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RECOGNI TI ON Thi s invention relates to the recognitioq,s ADR 7

of images and is concerned with the recognition of i 200

th.natural and synthetic inages. By "natural inmage"

'WO?@bﬂggﬁ& an i mage of an object that occur SCHEPUPHIRSP2-

for exanple, an optical imge such as a photograph, as

wel | as images of other wavelengths - such as x-ray

and infra-red, by way of exanple. The natural inage

may be recorded and/or subsequently processed by

digital neans, but is in contrast to an inmage - or

i mage data - that is generated or synthesised by

conputer or other artificial neans. The recognition of

natural inages ca j e.for _many reasons. For
exanpl e, distinctﬁb@ﬁ?gﬁggéé gEioh bui | di ngs can be
recogni sed, to assist in the identification of

geogr aphi cal ] ocations. The recognition of human faces
can be My EEen fr%?tesi ethe itsospiion AL pAgessEElp cogcened with
tBHE&g%rﬁéon Ji ok g&mﬁi'sgl{hl cjﬁé%é‘.a.b' e animals  such as
racehorses nmay be very Useful I' identification
purposes. In this specification, we present in

pref ery ad dinments of the invention .a new apprqach
to fa(rl:grg rmé“%g;gm Boft Iﬂgﬁnﬁéngnﬁg&ﬂ\f@ﬂ? ¢t that occuts na ﬁlY"

fohepngle, RNSHRAGMFAGHAR! 2sSHPh r takban
generé?ed f?%nwa E%iversityﬁd§£§%E%Q€C§%$§]?%g%u?EPQﬁg
wrclengtibat abeks . xRy apd tiefasied iyl wayaoh cxadylan e daturdl d@epe
reaggnitiqg-t?chn | ogy,.it has %et,to achi eve the

PR s oy rled,pac Prpsadaertly msererssd Drdisyal cesane bet ialin endrast
N slal” i-ab.; Lcati face
recg%%%tﬁ%h sgs%%ﬁsH%?%?F%ﬁ%%@§%§§%%§§gF%ﬁPmEPFﬁw”W%?és
artificthmedrgst envi ronnent, these figures often increase

when exposed fo a real world scenario. The reasons for .
these high error rates stemfroma nunber of .

wel | -memO@awf@bm%e@emma\aesﬂaﬁyﬁﬁ n%g@eaﬁéﬂs! ¥or
sol ved, Face WO 2005/038700 PCT/ EP2004/ 052502
example, distinctive landscapes and buildings can be recognised, to assist in the

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

such as racehorses may be very useful for identification purposes.

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

Database.

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

number of well-known sub-problems that have never been fully solved. Face
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2 recognition systens are highly sensitive to the
environnental circunstances under which inages are {§ 5 APR 2007
captured. Variation in lighting conditions, facial

ression and orientation can all significantly

X
\VOZ(%@@E@% error rates, making it necessar PCTEPHIF/HRI2N

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 nethods of face recognition

4 hat . are ro n the foregoi respects.

REBIInS Stg% 3“%& EEPIHYT 1 tﬁ‘g € Y’g%%’i’ﬁn ﬁk‘i@ﬁ"t‘ﬁt@ﬁ“ t here
deRlePRh G85beR ard B fétb@éh O&aﬂaﬁ&%ﬂh
conprising The steps of : a. protes |ng t e’ |nage to
mﬁmwmdmamhommmgﬂmsmhaﬂe@hﬁknﬁh@n@r@heﬁﬂ&mh¥Jnﬂﬁn it
di fferent prqcessed inmages; b. conbining the processed

HCRESHEE 1 B CoRiEens éfflagePaP@fe €qnskiiome bRiveEN LRy dad a

e es
eB0E Sy M Bttt BB ER A ST @@Wé?%pﬁh&sﬂgmoggﬁi n
difignatdsaBale@fikdke ﬁﬂlt%@@@ﬁete@%y'fm%g@c assive
representative of the image; and e. conparlng?the i mage

Hiempetyir iththgtsenssakat ﬂovh@s pretefuisssupjest cr-epertiage 20 key

of a known image. Step a. may include extracting inage
features including at |east one of edges, lines, °
wavel Btefsrragr ebeelithervo nptheentssnt iauentdhuire (e pivpilaent s and

cO conponents. 0 5 APR 2001 = WD 2005/ 038700
Hp‘éﬁ)cg np cogatiipn-ghat are improwved in the foregoing respects.

rl

According to one aspect of the present invention, thete 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 tepresented in the transformed

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

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

key of a known image.

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

comp onents.



Step b. may be carried out prior to step c.
Al'ternatively, step c. may be carried out prior to 0 5 APR 07
step b. Step e. may conprise conparing the imge key
i st one previously stored |nage ke to verlf
WO%“(%}R?%@ntlty of the image. 5 Step e. X’ WF?O%OSZSO
conparing the image key with a plurallty of previously
stored i mage keys,. to identify the imge. 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. nmay be eaBried out using a Euclidean
di stance netric (the 12 norm, nahalanobis di st ance
netrl h |n n as_above
|gt gl?d%m%%g ep p }%"O%%?oe %lte{“_na& 1¥ ?C:Eﬁ ﬁjgay%
(ﬁﬂﬁﬂQﬁm asd ol g the image to a predetermn ned
orientation and/or position and/or depth
normal i sation. 15 A nethod as above may include the

step r inofTal,
combi ﬁ% |(aojfr111 ?%ai ]gﬂsle%gg maé/) be o t]% gﬁ %o(%re %:Vé&rr%l
sGaedliniaga ey, nayerifo nipr idseitp 6 datidagend/ or 2D data. Said
i mage may conprise a registered 2D-3D i mage pair. 20
Step ¢c. may be carried out by a Principal Conponent
5 Anal ySies et HfkeZo Btlﬁé)@lzlm %&Oﬁﬁmﬂ of
PCT/ EP2 04/62250 4 g?e C. naéggfgcarrled ogi by
pmwlvssoradm@ekgmmidm@memg ysis nethod. Said
i mge nmaybe an image of a face. Said i mage maybe an

i mmge of a human face.
A method as above may further comptise the step of sorting the results

of the comparison in step e. to produce a list of potential matches with

previously stored image keys.

10 Step e. may be cartied out using a Euclidean distance mettic (the L2

norm), mahalanobis distance metric or a cosine distance mettic.

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

and/or depth normalisation.

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

data prior to combination.

Said image may be obtained from a camera.

Said image may comptise 3D data and/or 2D data.

Said image may comprise a registered 2D-3D image pait.

20 Step c. may be carried 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 5 APR 7007

i nvention provides apparatus for recognising an inage, Sk
aratus conprising: a. processing r d

‘Wogﬁggﬁggess the image to provide a 10 p|miﬁﬁ?§%%$ﬂﬂf

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 mage key represéntative of the inmage; and

e. conparison neans arranged to conpare the inage key

wi th ale cl. El%:‘ge NG LLEH SHe¥s $5R isbﬁ@ﬂﬁm!( ﬁgs a

known | hage.” Such an apparatus nmay be arrange 0

mahbdr 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

threesﬂﬂ@g&%ﬂﬁyﬂe4ﬂﬂﬂ¥?op@ﬂ@£iSing the steps of : 05

APP ?007 2005/ 038700 PCT/ EP2004/ 052502 5 a.

transform ng the data space occupied by the inmage using

Fi Shesid imbdeMA b SERbIbARAmANALYST ;b generating,
fromthe transtorned ddta space, an inmage key
representative of the imge; and 5 c. conparing the

i mageck |t @§%rggg previously stored i mage
> key thgxﬁﬁ%ﬁﬁ%ﬁﬁﬁgg. R anot her aspect, the invention
provi des apparatus for recognising a
Said image set may include the original image.

