing high EERs (for example min_cutvatute), some
of theit 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 sutface teptesentation may be
patticulatly suited to a single disctiminating factot, such as nose shape or jaw
structute, but is not effective when used as a mote general classifier. Thetefore, if we

wete able to isolate these few useful qualities from the more specialised subspaces,



t ~(x-m)Z r=t gm10 Were cis is the nean val ue of
that dinmension in the face-keys, vii the wthin-class
mean of class i and A the set of vector elenents taken
fromthe face-keys of class i. Applying the above

WO48¥h to the assortment of surface spBREBERIPEYQSATH2
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generated using each facial surface representation, we
see a wide range of discrimnant val ues describing the
di stinguishing ability of each 15 individual dinension,
as shown in Figure 15 for the top ten nost
discrimnating dinensions for each surface
representation. It is cleag9that although sone surface
representations do not performwell in the face
recogni,t;i on sts, producin i gh EERs (foj exanple .
HEES 0P s P s sy Piturtntion de e Rifectin,
GRAkal i&éﬁﬁﬂg&%ﬁ?ﬁéqﬂﬂﬁ£9ry i nformation. Ve 20

hypot eglse t hat thesreason for these highly

di scrimnating anomalies, in an otherw se ineffective
subsp j K- surf ace..represent ati on y
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not effective when used as a nore general classifier.
o rioitisingysutfage spacgidimeertsions.s Beane thheseadeew usef ul

ual. tiies, fromthe .nore specialised subspaces, W
b 50 e 8 B e BB Bt S e D B3 e Bt
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ef fective surface space, reducing error rateés turther.
énenopthadesers, epethifthd diecrmmiadtingiabilined 410 dsentl SatdbekdT'd N
above ar to conbine multiple face rec%gnition ;

ed
e fosithis £ffect, Ve nnERis Bomert bg divding sacbretstem of
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aver ag magni t ude an viatlion o ace-
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orders of magnitude, certain dinensions will have a
¢preRaaents ate consideted equal. Although not a problem when applied to a

single sutface space, when combining multiple dimensions we would ideally wish
to give greater precedence to the mote reliable components. Othetwise the
situation is likely to atise when a large number of less discriminating (but still
useful) dimensions begin to outweigh the fewer mote disctiminating ones,
diminishing their influence on the vetification operation and hence increasing
etror rates. We showed how FLD could be used to measute the discriminating
ability of a single dimension from any given face space. We now apply this
disctiminant value 4 as a weighting for each face space dimension, proritising

those dimensions with the highest disctiminating ability.

With this weighting scheme applied to all face-keys produced by each
system, we can begin to combine dimensions into 2 single unified sutface space. In
order to combine multiple dimensions from a tange of surface spaces, we require
some critetion to decide which dimensions to combine. It is not enough to tely
putely on the disctiminant value itself, as this only gives us an indication of the

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



i nfluence than others, even if the discrimnating

abilities are evenly matched. To .conpensate for this

effect we nornalise nonents by dividing each face-key
eI enment by its wthin-cl ass standard devi ati on.

WOI%B%@\?@P, in normalising these 'dimensi on$CHEPHAYE2HRs0
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renmoved any prioritisation, such that all face space
conmponents are considered equal. Al though not a problem
when applied to a single surface space, when conbi ni ng
mul ti ple dinensions we would ideally wish to give
greater precedence to the nore reliable conponents.

O herwi se the 15 situatien3dos-likely to arise when a

| arge nunmber of less discrimnating (but still wuseful)
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ven ce space. We now apply this 2 0 discrim nant
%ﬂl "l{fﬁ@én%() NGRS hdeatee Agadnpicsoewiliade aisteyst. on,
prioritising those dinmensions with the highest
di scrim nating abili t%ﬁ Wth this weighting schene
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tesultant increase in the EER. In ptactice, 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




addi ti onal dinmension describing a feature already
present within the existing set . 5 Investigations have
used FLD, applied to a conbi ned eigenspace in order to

dict its effecti veness when used for recognition.

