- 1 | MACGE RECOGNI TION This invention relates to the
recognition of images and is concerned with the
recognition of both natural and synthetic images. By
"natural imge" is nmeant an i nage of an object that
occurs naturally - 5 for exanple, an optical inmage such
as a photograph, as well as inmages of other

wavel engt hs - such as x-ray and infra-red, by way of
exanpl e. The natural inmage _pe recorded and/ or
subsequently processed by d|g means, but is in
contrast to an inmage -or inmage data - that is

generated or synthesi $MAGY RESGILGNETION ot her

artificial means. 10 The recognition of natural inages
can be desirable for many reasons. For exa
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useful for identification and security purposes. The
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be very u for 1dentification purposes. 15 In this
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useful for identification and security purposes. The recognition of valuable animals

such as racehorses may be very useful for identification purposes.

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

Database.

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

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



recognition systens are highly sensitive to the

envi ronnental circunstances under which inmages are
captured. Variation in lighting conditions, facial
expression and orientation can all significantly
increase error rates, making it necessary to maintain
consi stent image capture conditions between query and 5
gallery images for the systemto function adequately.
However, this approach elimnates some of the key
advant ages offered by face recognition: a passive
bionetric in the sense that it does not require subject
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of0sor t i ngAtdveding subtesaspdct of the preosrp amiesiern, thersis eppvided o
produce, a,ljist of.potential matches with prevjously .

St or i Pathg ks e Ry ond B oM b EE G
ustng a EUC|aI. dt%%rs]fo%!msntgacgg Satal\’rgptagé gccgqt)igg by the image using Fisher's

Linear Discriminant Analysis;

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

15 representative of the image; and

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

key of a known image.

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

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

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

previously stored image keys, to identify the image.



5 L2 norm, mahal anobi s di stance netric or a cosine

di stance netric. A nethod as above may include a prior
step of rotating and/or positioning the image to a
predeterm ned orientation and/or position and/or depth
normal i sation. Preferably, said inmage is obtained from
a canera. 10 Preferably, said image is an imge of a
face. Preferably, said image is an i mage of a human
face. Preferably, said inmage {s a natural image.
Accordi ng to another aspect of the present invention,
there is provided apparatus for recognising a
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b. meansl fape gnerati ng, fromthe transforned data
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referred to as RGB colour values of the pixel,
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Preferably, said image is an image of a human face.

Preferably, said image is a natural image.

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

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

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

using Fisher's Linear Discriminant Analysis;

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

key representative of the image; and

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

20 stored image key of 2 known image.



10 representations of the colour and intensity of a

pi xel are possible. In this specification, a "3D inmage"
nmeans any three-di nensional (3D) representation of a
face or, nore generally, another object. For exanple,
this could be a 3D point cloud, a 3D nesh, or a 3D
surface representation. In preferred inplenentations,
the 3D inmage used will be a depth map, which has 15 the
same rectangul ar array, pixelajed structure as a
standard 2D i mage, except that the pixel values now
repr esent degt hs of the face (object) surface rel ative
to some retl pRRfERU N ANRE af{ﬂﬁgftdn‘iospeéfﬁ@é P fieghpdiagpprdigs to any

reglo%th% %deeglg- :}%e&tg@ BieRRlchtiodr®ans a 2D and 3D i mage

of tKe sane pe ace (or other object) where we
know t he 20 correspondence between the two i mages, i.e

we know V\’hﬂnctﬂls Q}gécmcg‘udrp 2 b8 n%%e” MERGE, &AbERDRA rrﬂﬁjglijtﬁﬂmage
whi ch points in the 3D'image in the sense that
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actual facial (or ob ct) sunf ace.
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flowchart simlar to that of Figure 3, but |IIustrati ng

a variati f')nth%snsp\el\él?fllcatlogJl ap‘%f)tl}n%gel”areag? gn%ﬂh}el?—dﬁr%ﬁgilahél (3D)
representation of a face or, more generally, another object. For example, this
could be a 3D point cloud, a 3D mesh, or a 3D surface representation. In
preferred implementations, the 3D image used will be a depth map, which has

15 the same rectangular array, pixelated structure as a standard 2D image, except

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

some reference plane.

In this specification, a “registered 2D-3D image pair” means a 2D and
3D image of the same person’s face (or other object) where we know the
20 correspondence between the two images, i.e. we know which points in the 2D
image cotrespond to which points in the 3D image in the sense that they
represent properties of the same surface points on the actual facial (or object)

surface.