In another aspect, the invention provides apparatus for recognisingan =~ -

image, the apparatus comptising:

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

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

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

processed images;

d.  generating means arranged to generate from the combined and

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

e.  comparison means arranged to compate the image key with at

least one previously stored image key of a known image.

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

any of the preceding aspects of the invention.

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

three-dimensional image, comprising the steps of : ‘



t hree- di nensi onal inmage, the apparatus conprising a.
means for transforming the data space occupied by the § APP 2007
image 10 using Fisher's linear Discrimnant Analysis;

Wogoosﬂ?s%bs for generating, fromthe transforned
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dat a
space, an image key representative of th&CTHBRYAYIZ3
c. nmeans for conparing the inmage key with at |east one
previously stored inage 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 ixel values refer to
intensity (brightness), or the pixels may have both

col our, and,.j [ Cl wi,th them In this ,
case, - se\?teanqo vafk”hyeesg%? gpaggégcglp IE & T PHeee JuRe }Sﬁgﬁ S,
nost  thMpéeDibyintihiRAdRsE col our 20 val ues such as red
(R}, green (G and blue (B), which are often referred
to as I I . Lxel hough_many
ot her br'ruRI(I%-ej\%ég'%ﬁgﬁe%ggégﬁ?%}tpﬁ%o%g%? tet’ %lég%%ﬁegﬁ[ and

I nt ensepryscafatiae pf ¥elimage apdssible. In this
specification, a "3D i mage" neans any three-di nensi ona

(3D) o epees ' r ;

anot her obj eg?%x%}:%?%e gn%ygaﬁ? F]i%ésjcéﬁglb%lg%ﬁlggég%%age
20051088700 k@i ERRO04/ 052502 6 coul d be a 3D poi nt
cloud, a 3D nmesh, or a 3D surface representation. In
preferred inplenmentations, the 3D inmage used will be a
dept h Imapothehispbct)¥hs inviehetors prwide & Rk reob@Ying a

Ei xe&g}ﬁed structure as a standard 2D i nage, eXxcep

Bsionak BpagGoihg eRPaTUWE FeppEsiegnt depths of the face
(object) surface relative to 5 sone reference pl ane.

In this speeisiocaendormiag thealisdpecactced by irsgagpai r
means a 2D.and _.. 3D j.mage of the sanme person's face (or
ot her “88§ E @%:r SiBra D%HBWWA%’@IY“SE '

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

key representative of the image; and

. 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) atray of pixel values. This may be
cither 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 thtee base colour
values such as red (R), gteen (G) and blue (B), which ate often refetred to as
RGB colout values of the pixel, although many other mult-valued

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

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

representation of a face oz, more generally, anothet object. For example, this



correspondence between the two images, i.e. we know

whi ch

points in the 2D imge correspond to which

points in the 3D inmage in the sense that they 10
“Mfﬁ@%ﬁfﬁ€t properties of the sane surface points on the

actua

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:

0 5 APR 2007

IB.'él"(l%Pé‘llM/OSZSOZ

Figure 1 is a flowhart to illustrate one exanple of a
net hod of image recognitton,- Figure 2 is a flowchart
simlar to Figure 1, to illustrate a training node

EhOULE o31) Boite LLOVIRS lobo 15 L ALe @ varjant of the

met hod |

strated i'n gure

leiwedibintpleh it B 8Dakas! ufHGH Be 3 delmdd) LHBLTAL

a variation in which a particular mat

soug

ng

Fiegars rectatgies 2unmpebedotrut moeasoaeldad 2 @hade; @mm 3D

a at abase; 0 5 APB? 20 WO 2005/ 038700 .
B Paei3h8 S8 Gnt e i ep 0 of diicnee (@bicshputicopclaivedo
-5 g@m&ggggﬁﬁ%ngQel (left) to a frontal pose (m ddle)
and facial 'surface depth map (right); Figure 7 shows

average depth map (left nost) and first eight
ei gengyrg,; e Do Elgqure. 8 | aph show ng fal se
o R T O s b SR
- 3D ifageeofi the egid pérfuh’SHEd @IS loagcé e WéE{Jv@g.l%_ dept h
rics;

maps and a range of distance ne

Figure 9is a

eArEgPeRcare hawedn thatve inages ti.epwokeaumich points in the 2D
Image cotrespond to which points in the 3D image in the sense that they

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

surface.

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

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

made, by way of example, to the accompanying diagrammatic drawings, in

15 which:

Figure 1 is a flowchatt to illustrate one example of a method of image

recognition;

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

Figure 3 is a flowchart to illusttate a variant of the method illustrated in

20 TFigute 1;

Figute 4 is 2 flowchart similar to that of Figute 3, but llustrating 2

vatiation in which a particular match is sough;

an

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



Figure 10 is a graph showi ng fal se acceptance rate and
false rejection 10 rate for 3D face recognition SySteTFS App 20071
usi ng opti mum surface representations and distance B

Idok§sy Figure 11 is a chart to show Equal error rates
WOSPIRT,

10

15

20

e recognition systems using a varieeyllypss2
surface representations and di stance netrics; and
Figure 12 shows brief descriptions of surface
representations with 15 convol ution 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 di nmensions for 20 different
surf acg Warok &P 5/ Q38700
PCT/ Eng%t?i%%%g’g%ﬁ%ﬁtg%ng%%ala | séqu‘foéib%‘%g%%@m%?&w
gosre(nsdde)sind dhaid sedace rdepthatisd @ght)spaces for inclusion
in two conbined systens using Euclidean distance and
cosine distance netrics; and Figures 17 and 18 show
error Kigire@shdbes ad hioipepthat GHBLBES 1 R eioh: COSI N
and Euclidean distance netrics. In the figureg, like
Fi8FsEENESs denote |i ke or corresponding parts. In-
Figure 1, a canera A captures a 3D imge of a face and
transmts it to a processor B which generates a 3D

dept h Higragé is 4 ggph Heywing fascac@Pranextay fnd B @gedionlaur
fr n%%gégle data), Preferably, the 3D and 2D data are
5 TR P e Ghepion: sBstemb rsvad ficial suace depth mage ands

¥ @&ﬁgﬂmﬁgqhgg?gnd repositioned - if necessary - to

ensure that 1t faces front and is centred in the imge
space. (In general, it may be rotated to any

predetpf il 96% LS 2heARLAL 2, 3eaLEd 3t any

-

Figure 10 is a graph showing false acceptance rate and false rejection

rate for 3D face recognition systems using optimum sutface tepresentations and

distance metrics;

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

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

Figute 12 shows brief desctiptions of surface representations with

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

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

teptresentations;

Figure 15 is 2 graph showing disctiminant values and dimensions for

different surface representation;
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predet erm ned depth and positioned at any predeterm ned

position in the imge space.) 15 At C, D and E, tm@ APR 2007

i mage is processed in three respective, different

wobBosi¥dhAct features fromthe face. Many different image

processes may be adopted - e.g. edges, | Ph&&P2004/052502

wavel ets, etc. Many inmage processes will be known to
the skilled reader. One of the processes C, D and E
could be a null process - i.e. the raw inage is passed

through from N The feature extraction or analysis 20
processes produce a nunber of new processed i nages that
may be the sanme size as t®e-input or may be of
different sizes - typically, they may be |arger. Thus,
at  thi kE i _of ta, and it
P T R e e e PR,
inclasioh o ted tanbiédysiemspRing Futbdbah Aiswhic€ fhd ARine distance
processed i mage outputs fromC, D and E are analysed to
%%FF&@Pdinportant data 0 5 APR 20071 WD 2005/038700
PCT/ EP2004/ 052502 9 -. and reject data of |low or no
significance. Many nmethods of analysis will be known
t o t h&'igied 1Temndri@atiow eamd ciuved fod Eshdranfaexsurhs using