'WOAHHWFiﬁha| di mensi ons are then introduce8CT/EP}E4/052502
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result in a greater discrimnant value. Such a nethod
has been shown to produce an 2D ei genspace conbi nation
able to achieve significantly |lower error fates in 2D
face recognition, although it is 10 noted that using
the EER would likely provide better results, although
processing tinme wuld be-extrenely | ong. However, wth
a nore efficient conbination algorithn1me now t ake
required for a

t hat ro su h t at the crit

n ew d ?ﬁ%ﬁ ?g th TS S g’éfﬁ SACe BPAGE WE1G rsf‘la‘é@i
[ &St apt ra t|

any %ﬁf%ﬁﬁ%a ion ng?ﬁggﬂﬁéqaggofgnﬁggg%gﬁﬂégf%%t

bertidean divhinceahéitia anf thel bﬂemmgnhe ¢aine disAscoanet. C
al gorithns, sinulated annealing etc). Conbined surface
space = first dinmension of current optinmm system

Cal culWee @oticBnphreaharbbmbided sifrf22€ 6220 88 mdRHih #RCH
surface space system For each di'mension of surface

eprieen indipided sestem.asingwott the nesionamhéwlidaordbizned
surface space Cal cul ate EER of conbi ned surface space
has not increased: Renove new dimension from

conbi ned surface space Save conbi ned surface space
readyjﬁpr eval uat i

€ eLfor Cufves s own in Figutes 17 and 18 illustrate the results obtained
when the optimum single fishersutface system and combined fishersurface system
ate applied to test set A (used to construct the combined system), test set B (the
unseen test set) and the full test set (all images from sets A and B) using the cosine
and euclidean distance metrics. We see that the combined systems (dashed lines) do
ptoduce lower etror rates than the single systems for both the cosine and Fuclidean
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 respectively.

It is to be noted that this is just one example of selecting dimensions and
can only determine 2 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 generally
cover any seatch or optimisation method used to select a subset of the dimensions
from the total set of dimensions in otdet to give an accurate and reliable system

petformance.

The vatious methods disclosed hetein may be combined with one anothet.



WO 2005/ 038700 PCT/ EP2004/ 052502 - 31 Figure 16 shows
whi ch di nensions from which surface space were sel ected
using the above algorithm for inclusion in two

onbi ned systenms: one using the euclidean distance

wor;gqsptpqgo%nd the other using the cosine di sPEREB20AHSRIOR.
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W& now conpare the conbi ned surface space systens with
the 5 optinmumindividual system using both the cosine
and euclidean di stance neasures. The error curves
shown in Figures 17 and 18 illustrate the results
obt ai ned when the optimum single fishersutface system
and conbi ned fishersurfaee3system are applied to test
set A (used to construct t he conbined systen) test set

R T i e
Qﬁé@isécﬂ%@i@c ntH«?&t%ﬂ% ustf §§1%d_fﬁ|§§tto h%%??e ned

st ens (dashed I duce T oner “E
D jactst he single systens for both di e cosine and
Eucl i dean di stance neasure. The opti mum system can be
seen as the fishersurface combi nati on using the

cosi néndhis spdifiatioh, 4R Bc b rEERasQfs nbradh nd
8.2% 15 for test set A, B(ﬁ@?A aﬁg értespé%Fﬁé%? 't

P@W@g i@ dernte donfeaclusive lsdll-‘sOI} uBliat @nesee)fa]mhrercb'fcompnse"
nly determine a |l oca

ect ng, di mensi ons ,a no
R AT Ao el oneTrius or o Rooet rudnie set
ﬁﬁ%ﬁ, bﬁﬂmﬁﬁaﬁ&hg peats which, in this case, is
t he sel ection of of the horizontal derivative

conmponents. O her enbodlnents of the invention

' hod
oo el CRKRLATDARER P RN oRE ifene

itlottifled S tomfectithareiis HnspplicathAaA & Al Shd/frydApaE GHY at e
nd reliable” systen1 performance. The varlogs net hods
s C%nélmtthme orepiqus tothes sredfibeion MO

&%é&t@ﬁ%&oﬂlﬁ%l)ﬁ&%gg Aa'.tll W, cﬁ are open to public inspection with

this specification, and the contents of all such papers and documents are

incorporated herein by reference.

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 whete at least some of such features and/or steps ate

mutually exclusive.