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

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



10 Figure 5 shows exanples of face nodels taken froma
3D face database; Figure 6 shows orientation of a raw
3D face nodel (left) to a frontal pose (mddle) and
facial surface depth map (right); Figure 7 shows an
average depth map (left nost) and first eight

ei gensurfaces; 15 Figure 8 is a graph showi ng false
acceptance rate and false rejection rate for typica
3D face recognition systenms using facial surface depth
maps and a range of distance netrics; Figure 9 is a

di agram of verification test procedure; - 6 Figure 10
i s ampdagly ehohierrpiflalte theaceepraregdipgramgigdrglngs in
rejection rate for 3D face recognition systens using
opti mum Surface representations and distance netrics;
Figure 11 is a chart to show Equal error rates of 3D
face recogppflqn; , go@e&ah%gﬁmy@tp o el oM AU RAGE
representatfons and distance netrics; and Figure 12
showsedoghigbn;descri pti ons of surface representations
with convolution kernels used; Figure 13 is a table of
surface representations; Figure 14 is a graph to show
Equal ErroFigRatZésa ﬂgwcldithf@?ﬂem Figupe flatogllustmte a training mode;
representations; Figure 15 is a graph show ng

di scrim nant val ues and dinmensions for _different _
surface repieesdrt aflpwehartep glysigatq g vargngok thp msthod disigged in
di mengi ons. sel ected fromsurface spaces for inclusion
in twd® corbi ned systens using Euclidean distance and
cosine distance 15 netrics; and Figures 17 and 18 show

error curves, fars § iSHeRSUhRe & #%SEENBuS] B illustrating a
variation in which a particular match is sought;

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

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

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

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

eigensurfaces;

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

range of distance metrics;

Figure 9 is a diagram of verification test procedure;



cosi ne and Euclidean distance netrics. In the figures,
i ke references denote |ike or corresponding parts. In
Figure 1, a canmera A captures a 3D i mge of a face and
transmts it 20 to a processor B which generates a 3D
depth inmage, together with a 2D texture inmage (col our
or greyscale data). Preferably, the 3D and 2D data are
registered - 7 wth one another. At N, the imge is

rotated, scaled and repositiongd - if necessary - to
ensure that it faces front and is centred in the inmage
space. general, it may be rotated to any
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I mageistaacpmeerssed i n three respective, different ways
to extract features fromthe face. Many different image
processes may be adopted - e.g. edges, |ines,
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be oﬁnﬁH&Mdﬂh&mhw&hzaﬁ typlcally, t hey may be Iarger
Thus, at this point, there is a |arge anount of data,
and it is desirable to reduce this. At F, Gand H, a

t r ansf or maFigaa 18tieptable op eurfaoe mapckseématahs;ch t he 15
processed i nage outputs fromC, D and E are anal ysed to
extract inportant data and reject data of |ow or no

SI gni fi canBigureNKns2 grapthokbowfE qualdfyasi Ratasifoy differentemcioge
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Figure 16 is a table showing dimensions selected from surface spaces for
inclusion in two combined systems using Euclidean distance and cosine distance

15 metrics; and

Figures 17 and 18 show error curves for fishersurface systems using

cosine and Euclidean distance mettics.

In the figures, like references denote like or corresponding parts.

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

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



extraction nethod is applied to every inmage output from
C, Dand E. The outputs of processes F, G and H
conprise a set of vectors, which are conbined at 0 to
produce a single vector called the image key |I. Many

di fferent conbi nati on nmethods can be used - for

exanpl e, sinple concatenation 25 (end-to-end),
superinposition, etc. The vectors nay be normalised
before input - 8 at O, so that they all be in the sanme
range. Significant bits of the vectors fromF, G and H
may be conbi ned, and insignificant bits discarded. The
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Figug&mg&illustrates how keys are stored at L. In this
case, a known 10 inmage is captured by the canera A, and
the process steps as descri bed above are repeated

until stepadc, Whgd &, thhemidagsokayedah tirberckitone, diffagat ways
stored at L. An alternative to the nethods of Figures
1 ando gxtiast ks fiom thie gareeMany difsreat g PRCtssTs Ay
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At F, G and H, a transformation step is performed in which the
15 processed image outputs from C, D and E are analysed to extract important data
and reject data of low or no significance. Many methods of analysis will be
known to the skilled reader and include, for example, Principle Component
Analysis (PCA), Principle Curves, Information Maximisation, etc. The end result
is to produce data of a smaller size than the input, occupying a subspace —
20 preferably an optimum subspace — of the original set of data. The information

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

The outputs of processes F, G and H comprise a set of vectors, which
are combined at O to produce a single vector called the image key 1. Many
different combination methods can be used — for example, simple concatenation

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



transformati on process G However, it wll be
appreciated that, alternatively, subspace processes
such as F, G and H nay be applied prior to vector

conbi nation transformation O, 1, as in Figure 1. - 9

In general, enbodinents of the invention may process 3D
i mge data, 2D image data or both. Although a canera A
is shown in Figures 1 to 4, the imge(s) nay conme from
any suitable source. Referringgnowto Figures 5 to 12,
we consi der enbodi ments in which, by 5 applying
Princigal nggonent,Analysis (PCA) to three-dinensi?nm
sur f 8- sasthpiggealdic ingheshBf a0Bat SIERIGHOF Bispidhgyectors from F,
accur [ - f ' recognition
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are presented as fal se acceptance rates and fal se
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effective surface represen?a i'ons an ’stance metrics
t 0 bevdsseead Bcsuch application areas as security,
survei |l l ance, data conpression and archive searching.