Principl nent Analysis (PCA), Principle Curves,
'?%F‘Slﬁﬁgtﬁleuﬁﬁ%g%sfﬁng%ﬂe%? etc. The end result is to
produce data of a smaller size than the input,

occupyi subspace 5 preferably an opti num subspace .

ng : .
- of . éh"ogg*ﬁ%n%‘fe gierenses draete likwion cpriesppnding parts.

extraction nmethod is applied to every image output from
C, D and E. The outputs of processes F, G and H
conpr I8 &igirabia ametacd centytes alilcimagapta EombndaansatitsGt t 0

ra arsingle vector.called the i mage key Many
BARUEGHR e RO 2D snl e s 6 D ot
i8%aERboRur 5 ?@&s@ﬂe ABGRt PRFLALRY O 31()%91'2%9&&5‘ Weregistered
superinposition, etc. The vectors may be nor Al eeq
Wigt oreanatipart Atd, s inwge ishatatdd) egaledland répsitonéde is ane
r ange. Si %Bi ficant bits of the vectors fromF, G and H
HFESPoHE ~CB BT R A hfeFes HoPndis expviedin the impatsprerdin
general, it may be rotated to any predetetmined 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 exttaction of analysis
processes produce a number of new processed images that may be the same size
as the input ot may be of different sizes — typically, they may be larget. 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 ate analysed to extract important data



The image key froml is conpared at j with prior stgred ]
keys at K, to produce a neasure of simlarity vvithﬁt‘ieh‘PR 2007'
stored keys, by nmeans of a netric. 15 Many suitable

will be known to the skilled read h _as
wo.go‘?)g/Pis‘fe Manhattan, etc. The con‘parisoﬁewe%ﬁ?‘*(%zsﬁom
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are sorted at K and output as a final list at M
Flgure 2 illustrates how keys are stored at L. In this
case, a known 20 inmage is captured by the canmera A, and
the process steps as descri bed above are repeated
until step |, where the inmage key of the known inmage is
stored at L. An alternative-to the nethods of Figures
1 and 2 is shown in Figure 3, where the vectors are

Eto
ﬁﬂﬂnggﬂgﬁgﬁﬁgf%Q§eé§£§ ?:q%Lﬁﬂﬁ&ﬁaﬁhen %ﬁdergoes
KrfowstoaheBiillcdnteides andideBide, Or BxaffpR, PEAdple Cofponent
20051038700 PCT/ EP20041052502 - 10 | nfor mat i on
Jé&ﬂtlysssdl’ﬂém Rinspplg §unts'9§3 én@nmmmoM)mausa@m, CtprPoume ik

ich.js ared. at | as before Figure 4

' T B e Aol o R Ghioie PECePHEE R &Y PhtRge 2,

R us THBAE,
%bsecfﬁ%n?ﬁﬁﬁ%g\g%% acliéest é%ﬁgt %& ?%%%agé; 5 elt tﬁa
$mmdmxnndmbdkh¢@hahﬁ>@Mﬁpﬁhge&ﬁgﬂﬁ@mﬁ(SmbmﬁiEonblnatlon
of the vectors O, | prior to the subspace
transformati on process G However, it will be
appr edhabathutefproedsies M & M&ﬂ{kompﬁb@& PRGCE vEOE SFBIEE
such as F, G and H may be applied prior to vect or
%Q ﬁthla@ql grOtte rashise araingle Yegot ¢a11eda§1eumagzq keyde Many10 | n

d f,t h t 3D
Cgﬁf%fa%t %)g%béﬂ R e Rt A
ei‘lrih BHitEsh, dict Ot vebddBs mbyBOSE LR Bkt OM

any S ui e s 0 urce.
at O, so that they all lie in the same rangé. 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 J with ptior stoted keys at K| to
produce a measure of similarity with the stored keys, by means of a metric.
Many suitable metrics will be known to the skilled readet, such as Euclidean,
Manhattan, etc.

The comparison results from J are sorted at K and output as a final list

at M.

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

tepeated until step I, whete the image key of the known image is stored at L.

An alternative to the methods of Figutes 1 and 2 is shown in Figure 3,
whete 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



Referring nowto Figures 5 to 12, we consider
enbodi nents in which, by applying Principal Conponenf 5 APR 200]1
Anal ysis (PCA) to three-di nensional surface 15

wozct)‘bf{t‘rkﬁjiow e, we show that high | evels of aCPé‘f/ﬁ%m%?ﬁoPe
ac a large

Ireved when performng recognition on
dat abase of 3D face nodels, captured under conditions
that present typical difficulties to the nore
conventional two-dinensional approaches. Results are
presented as fal se acceptance rates and fal se rejection
rates, taking the wequal error rate as a single
compar ative value. W idedfify the nost effective
surface 20 representati ons and di stance netrics to be
e SaCiaRR, ERLAR BLESD B PRk e bmer
vwhic hesm @dj nelbdfste. we i ncl ude the use of 3D face
nodel s that elimnate sonme of the problens comonly
associated with face recognition. By relying purely on
geonefidufe 4 Mafeated RORRE vArh#ibn whereck R indidelistcB¥dpdfed 40 5
APR 20 WO 2005/ 038700 PCTI EP2004/ 052502 - 11
Jiwiflojustes simgle stoead| imbges 2ida suhseqlientsésbaldl staprad dfeindicasess

tend t he steminvariant to lighting conditions, at
> qFE@”@QﬁEﬁéE%§?kﬁ8§Vﬁ§m4ﬁ% di stingui shing features only
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available in colour and texture data. In addition, the
bility t t at f i al t t i

o e S Soien okt U Eomaedbs ot

YRHCBRRRIP plolesd P OB ye et LIS FeciRedWED allelvbiy 0
d

Piphecpcedes AEN 84 F161286 $1 mby1bé apblid aibarckiiod be used
in addition to. 3D data - _or as an alternative. Here
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Refetring now to Figures 5 to 12, we consider embodiments in which, by
applying Principal Component Analysis (PCA) to three-dimensional sutface
structure, we show that high levels of accuracy can be achieved when performing
recognition on a large database of 3D face models, captured under conditions that
present typical difficulties to the more conventional two-dimensional approaches.
Results are presented as false acceptance rates and false tejection rates, tanng the
equal etrot rate as a single compatative value, We identify the most effective sutface
tepresentations and distance metrics to be used in such application areas as secutity,

surveillance, data compression and archive searching.

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

telying putely on geometric shape, rather than the colour and texture



Ei genfaces. In Proc. | EEE Conf. on Conputer Vision and

Pattern Recognition, (1991) 586-591] and adapt it f R T
use on the new three-di nensional data. W identify 1?’5 APR 20071

worlSUBRE, (onsi onal surface structore, | n BEREFONRHIR,

L0

15

20

25

this nmethod of face recognition, we have used a | arge
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 pnent. Such 20 systens
(al t hough highly accurate) are often slow, requiring
the subject to remain periflectly still. Stereo vision
techniques are able to capture at a faster rate w thout
: : S
A AR B S S B, T P S L, B

whightsy ciditons,eh eﬁdexgeme iof msing th@@iﬁmngﬁiﬂhﬂgl'@ﬁﬁreﬁ ea[ons
t hr ee- dlnen5|onal face recognition has remai ned

W@i@bl@éﬁ@%ﬁ@w@%@m wireadditione dhephilistitot rotathe fagiahl t h
s%gs%ese bR RS Y SRRt bR e ausions in

o o 005/ 038700
S s AR A PR e oo

Autonatlc 3D Face Authentlcatlon | mage and Vi sion
Conpu Y/ 0

Acher %tlyl ,% pe Qé&ﬁ;%ﬁ%c%’\?gveéthe{egs %8 ]?jl C aatz(%%(i ere‘g%d% And
adtieipn ke 3B ER) uesas dnldlferdAaré.uguese Conference on Pattern
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586-591] and adapt it for use on the new three—dlmensmnal data. We identify

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

structure.