Each featute disclosed in this specification may be replaced by
altetnative features setving the same, equivalent ot similar putpose, unless
expressly stated otherwise. Thus, unless expressly stated otherwise, each feature

disclosed is one example only of a genetic series of equivalent ot 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



- 32 As indicated above, although illustrated
enbodi nents of the invention are used to recognise
faces, they may be used or nodified to recogni se other
objects. In this specification, the verb "conprise" has
WO PSP hal dictionary 5 meaning, to denot @CT/EP2004/052502
non- excl usi ve 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
al so including further features. The reader's attention
is directed to all and any priority docunents
identified in connection-wBBh-this application and to
all and any papers and 10 docunments which are fil ed
congurr.ent| i th or.previ.ous to this specification in
SO PER e et SisEIgRR 18 48 Sheciffetam PE P AP o8Bt o
b 6o , . . N, ,
e SRR R, U 8 siebr bP RGN CRbloRly sBBRL0
i ncorporated herein by reference. All of the features
disclosed in this specification, and/or all of the
steps 15 of any nethod or process so disclosed, maybe
conbi ned in any conbi nati on, except conbi nati ons where
at | east some of such features and/or steps are
mut ual |y exclusive. Each feature disclosed in this
speci fication nay be replaced by alternative features
serving the same, equivalent or simlar purpose, unless
20 expressly stated otherwi se. Thus, unless expressly
stated otherw se, each feature disclosed is one
exanple only of a generic series of equival ent or
simlar features. The invention is not restricted to
the details of the foregoing enbodinent(s). The
i nvention extends to any novel one, or any novel WO
2005/ 038700 PCT/ EP2004/ 052502 - 33~
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conbi nation, of the features disclosed in this
specification, or to any novel one, or any novel
conmbi nation, of the steps of any nmethod or process so
di scl osed. WD 2005/ 038700 PCT/ EP2004/ 052502 - 34

WORPRIBE. A nethod of recognising an i mag@CTEBHIH30Rg

the steps of: a. processing the image to provide an

i mge set containing a plurality 5 of different
processed i mages; b. conbining the processed inmages in
the image set; c.. transformng the data space occupied
by the processed inages in the inage set; d.
generating, fromthe i magesget represented in the
transformed 10 data space, an inage key representative

Qgggﬁg i mage; "and e. conparing the inmage key with at
I Bne previously stored image key of a known

i mge. 2. A nethod according to claiml1l, wherein step
a. includes extracting inmage features including at

Heast Amethéd Gﬂ@@%‘{ﬁshigrh@limag@\é@ﬂnﬁﬁﬁndg HeadigBE: 15

conponents, curvature conponents an col our conponents.

3. A nmethogd,aesqy g Mgadeo, Lo L gtp st.ep,.
is carrie 8ut§%§ri or a%eooi%(g% C. %agisente ﬁ{) a%:ac%l}]%h%g
to cl ai m lofaliffe2ent\whenessed ivige C. is carried out prior
to step b. 20 5. A nmethod according to claim1l1, 2 or 3,

wher ei NbstcembinCOEREO@ER AP HR%nbNE 1. mage key with
j ust one previoJilsﬁgtored i%%ﬁe k%y,%$beﬁerify t he

| dent i Y. OfaokBfnioR88 Y BRO984 GRS 190 FGTLER2A04] 052502

the image set;

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

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

e. comparing 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, gtadient

components, cutvature components and colout components.

3. A method according to claim 1 o 2, wherein step b, is cattied out priotr

to step C.

4, A method according to claim 1 ot 2, whetein step c. is cattied out ptior

to step b.

5. A method according to claim 1, 2 ot 3, whetein step e. comprises
compating the image key with just one previously stored image key, to vetify the

identity of the image.



- 35 6. Anmethod according to claim1, 2 or 3, wherein

step e. conprises conparing the inmge key wth a

plurality of previously stored i mage keys, to identify
7. A nethod according to claim®6, conprising

t he inmmge.
Woh /O?W(?her step of sorting 5 the resul t $CHEPIHE0S2502

conparison in step e. to produce a list of potentia

mat ches w th previously stored i nage keys. 8. A nethod
according to claim6 or 7, wherein step e. is carried
out using a Euclidean distance netric (the L2 norm,
mahal anobi s di stance netric or a cosine distance
metric. 10 9. A nethod aec8sding to any of the
preceding clains, including the step prior to step a.

f rotati nd/ oy. positiqning,the inmage to a .