In these enbodi nents, we include the use of 3D face
nodel s t haThe @nipatisal eswds fenof art bertqirap bl @ ugonmmonfiyal list
associated with face recognition. By 15 relying purely
on gébﬁ%tric shape, rather than the colour and texture

i nformati on avail able in two-dinensional inages, we
render the_systeminvariant to lighti ondi tions, at
the. oxpensERHE 2 BETHE: PRO Rk 415 1y tT arr ng Pt ira oS o
av@i liabde8s bdprced Bpithe dttleds @X bt the@abdss skdps aeldhistiditad abbeeare
ability to rotate a facial structure in. ]

t hr eecrfried matilowen L whers sheamagiveeyob thedmopa igags ihrfogs at L.
variations in 20 pose, aiding those nethods requiring
alignment prior to recognition. It is to, be i
appreciateg?ah%ﬁ@WFHéﬁ@é%?hTﬁé#PﬁfWﬁ ﬁﬁggdﬁﬁﬁ“ﬁéﬂﬁgﬁﬁfi
in  addid henedos 3R dalthed 18 BS fAMr@blBEMA dM8 C D, E to

produce a single vector at I, which then undergoes transformation in a single
15 information extraction step (subspace method) at G to produce the image key,

which is compared at ] as before.

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

either a Match or No Match as output.

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

combination transformation O, 1, as in Figure 1.



Here we use facial surface data, taken from 3D face
nodel s, as a substitute for the nore famliar

nvo- di mensi onal inmages. We take a well-known 25 nethod
of face recognition, nanely the eigenface approach
described by Turk - 10 and Pentland [Turk, M,

Pentl and, A.: Eiger faces for Recognition. Journal of
Cognitive Neuroscience, Vol. 3, (1991) 72-861, [Turk,
M, Pentland, A : Face Recognidion Using Eiger faces.
In Proc. IEEE Corrf. on Conputer Vision and Pattern

Recogni tion, (1991) 586-59 and adapt it for_use o
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three-din%nsional surface structure. In order to test

t hi s imegebpohapforiafremragy ogirbleisowrce.we have used a | arge
dat abase of 3D face nodels. However, until recently,
met hods of 3D nodel eneration have_ usual |y enpl gyed
the use ofRdfesSegnaycip 5 b pipesARsideserapiipenss 8 iag, by
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using |l asers, but featur orrelatjon requires regions
of | CaffEPARTn Sirfd gt S BB e R riar SO Rt A R
cheeks..andfQr£iaeacks 8 st ited dotvdnbal rfldimbMesel HERAHRS ,
t hr ee- di nensi onal face recognition has renai ned
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of .research focusing on two-dj ' . :
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Automatic 3D Face Authenticat.ion. | mge and Vi sion
Conputivalancs/gita campresgen agd areBioey a8 3211, [ Beuni er,
C., Acheroy M: Automatic Face Ver cation from 3D And
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Based; i Reptl ek SUbMaE UbRmbaRatNoeiSted with fi¥e@€coghitioh.NBy
| EEE Conput er Society Conference on Conputer Vision and

Pabt eriping Retsbigni gepstricchznepaihyn thap [the gobjus apd gypye

108- ]ir]ipolmatgogqa%%labg’in BN dinfensioh imdl s, willender the system invariant
to lighting conditions, at the expense of losing the distinguishing features only
available in colour and texture data. In addition, the ability to rotate a facial

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

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

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

addition to 3D data — or as an alternative.

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

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



Har man Face Recognition Using Point Signature. Proc.
Fourth I EEE International Cor f rence on Autonmatic Face
and CGesture Recognition, (2000) 233-8], they have had
to 25 rely on snmall tests sets of 3D face nodels or
used generic face nodels to enhance two-dinmensiona

i mges prior to recognition [Zhao, IV., Chellaa, R: 3D
Model Enhanced Face Recognition. In Proc. O the

I nternational Conference on lngge - 11 Processing,
Vancouver (2000)], [Ronudhani, S., Blanc V, Vetter,
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potential to inprove face recognition well beyond the
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equi val ent, prior to recognition by
{Beumer, 'C., Acheray, M.: Automatc 3D Face Authentication. Image and Vision

Computing, V'ol. 18, No. 4, (2000) 315-321), [Benmier, C., Acheray, M.: Automatic Face

Verification from 3D And Grey Level Clues. 11th Portuguese Conference on Pattern

20  Recognition, 2000), [Gordon, G.: Face Recognition Based on Depth and Curvature Features.
In Proc. of the IEEE Computer Society Conference on Computer Vision and Pattern
Recognition, Champaign, Illinois (1992) 108-110), |Chua, C., Han, F., Ho, T.: 3D
Human Face Recognition Using Point Signature. Proc. Fourth IEEE International
Conference on Automatic Face and Gesture Recognition, (2000) 233-8), they have had to

25 rely on small tests sets of 3D face models or used generic face models to
enhance two-dimensional images prior to recognition [Zhao, W., Chellaa, R.: 3D