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

tecognition. Although some investigations have expetimented with 3D data
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Model Enhanced Face Recognition. In Proc. O the

I nternational Conference on |Inmage Processing Vancouv -

(2000)], [Romdhani, S., Blan5, V., Vetter, T.: Face WS APR 200?!
R'%’%%cati on by Fitting a 3D Morphable Model tiring

I near shape and Texture Error Functions. PFREP20E4PHRan

Conference on Conputer Vision (2002)], [Bland V.,
Ronmdhani, S., Vetter, T.: 15 Face ldentification across
Different Poses and Illum nations with a 3D Mi phabl e
Model. In Proc. of the 5t1'" |EEE Conference onAFGR
(2002)]. However, this research denonstrates that the
use of three-dinensional -ibZormati on has the potentia
to inprove face recognition well beyond the current

f e t W.th.t engr.gence new, . .
EPAE: G cir lfar Mgt P PP oEe o Jotirsd Vi of o
Copaeng B8 1959, ! e ira
bei n gﬂgﬁ n él) ert aI;N{; n %pg%; gﬁg @e%%u I égg'gm% Z%’t’ pig gmg&q:m
b frimd Dl ArdGrenbenwiaSrariath Rorygest Goigigendion®agional

ace.. r i.fi1on hnol ogy. Previous research has
%@f%f”@?”eg&ﬁgcﬂéf% éﬁ%‘ﬁ‘% Iﬁf@g’%%ﬁﬂfpélﬂé & Btk widdeurvature Features.

' i JoP L ur 0, perf.arm f,ac
DT B EECRRR iy Lo HT o B TR B on
Ruagridimy€anpalam 1/iniB@es2) 18841 TmUah.s enerhare rat Teapt ed
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Enmamicas RenggdondilngtRome Sengerre. BrondneriofEEE dppeaanihes. For

SR g 5305 A v Beser a0 o33 48 o5 e B
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direction in two- dinensiona I ng estimations
eghatidedivo-dimensimatiinnaget piior tanetopnision [Zhe, 73 104/m6,R nEdel
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Fitinoa) 5D opbadie Mod@ ayngAneat SWRpA £S Tedfb Bindr Flaiopa38a from
JE{z'alpproxi mately 81 % (correct match within rank of 25)
HPPARIS A eresiendin Grpriarstision (20P3))Plense 36 eRondhar e et T.:

ﬁg%%&%ézz.%g Nerdl$ bgﬁireﬂi-ll_%%} and Uluminations with a 3D Morphable Model. In
Proc. of the 5% IEEE Conference on AFGR (2002)]. Howevet, this research
demonstrates that the use of three-dimensional information has the potential to
improve face recognition well beyond the current state of the art. With the
emergence of new three-dimensional captute 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
tecognition technology.

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

dimensional approaches. For example, Zhao and Chellappa [s#pra] use a generic
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Blanz, Romdhani and Vettet [suprd] take a compatable approach, using a
3D motphable face model to 2id 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 parameterts of the morphable face model,
minimising difference to the two-dimensional image. These parameters ate then

taken as features for identification.

Although the methods discussed show that knowledge of three-
dimensional face shape can improve two-dimensional face tecognition systems
by improving normalisation, none of the methods mentioned so far use actual
geometric structute to petform recognition. Wheteas Beumier and Acheroy
[s#pra] make ditect 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,
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recognition techniques to the face struct §F

attenpt is made to identify and extract rigid areas of

facial surfaces, creating a systeminvariant to facia

10 expression. The characteristic used to identify

these rigid areas and ultimately distinguish between

faces is the point signature, which describes depth

val ues surrounding | ocat ¥%gi ons of specific points on

the facial surface. The simlarity of two face nodels
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surface; segnenting the surface into one of eight
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point signatures for each face. Identification tests show that the probe image is
identified cotrectly for all people when applied to 2 test set of 30 depth maps of

6 diffez':ent people.

Coombes et al [A. M. Coonsbes, R. Richards, A. Linngy, V. Bruce, R. Fright.
Description and recognition of faces from 3D data. Proc. of The-International Society for
Optical Engineering. Vol. 1766, (1992) 307-19] investigate a method based on
diffetential geometry. Cutvature analysis is applied to a 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 comparing which cutve types
classification of cotrelating tegions. A quantitative analysis of the average male
and female face structure shows distinct differences in chin, nose, forehead

shape and cheek bone position between faces of different gender.
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‘rhese features are eval uated usi ngdCHfER
Li near Discrimnant, determning the discrimnating
ability of each individual feature. Gordon's findings
show that the head width and nose | ocation are
particularly inportant features for recognition,
whereas eye wi dths and nose curvatures are | ess useful.
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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 generated using a steteo vision technique enhanced by light
projection to provide a higher density of features. Each face model requires a
single shot taken with 2 3D camera, from which the model is genetated in sub-

second processing time.

Fort the purpose 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.



10

15

20

25

- 16 During capture, no effort was made to contro

lighting conditions. In order to generate face nndé@sﬁ APR 2007
at various head orientations, subjects were asked t
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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 normalisationr akgerithm (not described
here) before being converted into depth maps. The
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It is well known that the use of image processing techniques can
significantly reduce etror rates of two-dimensional face recognition methods, by
removing unwanted features caused by environmental capture conditions. Much
of this environmental influence is not present in the 3D face models, but pte-
processing may still aid recognition by making distingunishing features more
explicit. In this section we describe a number of surface representations, which
may affect recognition etror rates. These sutfaces are derived by pre-processing

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

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

investigations.
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nearby points in space anditlepth maps of different
faces project to far apart points. Ideally, we wish to
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In order to define a space with the propetties mentioned above, we
apply principal component analysis to the training set of M depth maps (in our

case M = 40) {I', I3, 5, ... T}, computing the covariance mattix,

A=[03,0,.9,,]
c-4Y .07 o-n-v

T weidr (1>
15 Whete P, is the difference of the #th depth map from the average Y.

Eigenvectors and eigenvalues of the covariance mattix ate calculated using
standatd linear methods. The tesultant eigenvectors desctibe a set of axes within
the depth map space, along which most variance occuts within the training set
and the cotresponding eigenvalues tepresent the degree of this vatiance along

20 each axis. The M eigenvectors ate sorted in order of descending eigenvalues and

the M greatest eigenvectots (in out system M = 40) are chosen to tepresent
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(the nunber of depth values in the original depth maps)
whi ch can be displayed as range inmages of the facial
surface principal conponents, shown in Figure 7. Once
surface space has been defined we project any face into
surface space by a sinple matrix nultiplication using
t he ei genvectors cal cul atedgfrom the covariance matrix
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where ux is the kth eigenvector and wy is the kth weight in the vector QT
= [w1, w2, 03, ... amr]. The M coefficients represent the conttibution of each
respective eigensutface to the projected depth map. The vector Q is taken as the
‘face-key’ representing a person’s facial structure in sutface space and compared

by either euclidean ot cosine distance mettics.