%’r edet%ﬁﬁqﬁ% acc8f‘¥%£ & 2\”‘83’ gﬁgﬁo‘?}‘eﬁﬁgis SPENCAURRESt dept h
ROMPRIoSBE irfifbe 1k with ACENL jg.{gé t.he
precedﬁﬁg cI%?ns?“?ngﬁﬁgin Oaﬁs?%%“98¥%%¥ e%%%ﬁob. of
fentifylthsinmgedat a prior to conbination. 15 11. A net hod
according to any of the preceding clains, wherein said
image is obtained froma canmera. 12. A nethod

accor dA ngthiel ARYrddig bR beeRsb gcdnamermgbﬁgd}ﬁﬁgi d
[ conpri ses 3D data. 13. A nethod according to” any

i mage (
5 B el pf thecepnrrptisominmtep entreprodncesalisd of peigetial Adtches

rises, 2D data. 14. A nmethod according to clains 12
anggiﬁw\ﬁﬁes%erf‘ﬁngaﬁeé‘eﬁnage conprises a registered
2D- 3D i mage pair. WD 2005/038700 PCT/ EP2004/ 052502 -

6 15, A .nethod according to any of the precedin
1 ai rTBé,& cHorgfr&}o Id g ot 7, th):/rem step e. ispcatlied out gsing

a Euclidean distance mettic (the L2 normy), mahalanobis distance mettic ot a

cosine distance metric.

-

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

otientation and/or position and/ot depth normalisation.

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

ptiot to step b. of normalising data ptior 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

comptises 3D data.

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

comptises 2D data.

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

a registered 2D-3D image pait.



carried out by a Principal Conponent Analysis nethod.

16. A nethod according to any of clains 1 to 14,

mherein step c. is carried out by Fisher's Linear
Discrimnant Analysis method. 5 17. A nethod accordi ng

W0t28055)ﬁ§7093f the preceding clains, wherein sEZFYEPHAHS2502 S
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an image of a face. 18. A nethod according to any of

the preceding clainms, wherein said image is an i nage of

a human face. 19. A nethod according to any of the

precedi ng clainms, wherein said image 10 is a natura

i mge. 20. A nethod according to any of the preceding

claims, wherein said i mnage36éset includes the origina

i mage. 21.- A nmethod of recognising an i mage, the nethod
ing gubstantiall r.ei nbef ore descrlbed W th

T8t or R Rttt Biipa A it grcredine dlggos, mhesn step ¢

Anpiad B J%&ﬁ?@gﬂigﬁh&ﬁ Ak, dthe appar at us

conpri si a. processing ns arranged to process the

I mage to prOV|de a plurallty of different processed

[ nb h
L ocoes s AR o TERR ARG TN, VPR TR S b Foice

bhtebydamrspamm@mnaﬂtmal}tanmtg@d.pr ocessed images; WO
2005/ 038700 - 37 PCT/ EP2004/ 052502 d. generating nmeans

arranged to generate fromthe conbi ned and reduced
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|mage and e. conparison neans arrange 0O compare

 snndoageaf adndeh at

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 ofiginal 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:

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

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

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

processed images;



5 | east one previously stored i mage key of a known

i mge. 23. Apparatus according to claim?21 and arranged

to performa nethod according to any of clains 1 to
Apparatus for recogni sing an inage

t he
W0§g06§$8§%8 bei ng substantially as . herei nBETEP@04052502

described with reference to the acconpanyi ng draw ngs.
10 25. A nethod of recognising a three-di nensi ona

i mage, conprising the steps of: a. transform ng the
dat a space occupied by the imge using Fisher's Linear
Di scrimnant Analysis; b. generating, fromthe
transforned data space, an37rmage key 15 representative
of the imge; and c. conparing the inage key with at

| east one viously stored imge ey of a known

i mage. gB. Pparari S?ﬁ?m¥géﬁéﬁ%§?ﬁgné”%eCmnbﬁmdand

t hr ee- di nep&ice8tock ; i gi.;ng 20
a. nmeans for trgnsffﬁgﬁé?E?ﬁ%ﬂgggggégégg%%ggéﬁ?gl by

t he i mage imegst gl Fi sher' s Linear Discrininant Analysis;
b. nmeans for generating, fromthe transforned data
space, an cofiiB@isonkBdank eRIBSE RS &l i | . .and
W0 2005/ 038700 PCT/ EP2004 S 01 ahbiflts fle il LIARE,
conpar i ng lekeonepsgrodelnstated nage kepai kanen jragei ousl y
stored i nage key of a known i nage.

23. Apparatus according to claim 21 and atranged to perform a method

according to any of claims 1 to 20.

-24. Appatatus for recognising an image, the appatatus being substantially as

.hereinbefore desctibed with reference to the accompanying drawings. -

10 25 A method of tecognising a three-dimensional image, comprising the
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steps of :

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

teptesentative of the image; and

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

key of a known image.

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

compiising:

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

using Fishet's Linear Discriminant Analysis;

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

key representative of the image; and
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c. means for compating the image key with at least one previously

stored image key of a known image.