Model Enbanced Face Recognition. In Proc. Of the International Conference on Image



Li near Di scrim nant Anal ysis. Though this approach,
recognition accuracy on the test set is increased from
approximately 81% (correct match within rank of 25) to
100% Simlar results are witnessed in the Face

Recogni ti on Vendor Test (FRVT) [Phillips, P.J.,

G other, P., Mchealr, RJ., Blackburn, D.M, Tabassi,
E., Bone, 25 J.M: FRVT 2002: Overview and . Sumary.

ht p: //tnvnrfivtorg/ FRVT2002/dggarnrents. htnr, March
(2003)], showing that pose correction using Rondhani,

Bl anz and Vetter r phabl e ech
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i nprove two-di nensional face recognition systens by

i npr ovdosgitpB eshn¢legit i on, none of the methods mentioned

so far use actual geomstric structure to perform
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3D face model to normalise facial otientation and lighting direction in two-

dimensional images. Using estimations of light source direction and pose, the
3D face model is aligned with the two-dimensional face image and used to
20 project 2 prototype image of the frontal pose equivalent, prior to recognition by
Linear Disctiminant Analysis. Though this approach, recognition accuracy on
the test set is increased from approximately 81% (correct match within rank of
25) to 100%. Similar results ate witnessed in the Face Recognition Vendor Test
(FRVT) [Phillips, P.J., Grother, P., Micheals, R.]., Blackburn, D.M., Tabassz, E., Bone,
25  J.M.: FRVT 2002: Overview and Sumimary.
htp:/ | www.frot.org/ FRVT2002/ documents.htm, March (2003)], showing that pose

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



able to achi eve reasonable error rates using curvature
val ues of vertical surface 20 profiles. Verification
tests carried out on a database of 30 peopl e produced
equal error rates between 7.25% and 9% on the
automatically aligned surfaces and between 6.25% and
9. 5% when manual alignnent was used. Chua et al [supra]
take a different approach, applying non-rigid surface
recognition techniques to thejbace structure. An
attenpt is made to identify and 25 extract rigid areas

of facial surfaces, creatin SYysS Lhvari ant, 1.0
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i nvegtiegat Eeamrerephidentisgdd- on 10 differential geonetry.
Curvature analysis is applied to a depth map of the
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cheek bone gosition bet ween faces of _different gender.

AhBt Hepratel hosed opreposed gy desraeien Beprig] and Acheroy test
I ncor\ggg&trggthggsagf%fﬁching 3D face models, few of which were successful.

Curvature analysis proved ineffective, and feature extraction was not robust
enough to provide accurate recognition. However, Beumier and Acheroy were
able to achieve reasonable error rates using curvature values of vertical surface
20 profiles. Verification tests carried out on a database of 30 people produced equal
error rates between 7.25% and 9% on the automatically aligned surfaces and

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

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

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



| ocal i sation. Using both depth and curvature

i nformati on extracted fromthree- dinensional face

nodel s, CGordon identifies a nunber of facial features,

from 20 which a set of nmeasurenents are taken

i ncl udi ng head w dth, numerous nose dinensions and

curvatures, distance between the eyes and eye w dth.
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shape and cheek bone position between faces of different gender.

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

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

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

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



in Figure 5. During capture, no effort was nmade to
control lighting conditions. In order to generate face
nodel s at various head orientations, subjects were
asked to face reference points positioned roughly 45
degrees above and bel ow the 20 canera, but no effort
was made to enforce a precise angle of orientation.
Exanpl es of the face nodel s generated for each person
are shown in Figure 5. 3D face pwodels are stored in
the OBJ file format (a common representation of 3D

dat a) or at e fa e . e for n
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her e)coheft@recHeei ng converted 25 into depth maps. The
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and test procedures as shown in Figure 8. In our
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of principal Egﬁ%onent ana ra ni ng
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descrlbed by Turk and Pentl%1 [supra] apd used in
Faviddgel face models taken from 100 differént people under the conditions shown

in Figure 5.

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

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

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

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

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



I nvestigations. Consider our training set of facial
surfaces, stored as orientation normalised 60x105
dept h maps. Each of these depth maps can be represented
as a vector of 6300 el enents, describing a single point
wi thin the 6300 20 di nensi onal space of all possible
depth maps. What's nore, faces with a simlar

geonetric structure should occupy points in a
conparatively | ocalised regi-onsof this high

di mensi onal space. Continuing this idea, we assune that
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may affect recognition error rates. These surfaces are derived by pre-processing

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

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

investigations.