oo, 3)

d = d =]—-—"g_"b .
" el

euclidean

2, -2

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

rejection (the two sutfaces do not match) is determined by applying 2 threshold



threshold is considered an acceptance. In order to

eval uate the effectiveness of the face recognition . ‘
nmet hods, we carry out 41,905 verification operations’ﬂwﬁ APR ZDDZ
test set of 290 facial surfaces, conputing the
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the test-set is conpared with every other surface, no
image is conpared with itself and each pair is
conpared only once (the relationship is symetric).
Fal se acceptance rates and false rejection rates are
cal cul ated as the percentage of incorrect acceptances
and incorrect rejections-af¢er applying the 10

t hreshol d. Applying a range of threshol ds produces a
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equals FRR. Wt now present the results ga
thedfidenrgcdgh@ionfneodh, weoatpaal41,908¢erifQ668 BpéhOshs Bl feds
on the test set of 290 facial surfaces. The results are
te8 S5t it fadalisyrfeges. somputingthe stroFrRes\ o diRRE (wn dFigna 8).
f.E . .Figure 8 shows the error _curve )
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etepied WRR S}elUsidnacH Par & eUped b S J | bed
earlier. The resultspdegrlypsﬁOM/ hafgggv?dgﬁﬁggégg
Yyesiiall ues to normal i se vector dimensions prior to
cal cul ating di stance val ues significantly decreases
error rates 20 for both the Euclidean and cosi ne

di st alelee amaptnesatenvhhdifalsh eejddiinalraBOk Saldhistans ge
providing the | owest EER The sanme four curves were
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We now present the results gathered from testing the three—&irnensional
face recognition methods on the test set of 290 facial sutfaces. ‘The results are
presented by etrot cutves of FAR vs. FRR and bat chatts of EERs. Figure 8
shows the etror cutve calculated for the baseline system (facial surface depth

maps) using the four distance measures described eatlier.

The tesults cleatly show that dividing by eigenvalues to notmalise vector
dimensions prior to calculating distance values significantly decteases etror rates
fot both the Euclidean and cosine distance measures, with the Mahalanobis
distance providing the lowest EER. The same four cutves wete produced for all
sutface representations and the EERs taken as a single comparative value,

presented in Figure 11.

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

tepresentations provide the most distinguishing information for face recognition.



The horizontal derivatives give the |owest error rates
of all, using the weighted cosine distance netric.:.l .
fact, the weighted cosine distance returns the Iowe‘gtg APR 2007
error rates for the mgjority of surface
worzg{jsﬁ)ggg%t ations, except for a few cases Vi¢dAPRI052502
wei ghted cosine EER is particularly high. However,
which is the nost 5 effective surface representation
seens to be dependent on the distance netric used for
conpari son (see Figure 10), except for curvature
representations, which are generally |ess
di sti ngui shing, regardl ess2o0f-the distance netric used.
Due to the orthogonal nature of the nost effective
hori zo d vertical

f representati ons nt al
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¢3or wuees fersthe majuuitpef swafacs xpt@Bntataishirast NS fdY cases
cgnc tenating the face-keys projected from nunmerous
Wt theavelgedensine HER fanarirylary high. | Hewevet, sttiidhga idshinns
5 fgat I rface representgtions. The
R, SRRGE RO el BE Renrh P 0t BleiPoetn,
dsed dppdoyipagisdh@ed BioGh! 180 ke A& @hnhal ichhe
ext ended ghace-_geys?g%o%i nge?itons. Tabl g‘%f&%%%ﬁg ’g]?lrcgr
g gercryly lesg distegishing: cegatsidss nhtheakstays trengic ussdr f ace
Space Conbi nati ons EER Sobel X, Sobel Y, Horizontal

gradient large, vertical 12.1% gradient Lapl aci an,
Hor i zdMeab ty erdheoonal mnge of derhbg affegivadivgide 11. 6%

| ar ge Lag{l Ci an,ngobel X }—gri zontal gradient Horizontal
FRreaeaating frosreniplandavertcal dervativey), sgiwnethesize thatc al
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aiditioned thomethsds ovedtit Feardli TorstRaakuihacss Fogdel s. Tests
qlgg%\{e been carried out on a | arge dat abase “of

HePHeReqnsatsnatingthe face frefsareiected from numerous sutface
spaces, attempting to utilise distinguishing featutes from multiple sutface

representations. 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 etror rates of sutface space combination systems

Surface Space Combinations EER
Sobel X, Sobel Y, Hotizontal gradient large, vertical 12.1%
gradient
Laplacian, Hotizontal gradient latge, vertical gradient 11.6%
large
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,
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captured under conditions that present typical ;o f APR 7007

difficulties when performng recognition. The error

rat es 7pr oduced from basel i ne three-di nensi onal systens
dhificantly lower that those gather ETVER26H/MAS25Er

experinments using two- dinensional images. It is clear

that three-di nensional face recognition has 5 distinct

advant ages over conventional two-di nmensional

approaches. Wrking with a nunber of surface

representations, we have discovered that facial

surface gradient is nore-epfective for recognition than

depth and curvature representations. In particular,

hori zgontal gradients produce the |owest error rates.
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RIcBVMhidsn. | | ] | qf ormati.on tha
B T e IR b On ) e
areaignificettly lboetarthbe faabust intsBniAa LeRidoNwlhe

|ignment procedure, as the derivatives wll “be
ipaHimegsst Hingrattthgribreatdimensidrel Geancicsgnit@ir at ur e

{ g% tions do not seemtp contain as much
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representations. We find this 15 surprising, as second
derivat,i ves should pe | ess sensitive to i naccuracies of

ori ent' O HHY: PHRRY o srErcearRRtentaiong veadiave disowweiat |
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netrics ,Plgs shown that the choice of nethod for 2

G datR y L1y pRsESitQ ddicatratbatthasizas faliderivbiiees phdvédd more t he

-&gmd-m : .rates. It . is ..alsp evident that
déll Vi Hﬁﬁlgengfg %%%%1 %&%W@fﬁl iPfefiles, ThASVETRPEAY Biaies |
atierad ireiliRgy (bdRBSd @Bt 16 iSlbdhUls i Liyo ves
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25 e ¢etivatives Wall befiomeiast onainstitiohs albag ihe1¥.-hsis Not
necessarily proportional to discrimnating ability and
that surface space as a whol e becones
Cutvatute representations do not seem to contain as much

discriminatoty information as the other surface representations. We find this
surprising, as second detivatives should be less sensitive to inaccusacies of
otientation and translation along the Z-axis. However, this could be 2 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
tace-key compatisons has a considetable affect on the tesulting error rates. Itis
also evident that dividing each face-key by its tespective eigenvalues, normalising
dimensional disttibution, usnally improves tesults for both Euclidean and cosine
distances. This indicates that dimensional distribution is not necessarily
propottional to discriminating ability and that sutface space as a whole becomes
more discriminative when disttibuted evenly. However, this is not the case for

some of sutface representations with higher EERs, suggesting that these



25 nore discrimnative when distributed evenly.