Consider our training set of facial surfaces, stored as orientation

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

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

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



10 and the correspondi ng ei genval ues represent the
degree of this variance along each axis. The A
ei genvectors are sorted in order of descending
ei genval ues and the M greatest eigenvectors (in our
system M = 40) are chosen to represent surface space.
The effect is that we have reduced the dinensionality
of the space to M, yet namintained a high | evel of
vari ance between facial surfadés-throughout 15 the
depth map subspace. W term each ei genvector an
ei ge [ r
Gept oA g A e e sy IR s g
di splrapedbspase.r ange i mages of the facial surface
princi pal conmponents, shown in Figure 7. - 17 Once
surface space has been defined we project any face into
surface SbauéabyddhgwﬁpWE\wﬁUhkpﬂnﬂhﬁBpkh@aﬁﬂ@hOWSan
t he ei genvect ors cal c at e ed fﬁp t he covgrj.ance tr
in e &Bgly ngﬂcqia componen, na Lysis tc to t e rur(grse @c*: Lhkma(pﬁ n our
wher @adekvi =4t e, ki el g@me@pmngand coMkridisee @it h
weight in the vector QI 5 = [m, w2, w3, ... toM The
M coefficients represent the contrlbutlon of each
respective eigensurface to the projected depth map. The
vector Qis taken as the “face-key' representing a
person's facial structure in suifi@6e. space and conpared
by either euclideanCQJM sipe dbstawmce netrics. d",bro
e dmy,, 0 (3) 1 IllNLy v addi tion, wetcan
al so divide each fate4key by its Faspective 10
ei genval ues, prior to distance cal cul ati on, renoving
any inherent dinensional bias and introducing t wo
suppl enentary netrics, the mahal anobis di stance and
Where @,is the difference of the #th depth map from the average y.

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

15 the depth map subspace.

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

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



wei ght ed cosi ne di stance. An acceptance (the two facia
surfaces match) or rejection (the two surfaces do not
mat ch) is determ ned by applying a threshold to the
cal cul ated di stance. Any conpari son producing a

di stance bel ow the 15 threshold is considered an
acceptance. In order to evaluate the effectiveness of
the face recognition nethods, we carry out 41, 905
verification operations on the7 test set of 290 facial
surfaces, conputing the error rates produced (see

Fi gure 8) -onéasﬁﬁaéetgpgé%ﬁs b&ntBEn iR prifete 2%1% FLLIRAL G ce
with every other surface, no inage I's "~ conpared wth

i t sekpacaiya eiaghe paidx nhgtidionjvanedg drel gjigeconweorf tdimlated from
relationship is 20.symmetric). - 18 False acceptance

r at eéh%‘iﬁ’éf“?a&F%’E‘a?jé‘j“é%‘ﬂufaBﬂn :Lat es are calculated as the
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benchmark systemin Figure 9. 5 The Equal Error te
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EER. The sane four curves were produced for all 15
surface representations and the EERs taken as a single

conpar at i vk a4itiea; we pgderteer AP RBrglineyss respective

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

15 threshold is considered an acceptance. In order to evaluate the effectiveness of
the face recognition methods, we carry out 41,905 verification operations on the
test set of 290 facial surfaces, computing the error rates produced (see Figure 8).

Each surface in the test set is compared with every other surface, no image is
compared with itself and each pair is compared only once (the relationship is

20 symmetric).



It is clear fromthe EERs shown in Figure 11, that
surface gradient representations provide the nost

di stinguishing information for face recognition. The
hori zontal derivatives give the |owest error rates of
all, using the weighted 20 cosine distance netric. In
fact, the weighted cosine distance returns the | owest
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Hor i zgpt&h tdelEd3iean and cosine distance measures, with the Mahalanobis

distance providing the lowest EER. The same four curves were produced for all
15 surface representations and the EERs taken as a single comparative value,

presented in Figure 11.

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

25 are generally less distinguishing, regardless of the distance mettic used.
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shown that a well-known two-di nensional face
recognition nethod can be adapted for use on

t hree- di nensi onal face nodels. Tests have been carried
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I nproves results for both Euclidean and cosine
We have shown that a well-known two-dimensional face recognition

method can be adapted for use on three-dimensional face models. Tests have
been carried out on a large database of three-dimensional facial surfaces,

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

distinct advantages over conventional two-dimensional approaches.

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

that facial surface gradient is more effective for recognition than depth and
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Gl5 Foﬁlr%eensional distribution, usually improves results for both Euclidean and cosine
distances. This indicates that dimensional distribution is not necessarily
proportional to discriminating ability and that surface space as a whole becomes
more discriminative when distributed evenly. However, this is not the case for
some of surface representations with higher EERs, suggesting that these

20 representations incorporate only a few dominant useful components, which

become masked when normalised with the majority of less discriminatory

components.

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

25 has also provided the means to combine multiple face-keys, in an attempt to
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15 significantly inprove recognition accuracy

[Heseltine, T., Pears, N., Austin, J.: Evaluation of

i mage pre-processing techni ques for eigenface-based

face recognition. In Proc. of the 2nd |Internationa

Conf. on Image and G aphics, SPIE Vol. 4875 (2002)
677-685]. However, the focus of previous research has
been on identifying the optinmum surface

representation, with little retfard for the advant ages

of fered by each individual surface 20 representation.
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20 representation. We suggest that different surface representations may be specifically
suited to different capture conditions or certain facial characteristics, despite having a
general weakness for overall recognition. For example, curvature representations

may aid recognition by making the system more robust to inaccuracies in 3D
orientation, yet be highly sensitive to noise. Another representation may enhance

25 nose shape, but lose the relative positions of facial features. The benefit of using
multiple eigenspaces has previously been examined by Pentland et al [A. Pentland, B.

Moghaddom, T. Starner, “View-Based and Modular Ejgenfaces for Face Recognition”, Proc. of



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 15
orientating the 3D face nodel to face directly

forwards, then projecting into a depth map. The
surfaces in the table of Figure 13 are then derived by
pre- processing of depth maps. W give here a brief

expl anation of the fisherface #&thod of face

recogni tion, as described by Bel hunmeur et a]
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in each c s Yis e sane pe son an
depth map. The surfaces in the table of Figure 13 are then derived by pre-

processing of depth maps.

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

recognition, as described by Belhumeur et al [Belbumenr, |. Hespanba, D. Kriggman,

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

25  to that used in the eigenface [A. Pewtland, B. Moghaddom, T. Starner, “View-Based and
Modslar Exgenfaces for Face Recognition”, Proc. of IEEE Conf. on Computer VVision and Pattern



single person is present in nore than one class. W
continue by conputing three scatter nmatrices,
representing the within-class (Sm, between-class (SB)
and total (Sr) distribution of the training set

t hroughout surface space, shown in equation 5.
s=ir,-"t"Ar.-"~"~" st="Ix,k'u-"i'ret-T~
s"=cc'r,-"Y,xr.-g;a" (5) 15 Were N r r is the
average surface of the entire 24aining set, and w, =
i,. fir, ,the average of class X By perform ng PCA
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Mc princip conponents, we produce a projectl

mat r i elUp" takqsdvantegs of ddiige-cldishimfrsinatial, intinimifngtvagation between
wi t hi n- s _scatter matrix, 20 ensyring.i.t is )
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49) etgepiectigne @badd@cradiged: Lantal [el éﬁaxﬁuﬁlg 8F each
Uppa as. shown_in equation 6. - 25 argma UTUu, SgU, . Ul

(6) UPkFiglesqybme the agnrcy of 4 presommtfack krudpue Glue ol inlieates sach as
as s ' ' . : t ] roject a .
face Dum FuReSONaL! B0 Cecrtli IR ool b IR B LR Funownin
di merssipgies 4. in which the between-cl ass scatter is
maxi m sed for all c classes, while the wwthin- 5 cl ass
scatter is mnimsed for each class X Ull = Un,U"'. (7)

Once the malhsk- Wk rhas, Deslnepnsiryctgd it is ysed in
much the sane way—as—the-proepheet-or-watrix in e

ei genf ace and ei genurfade sy<tens®™ réduci ng

di nensionality of face surface vectors from5330 to

just 49 (c-1) elenments. 10 Again, like the eigenface

system the conponents of the projection matrix can be

viened as Mhtres is Ogid syifrdeand thegaiungiss isgeenioded inned,

Weo prc‘l)isﬁg,tsuaq Ihqpéa{?}l] sérk’hrcg &t ngs% Xiis of the same person and no
single person is present in more than one class. We continue by computing
three scatter matrices, representing the within-class (S5), between-class (§B) and

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

equation 5.

M € 3
Sp=S0~ L -9V S = TN WY - FY S =S ST, - NG - 5
nal =i 1 FeX

15

Where _ 43 1s the average surface of the entire training set, and
n=}

¥ =mrz I,, the average of class X;. By performing PCA using the total scatter
X,

matrix S7, and taking the top M- principal components, we produce a projection
mattix Upe, used to reduce dimensionality of the within-class scatter matrix,
20 ensuring it is non-singular before computing the top 7 (in this case 49)

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



surface space by a sinple matrix multiplication using

the matrix Up; as shown in equation 8. m =~~k (r-'Y)
fork (8) 15 where uk is the kth eigenvector and W is
the kth weight in the vector Q _ [W, 412, 0)3,

mvr]. The c-1 coefficients represent the contribution
of each respective fishersurface to the origina

facial surface structure. The vector Qis taken as the
"face-key' representing a persdhn's facial structure in
reduced dinensionality surface space and conpared
usi ng either euclidean or 903|n 20 di stance netrics as
shown in equati 0N y9«agmad Uy |j|~f|1|~c|| An (©)
acceptance (the two de|%Fhéﬁ@a ces match) or rejection
(the two surfaces do not match) is determ ned by
applying a threshold to the distance cal culated. Any
conpari son producing a di stance val ue bel ow t he
threshol d Fsmm5ﬂ&nnsnﬂé&ﬁdm&ﬁM&aaeakﬁﬂﬁﬁeqﬁﬁ6§7Wﬁdq&mtn
anal yse the surface spaces roduced when various faci al
sur f A8 PPERRRETHRFIRE edrcgd syase srice pler” dimensions, in