However, this is not the case for sone of surface
&8 APR 2007

representations with higher EERs, suggesting that th
2007 WD 2005/ 038700 PCTI EP2004/0 - 22
Woggogéoéeﬁi@nt ations incorporate only a few do%%ﬁgzﬁ%ooﬂgsé?oﬁl
conponents, which becone masked when normalised with
the majority of less discrimnatory conponents. The
wei ght ed cosi ne di stance produces the | owest error
rates for the 5 mpjority of surface representations,
i ncludi ng the opti num system This netric has also
provi ded the nmeans to comb#Be~nultiple face-keys, in an
attenpt to wutilise advantages of fered by nunerous

ERERSAE ' ] ror rates,.
A T R R AR T
heodss BERed sbea innethlisdDwitls kgmbjbetyl oFildsh alsciilBRbidRPS,
to an EER of 12.1 % when the nost effective surface
FEPPREEtati ons were combined into a single system
These results are substantially |ower than the best

t wo- di nensi onal systens tested under simlar
ci r curisteaTeighied postnerdiganse ipoorbicesihe dvwegati@nates forqHé Ng
hat. geonetric face .strucgture is useful for
5 R dRR SR S dear (luie B B sorics tsel. S nverict 5
hAlsd B oviAE OB A0 (A of .aehieying, hi gh
| evel sIﬁof accur a‘%:a_\?& G ve&nﬁ%’ﬁlg%n%lﬁ{%ceea%%%’gnc %‘ft%?gt et hod
wilisel edwstapeceiferadiby suhavas baficed @plesaidtions r6RHold-RRS
and .provides the ability to recogni se faces regardl ess
L makes this system particularly attractive for
use in security and surveillance applications. W now
turn to the exanples of Figure 13 to 18. 20 Previous
wor k [Beh#Neapanaged toaeduse eyror Mtes fam d7AYd EER ohtained

cation. | ' Co i ng,_ Vol 18,
10 PR ek JRIS I oY1 P totihg wmovtifie 11 on
sBaaaskepreséRPidhs ek GHBIAILE £ SALL REm, | Thdst QukeLliet NE

| EEE Conput er
substantially lowet than the best two-dimensional systems tested undet similar

circumstances in our ptevious investigations, ptoving that geometric face
structure is useful for recognition when used independently from colour and

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

patticulatly attractive for use in security 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 Curvature Features. Tn Proc. of the IEEE Computer
Society Conference on Computer Vision and Pattern Recognition, Champaign, Ilinois (1992)
108-110), [Chua, C., Han, F., Ho, T.: 3D Human Fuace Recognition Using Point

25 Signature. Proc. Fourth IEEE International Conference on Automatic Face and Gasture
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effects are nornmali sed

; %g %%Hpg%q%n%/véﬁq?bé facegnsur ace structure, not available

trom 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

20 ptiot to training and recognition, in which distinguishing featutes are made more

explicit, environmental effects are normalised and noise content is reduced, can

significantly improve recognition accutacy [Heseling, T., Pears, N, Austiy, J-: Evalyation

of image preprocessing technigues for eigenface-based face recognition. In Proc, of the 2ud
International Conf. on Inage and Graphics, SPIE Vol 4875 (2002) 677-685]. Howevet,

25 the focus of previous research has been on identifying the optimum sutface

tepresentation, with little regard for the advantages offered by each individual surface

tepresentation. We suggest that different sutface representations may be specifically
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However, 25 the focus of previous research has been on
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a&E&QP&%ﬁe@fy and isolate the advantages offered by each reptesentation.

Focusing on the fishersurface method of face recognition, 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 sutface space.

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

We give here a brief explanation of the fisherface method of face
recognition, as described by Belhumeur et al [Belbwmens, . Hespanba, D. Kriggman,
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Whete I} is a facial surface and the training set is partitioned into ¢
classes, such that each surface in each class X;is of the same person and no
single petson is present in more than one class. We continue by computing
three scatter matrices, representing the within-class (5w), between-class (§3) and

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

equation 5.

Sr—V‘(F -OT, )" SB—“IXA(\I', ~P)E-F S —‘F‘ va;-wm ¥y )



15 Where Fi is a facial surface and the training set is

partitioned into ¢ classes, such that each surfaceii% APR

each class Xi is of the same person and no single 2007

js present in nore than one class. W continue

'woggﬁ@%ﬁ%tting three scatter matrices, repf&d&hPHY2%e

within-class (S,,), between-class (SB) and 20 tot al

(ST) distribution of the training set throughout

surface space, shown in equation 5. MSr yfP'-nfr
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for each class X. Up = U fJUU (7)
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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
10 which the between-class scatter is maximised for all ¢ classes, while the within-

class scatter is minimised for each class X

Uﬁ = UﬁdUm )

Once the matrix Uyhas been constructed it is used in much the same
way as the projection matrix in the eigenface and eigensurface systems, reducing
15 dimensionality of face surface vectors from 5330 to just 49 (¢-7) elements.
Again, like the eigenface system, the components of the ptojection matrix can be

viewed as images.

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

20 equation 8.
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(c-9) elenents. Again, like the elgenfa
system the conponents of the projection natrlx can be
vi ewed as i mages. Once surface space has been defi ned,
we project a facial surface into surface space by a
sinmple matrix multiplication using the matrix Up; as
shown in 20 equation 8. re 5 APR, M/ WO 2005/ 038700

PCT/ EP2004/ 052502 -27- w =/ =t _grl fork= I...c-1. (8)
where uk is the kth eigenvector and wk is the kt h

wei ght in the vect or gg [mﬁ 632, ws, ... wr]. The
C-i coeffchbﬁvsrf@pr kit -tthe contrlbut|on(@f each

respechive. f.| r.surfac ri.gi nal . faci surface
structt ure ﬁéﬂ 3%% B etO% ‘{%’1(13%3 t“ﬁ:ght %Evﬁ‘ér b#
£ QR 85 8AL 1. g1 THe rﬁ%eﬁc{eﬁ@,l@rew ﬂﬁtc%&lbhﬁoﬁ Sﬁéﬁ%ﬁd 5
dlnen3|onallty surface space "and conpared using either

tespekittdshesnriawsd nee omjisd faipbsurfate stogtas Thowrtdn is
uation 9. dnl,~un Il~a gall e=1 IIli IlLlIl~all (9)

t%‘%ﬂaae&%eptf%cﬁdf@?(rf Leolipe £ aena’s ikl SessmineRyoed,
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eter I’#l n@dﬁ y %’ plyi ngbgg %Eeaes g'ﬁ?r%%]%dea%fxs Oasﬁlc?e 10
disthred ngdteiek. as ARYwe ENERIatiGON produ0|ng a di stance val ue
bel ow the threshold is considered an acceptance. Here
we anal yse the surface spaces produced when vari ous
facial surface representations are used with the

fi sher sutfacdemethod. A, heglaby. prOV|d|ng(”resuIts
showi ng the range of error 2 produced when using

various surface 15 representations. Figure 14 clearly
shows that the ch0|ce of surface representation

An acceptance (the two facial sutfaces match) ot tejection (the two
sutfaces do not match) is determined by applying a threshold to the distance
calculated. Any compatison producing 2 distance value below the threshold is

considered an acceptance.

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

Howevet, the superiotity of the hotizontal gradient reptesentations does
not suggest that the vettical gradient and cutvature representations ate of no use
whatsoever and although the discriminatory information provided by these

representations may not be as robust and distinguishing, that is not to say they
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superiority of the horizontal gradient

does 20 not suggest that the vertical gradient and
curvature representations are of no use whatsoever and
al t hough the discrimnatory informati on provided by
these representations nmay not be as robust and

di stinguishing, that is not to say they .0 5 APR 2001
WD 2005/ 038700 PCT/ EP2002/4%52502 - 28 wouldn't make a
positive contribution to the information already
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now carr furt i nvestigatron |
hbmntﬁrgnaéﬂenmp&b&dmﬂdﬁs OWeeﬁmhcz&tyrcflﬂ@ﬁﬂ‘id@&ﬁ&siﬂgﬁﬁon into
pplyi.ng Fisher's Linear_ Discrimnant (FLD), as used
@ﬁ d@é?@éﬁﬁ[lg abiliy Sf each sarfasespacedry Fpplying kshays déneat o 5

ORI ISR AR PP 58«
eliFRIsl QhpiResal éﬁkgl@(lhﬁnehﬁ@n§ 0% €4dhMiu e spdee. qﬁ%ﬁﬁgﬂ] bﬂlg

t he dlscr|n1nat|ng power of that dinension,
spgiofBrespas¢ dimensip wedkzlenlatenthy disdfiniher £ dmcnbmg hl&: ms an

alue of that dj ion.n the face- keys m the
%@ﬁﬁ‘lﬂa“@lgé’gyeﬁ@gﬁge %mceflﬁg’%: Retygi5g ‘CeoRlfe set of vector
el ements taken fromthe face-keys of class i. Applying
the above equation to the assortnent of surface space

systens generated using 9:6(61h-nf)ac:| al surface
representati on, we see-a=wmde range of discrimnant

val ues descri b| ng the a)i:% gk ghi ng abi ity of each 15
i ndi vi dual di nensi on, as wn in Figure 15 for the top
ten nost discrimnating dinmensions for each surface

representati on.