fi shewsil fRGRRERA s Wer REFIARY RE avid F i RG W LRSHL &
shomnng the range of error rates produc when u5|ng
vaPi oilfss saierae sinimispd Exenthadlisois. Flgure 14 clearly
shows that the choice of surface representation 10 has
a significant effect on the effectiveness of the
fishersurface nethod, vpthy horizontal gradient
representations prOV|d|ng the | owest equal error rates
(EER, the error when FAR equals FRR). However, the
superiority of the horizontal gradient representations
does not I dient an
curvature %g‘?g%tg}é%?lb Iﬁ%eoae}r!rggnltsgﬁ%e%%% o mv%utg AT

and aVayhedgiprojheioginsorit i thatigenfadenho eigatshfite Byseihsdedudyg

t hesedlmensmnahty of face surface vectors from 5330 to just 49 (~-7) elements.

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

viewed as images.

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

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

equation 8.

o, =ul T-¥) fork=1.c-]. (8)

15 where ux is the kth eigenvector and wy is the kth weight in the vector QT
= w1, w2, w3, ... war]. The 7 coefficients represent the contribution of each
respective fishersurface to the original facial surface structure. The vector Q is
taken as the ‘face-key’ representing a person’s facial structure in reduced

dimensionality surface space and compared using either euclidean or cosine

20 distance metrics as shown in equation 9.



representati ons may not be as robust and

di stinguishing, that is not to say they wouldn't nmake
a positive contribution to the infornmation already

avai lable in the horizontal gradient representations.
We now carry out further investigation into the
discrimnating ability of each surface space by
appl yi ng Fisher's Linear 20 Discrimnant (FLD), as used
by Gordon [supra] to anal yse-3bxf-ace features, to

i ndi vi dual conponents (single dinensions) of each
surface space. Focusing on a single face space

di mensi on we 4&al.cdatg t he  di serii2nant d, descf¥Pbing
the discrininating power of  thadfl®lmensi on, between c
people. 27 - (m - m2 d=w r-~1 .rew Wiere inis
the nmean val ue of that dinension in the face-keys, m
the wthin-class nmean of class i and (Pi the set of
vector el ep@ni&pt-akeind LMt V.S S 1.
Appl ying the abgVe eg%ationaggu?%ggg§§g$5r§ﬁ¥£ggh%%wo
surfa%%égvabewsysﬁéwsdQEn@naibﬂqm&@ugnﬁaﬁhﬂﬁaﬁﬂﬁkﬁmmme

surfa resent ation see a. Wi de .range of .
R

abbl i doyisi@é¢re@achccepriretevi dual di mensi on, as shown in
Figure 15 for the top ten nost discrimnating

di mensi ons for each surface representation. 10 It is

cl ear t hat Hatet houglyss areusitefspaes pRpi@s eealvh@hs A9 Batice

petfonn well in the face recognition tests, producing_
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However, the superiority of the horizohtal gradient representations does

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

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

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

discriminating power of that dimension, between ¢ people.



structure, but is not effective when used as a nore
general classifier. Therefore, if we were able to

i solate these few useful qualities fromthe nore
speci al i sed subspaces, they could be used to nmake a
positive contribution to a generally nore effective
surface space, reducing error rates further. 20 Here we
descri be how the anal ysis nmethods di scussed i n above
are used to conbine nmultiple 2ace recognition systens.
Firstly, we need to address the problem of
prioritising surface space dygensions. Because t he
average nmgnitude and deviatHBﬁ”ﬁf face-key vectors
froma range of systens aFéiFfS?%V‘ﬁb differ by sone
orders of nagnitude, certai idisp n%ons will have a
greater - 28 influence than others, even if the
discrimnating abilities are evenly nmatched. To
conpensate for this effect, we normalise nonents by
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conmbi ne dimensions into a single unified surface spacé.

| > particularly suited to a single discriminating factor, such as nose shape or jaw
structure, but is not effective when used as 2 more general classifier. Therefore, if we
were able to isolate these few useful qualities from the more specialised subspaces,

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

surface space, reducing error rates further.

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

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



order to conmbine multiple dinmensions froma range of
surface spaces, we require sone criterion to decide
whi ch dinensions to conbine. It is not enough to rely
purely on the discrininant value itself, as this only
gives us an indication of the 20 discrimnating ability
of that dimension alone, wthout any indication of
whet her the inclusion of this dimension would benefit
the existing set of dinensions28l¥ an existing surface
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15 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
order to combine multiple dimensions from a range of surface spaces, we require
some ctiterion to decide which dimensions to combine. Tt is not enough to rely
purely on the discriminant value itself, as this only gives us an indication of the
20 discriminating ability of that dimension alone, without any indication of whether the
inclusion of this dimension would benefit the existing set of dimensions. If an
existing surface space already provides a certain amount of discriminatory ability, it
would be of little benefit (or could even be detrimental) if we were to introduce an