Whete 7 is the mean value of that dimension in the face-keys, 7’;z; the
within-class mean of class 7 and ®; the set of vector elements taken from the
face-keys of class Z Applying the above equation to the assortment of surface
space systems generated 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 disctiminating

dimensions for each surface representation.

Itis clear that although some surface representations do not petform well in
the face tecognition tests, producing high EERs (for example min_cutvatute), some
of theit face-key components do contain highly discriminatory information. We
hypothesise that the reason for these highly discriminating anomalies, in an
otherwise ineffective subspace, is that a certain sutface trepresentation may be
patticulatly suited to a single disctiminating factor, such as nose shape or jaw
sttuctute, but is not effective when used as a more genetal classifier. ‘Thetefore, if we

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

reason for these highly discrimnating anonalies, in an
ot herwi se ineffective subspace, is that a certain
surface representation nay be particularly suited to a
single discrimnating factor, such as nose shape or jaw
structure, but is not effective when used as a nore
general classifier. Therefdfe; if we were able to

i solate these few useful qualities fromthe nore

hahi S, ...0 5 APR 2007 WD 2005/ 038700,
RS PRI 6T 4855RE Saposite o tBRBRE 1,600 St erive
pofict spdes, edndind Otri-08 f8ha. general ly nore effective
surface space, reducing error rates further. Here we
descri be how the anal ysis nmethods di scussed i n above
are ugede weQccQMbI ' - Lt 1,0n _Systens.
Firstly, we need {h g%a%{g%%%@istqﬂéetag&p({rl%%?%?n%%bonw cuse
for ¢oorhing @hlﬁglesfwefiaagnﬁimcsgsteihmeﬂﬁét?me nEeCaUg8rek e

average. magni tude and deyvi ation of face-key vectors
P’iogiﬁ“hoﬁ sigg s &R shteensidee| Peeayse e prargdy some

oY ' C ' i mensi ons.wi |l hav

gr%at _e? 9&% n%_ i ug%c%g%cﬁg{% %?clﬁersgr,oné%&ﬁlgf: Pt pYf§Esms ate Eke%’ to

diffechy stnnadriag of RiabhibiRScaMaR EMERidns Bl TRETs orbfrer

. conpensate for this effect, we normalise mofent S by
VEeF Hgneosledss, femereif idesydis@indhasimgrabilitiys drt svesly miztvhed. a5

i atd on. However, i li.sing:th
R R B e B Hetee’ By iing FrebiSeiean

_equal .~ Al t hough not a probl em when ap I'ngl e
dmetsiars wpzve Alsohenowdmoy priogtisation, ispéleddi ATEAsE §s: We

ot Easpbedtrd el Sliabisoas seollse visasppistioon |
Rt S el P e B AR B e S sl ik o
togtvegiater bheeedepveto il meordirdiable FbARbhOs, 0D8Srwise the
situation is likely to atise when a large number: of less discriminating (but still
useful) dimensions begin to outweigh the fewer more discriminating ones,
diminishing their influence on the vetification opetation and hence increasing

error tates. We showed how FLD could be used to measure 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, priotitising

those dimensions with the highest discriminating ability.

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

discriminating ability of that dimension alone, without any indication of whether the
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di m ni shing their influence on the verification
operation and hence increasing error rates. W showed oL
how FLD coul d be used to neasure the discrimnating 05 APR 2097

woHRhddsige Of @ single dimension fromany given face
space. Ve

now apply this 20 discrimnant VIFE2M4/885Q

wei ghting for each face space di nension, prioritising
those di nensions with the highest discrimnating
ability. Wth this weighting schenme applied to al
face-keys produced by each system we can begin to
conbi ne dinensions into a single unified surface space.
In order to conbine mul 4 pbe-di nensi ons from a range
of surface spaces, we require 25 sonme criterion to

i i chy-dinensi o to conbine., It is not enough to
ggﬁﬁgﬁpureiyi%ﬁgﬁﬁhw'géé#?ﬁ%n RELReusst of SEpensiony fhas
efidting GINRS sHfcededdRH ' i ' . nating.
abi | |1 y of Phat 6 %ﬁﬁﬁéﬁ g;ﬁe%%%&%u?ﬁ%ﬁ‘?&%n%ﬁ%ﬁé Al don
wpuldheiaddittetheaefittoBeonRRv20 1E detfiBieAR05/ 9882800 introduce an
EEIQFQZQO4/052 025730- i ncl usi on of ‘this dinmension
WOLTCR S ERETsian depctibingiadeatnyg alssady prescat wishis iturrsistiag sean
exi sting surface space already provides a certain

amount_ of .discrimnatory ability, it would be of

it t1 e"BERgAIoRs bave wed FEDeopmlicd €0 d eombimeditigbgsphde ime
ML E oL RediALLO n...addi tippal dimension describing a
featu ee%l rljézsae fyég%?%gsé r?‘treheﬁii”lf3 L EfresRIPRt ?’ﬁ@mg@ﬂ. 5
dimepsbigat HRASNHGURAFleyHER: iBRRkL 26Ol ned
eigenspace in orde?-to Bﬁéd“ﬁ?ai %E% ‘%%??@%ﬁ%%‘:mhen
S5k @ mpehod basdupenshowmn tovpitidtitenmalD cigknEpRc) @RSiEHBnLARN
thbgeduced, i f %g?% result .in a greater discrimnant

0 arieve steifigandy Jowe sriofgtes fp R fagegappanitiops ddoogh s 2D
R GPMENRES; 50 HEIFbEAMLAR Sovi chiev. ,gni ficantly
| ower error -rat egﬁ)}ﬂ%r%{%? g%vééef%egtggﬁs So%fj%éig]?hough it
ngfﬂmwputethMbbeﬂﬁkﬁg@ﬂ&@;EERKW@yﬁﬂhhhﬁgk%ﬂﬂ%%yide
better, resul.ts, although processing tinme wou be
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used to select the best combination of dimensions (such as genetic algorithms
2

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
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Irst di mension of current optimum systeff

EER of conbi ned surface space For each surface space
system For each dinension of surface space:

Concat enat e new di nensi on onto conbi ned surface space
Cal cul ate EER of conbined surface space If EER has not
i ncreased: Renpve new di mension from comnbined surface
space Save conbi ned surfacgl space ready for eval uation
10 5 APR 2007 WD 2005/038700 PCTI EP2004/ 052502 - 31

i gur ez I-6hy.di mensi-ons from whi ch surface
E pgg eeﬁv]\%"r@ %%;e ec &1‘5&[ ddjglfrﬁnsgo (i %}Y&\‘;ﬁ 3%6 fP”FﬁFﬁerefSSIFCted
i €81 2DBvd HodHBmC ﬂiﬁ%@ﬁ%ﬂ%ﬁ%%ﬁbﬁﬁﬂ YsttAY JubGising the
eucl i dean distance netric and the other-using the
eslidene digiasecanedc st the otheMisingube animpdisentdi@ceionbi ned
surface space systems with the 5 optinumindividual
system using both the cosine and euclidean distance
meas urés noWivemprreahe catnbiesd shfebspate Fjseuiapitdhcand 18

illustrate the results obtained when the optinum
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The ettor curves shown in Figures 17 and 18 illustrate the results obtained
when the optimum single fishersurface system and combined fishetsurface system
are 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
produce lower etror rates than the single systems for both the cosine and Euclidean
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 performance 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 ordet to give an accurate and reliable system

petformance.

The vatious methods disclosed hetein may be combined with one another.
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produce | ower error rates than the single systens for
both the cosine and Euclidean distance neasure. The
opti mum system can be seen as the fishersurface

conbi nati on using the cosine distance, producing an EER
of 7.2%9.3% and 8.2% 15 for test set A, B and A and B
respectively. It is to be Bdted that this is just one
exanpl e of selecting dinensions and can only determ ne
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the total set of dinensions in order to give an
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objects. In this specification, the verb "conprise" has

its normal dictionary 5 nmeaning, to denote

non- etk u&idves AcRatoS isvectt D8 all shd a&‘%’g Qﬁprtctb%ufﬁ?ﬁtg
.nconprise” (or any of its derivati g) o I ncl'ude one
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this specification, and the contents of all such papers and documents are

incotporated hetein 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 where at least some of such features and/or steps are

mutually exclusive.

Each feature disclosed in this specification may be replaced by
altetnative featutes setving the same, equivalent or similar putpose, unless
expressly stated othetwise. Thus, unless exptessly stated otherwise, each feature

disclosed is one example only of a generic seties 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
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reference. Al of the features disclosed in this
speci fication, and/or all of the steps 15 of any
nmet hod or process so disclosed, may be conbined in any
conmbi nation, except conbinations where at |east sone
of such features and/or steps are nutually exclusive.
Each feature disclosed in 3his specification may be
repl aced by alternative features serving the sane,
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of a generic series of equivalent or simlar features.
The invention is not restricted to the details of the
foregoi ng enbodi nent(s). The invention extends to any
novel one, or any novel 0 5 APR 2007 WD 2005/038700
PCT/ EP2004/ 052502 - 33 conbination, of the features
di sclosed in this specification, or to any novel one,
or any novel conbination, of the steps of any nethod or
process so disclosed. APR ?0P7 WD 2005/038700
PCT/ EP2004/ 052502 - 34 - CLAIM5S 1. A nethod of
recogni sing an i mage, conprising the steps of: a.
processing the image to provide an i nage set containing
a plurality 5 of different processed imges; b.
conmbi ning the processed inages in the i mge set;




c., transform ng the data space occupied by the

processed images in the image set; d. generating, ffﬁnﬁ éPR ZDQT
the i mage-set represented in the transforned 10 data o

an i mge key representative of the image; and e.
WO?@%@%VWhg the image key with at |east onelﬁFggﬂwﬂgPV2
stored inmage key of a known imge. 2. A nethod
according to claim1l1, wherein step a. includes
extracting image features including at |east one of
edges, lines, wavelets, gradient 15 conponents,
curvature conponents and col our conponents. 3. A nethod

according to claim1 or 2, 3pherein step b. is carried
out prior to step c. 4. A nethod according to claiml

ggiélm¥herein step c. is carried out prior to step b.

A nmet hod according to claim1, 2 or 3, wherein
step e. conprises conparing the inmage key with just
one previously stored i mage key, to verify the
i.dent i4 ynetifod dfeedagaiging 20 iARR, 20@brisiMD1RAASE 888700
PCT/ EP2004/ 052502 - 35 6. A nmethod according to claim

1, 2 ora3prave j . ' i the..
2.3 profeeyi) e FhaR 8 pr&BIPLd c gﬁ%ﬂ@% Plnu'gaélg

i mage key with a plurality of previ
5 keys, to of ddferént prachesed imagges; 7. A met hod according to
claim®6, conprising the further step of sorting 5 the

resul t sbokoinbiifpOiip prdceBd iageh AP imhde sf,0duce a | i st
of potential matches wth previously Stored inmage

keys. 8¢ A A8bH9ds AascHkdl [ or 7. wherei.n
step e is carried outEﬁ%ﬁ%ﬁgagﬁkgégkg%%ﬁcﬁ$%ﬁ%ﬂﬁ%?ln
metric (tHeib@gnetm), nmhal anobis distance netric or a

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

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

€. compating the image key with at least one previously stoted image

key of a known image.

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

components, curvature components and colout components.

3. A method accotding to claim 1 or 2, whetein step b. is carried out prior

to StCP C.

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

to step b.

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

identity of the image.
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preceding clainms, including a step prior to step b. of
normal i sing data prior to conmbination. 15 11. A nethod
according to any of the preceding clains, wherein said
image 1is obtained froma canera. 12. A nethod
according to any of the preceding clains, wherein said
i mage conprises 3D datar 38.- A nethod according to any
of the preceding clains, wherein said i mage 20

GOIP" PERAER 8l Aine ity 158 D00 ACEOLULDY Lo gl e 12

13, el'n 'sarrd i nage’ conp

@hpRnb MBI A8 kEy with ABRrARPIF prdBo2 AP RHRASHR Leys, ¢
P /EP%OO4/6§2565 36 Bléggg #%thgdﬁgccordiﬁgif%&a%y of

idertifp teeciedigng cl ai ms, wherein step c. is carried out
by a Principal Conponent Analysis nethod. 16. A nethod
according to any of claims 1 to 14, wherein step c. is
%arri édmethoid doyorflinghe rlain 6 coeatrisiieshe futheastep dNalriisd S

t hod. 17. A method according to any of the

F &esull AlgtheIcampatisoRHa sleP §- toarradugeedist of poteniial matshenf a

&ﬁg ﬁwﬁﬁdvékﬂgigggeg%£prding to any of the preceding
clat s, |

erern's image is an inmage of a human
face. 19. A nethod according to any of the preceding

£ al m\é\ﬁ%ﬁealcgor -alggcio Iclmg ot ;},Owlglesreig sga%tel.'l{s %lamjeg%%te using
a Euclidean distance mettic (the L.2 norm), mahalanobis distance metric or a

cosine distance metric.

-

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

otientation and/ot position and/or depth normalisation.

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

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

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

is obtained from a camera,

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

comptises 3D data.

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

comprises 2D data.

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

a registered 2D-3D image pait.

PR 2007



20. A nethod according to any of the preceding clains,

wherein said i mage set includes the original inmage.’
21. A nethod of recognising an inmage, the nethod beirﬁg5 APR 2007
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€ acconpanyi ng draw ngs.

recogni sing an i mage, the apparatus conprising: a.
processi ng neans arranged to process the inage to
provide a plurality of different processed imges; b.
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17. A method according to any of the pteceding claims, whetein said image

is an image of a face.

18. A method according to dny of the preceding claims, whetein said image

is an image of 2 human face.

-

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

is a natural image.

20. A method according to any of the preceding claims, whetein said image
set includes the otiginal image. |

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

heteinbefore desctibed with reference to the accompanying drawings.

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

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

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

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

processed images;
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d. generating means arranged to generate from the combined and
reduced processed images an Image key representative of the

image; and

€ comparison means arranged to compare the image key with at

5 least one previously stored image key of a known image.

23, Apparatus according to claim 21 and arranged to petform a method

according to any of claims 1 to 20.

-24. Apparatus for recognising an image, the appatatus being substantally as

-hereinbefore described with reference to the accompanying drawings.