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

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

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



Concat enat e new di nensi on onto conbi ned surface space
Cal cul ate EER of conbi ned surface space |If EER has not
i ncreased: Renove new di nension from conbined surface
space Save conbi ned surface space ready for eval uation
10 Figure 16 shows which dinmensions from which surface
space were selected wusing the above algorithm for
inclusion in tw conbined systens: one using the
eucl i dean di stance netric and Bhe-other using the

cosi ne distance netric. W now conpare the conbi ned

sur f as@HSDRACB oS YSHREF siivkdot6ducd B QBte&ggH%B L] %' wideal e
system u5|ng both the cosine and eucli N di stance
meas uFeishieTh sgsfiqaptly lowevesorghtevin 2Anfakt gusgesioh/aldpagHlBis

illus h S ned the optinum

si ngl Ié&?& aiie?%ﬁ?‘aigg R:‘ff%‘?% %mglghﬁg?tffzééesfl s pEosgh f ace

S y St eprocessig tife &voaRbd fﬁ(&eltn@lyﬂ(ﬁfgt H&%&VCA \x(lﬂllsaergoxre(éfﬁaent
Etruct t he conbi ned systeg test set B (the unseen
t

setyinaiog 2 BB FF npwgtkedbit apptiohch, prghy ehatfthemnt@ems A
and e t 0 Ldean distanc
BJ) Hl%édqg 5 H&V g.ﬁlc'ﬁlngg t@g%?ggl% ggs% {15 ](1% ﬁlé%SpﬂCé 1S a

rretrlcs We see that the co
| i neslesyont iprogbadrethe GER. Jerpraice, ah;eSpttdﬁmohlﬁe:ﬂsddnngﬂo

syste for,both the cosine a Eucl i dean 5 di stance
nmeas ug%d HECHIE PR r?f)%’%g’la‘é‘?ﬂ %&ﬂmﬁ@‘%}é éY¥claas gepegric algorithms,

fi shefn&u]@fea@gnea};@mt ation using the cosine distance,
produm ng 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
i s just |ofrenbéxafpder Gfces ebect i-ngidsME@EionRs cANGT
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

10

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

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

We now compare the combined surface space systems with the

15 optimum individual system, using both the cosine and euclidean distance

measures.

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

when the optimum single fishersurface system and combined fishersurface system



can only determ ne a | ocal maxi mumin performance in

t he nei ghbour hood of the 10 set of initial selected
conmponents which, in this case, is the selection of al

of the horizontal derivative conponents. O her

enbodi nents of the invention generally cover any

search or optimsation nethod used to select a subset

of the dinensions fromthe total set of dinmensions in
order to give an accurate and Bel+able system
performance. 15 The various nethods discl osed herein
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15 The various methods disclosed herein may be combined with one another.

As indicated above, although illustrated embodiments of the invention

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

objects.

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

possibility of also including further features.

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

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



10 alternative features serving the same, equival ent or
simlar purpose, unless expressly stated otherw se.
Thus, unl ess expressly stated otherw se, each feature

di scl osed is one exanple only of a generic series of
equi valent or simlar features. The invention is not
restricted to the details of the foregoing
enbodi ment (s). The invention extends to any novel one,
or any novel 15 conbination, -oBlthe features discl osed
in this specification, or to any novel one, or any
novel dea@rdehRaHi @Mure Bfed S t loci o
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expressly stated otherwise. Thus urﬂess expressly stated otherwise, each feature

disclosed is one example only of a generic seties of equivalent or similar features.

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

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



20 5. A nethod according to claim3 or 4, wherein step
C. is carried out using a Euclidean distance netric
(the L2 norn), mahal anobis distance netric or a cosine
di stance netric. - 33 6. A nethod according to any of
the preceding clains, including a prior step of
rotating and/ or positioning the inage to a
predeterm ned orientation and/or position and/or depth
normal i sation. 7. A nethod acc® ding to any of the
precedi ng clains, wherein said image 5 is obtained
fromegrgawmsra. 8. A nethod according to any of the
precedi ng clains, wherein said imge is an imge of a
face. 9. A nmethod according to any of the preceding

ace. 9. A method according Lo any of the precedir
Face 10" 10 A RLPh S BN kR alRY0 Poeheo P Rtuding

cl ai nsgpswiierein said image is a natural inmage. 11.
Apparatus for recognising a three-dinmensional inmage,

the apparat us waRfRmim Agdatl sploeaitsp®b EHeaﬁﬁéeot[smg'TQsher's
the data space_ occupi ed by the inmage 1% usi ng Fisher's
Li near Di scri mAAgDIgENgaT dnalgsis; rpans for generati ng,
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the i mage keya%kkgﬁﬁﬁwgggﬁkigggigﬁpviously stored

i mge key of nown | mage. Appar at us accor di ng

to claim1l and arra 913 1o performa nethod —accordin
to any of cl al n‘Bﬂﬁ{f tg % m g?e Y Wltg ameast one prev1ousq) storeg mage
10 key of a known image.

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

the image.

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

image.

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

with previously stored image keys.

20 5. A method according to claim 3 or 4, wherein step c. is cartied out using
a Euclidean distance metric (the 12 norm), mahalanobis distance metric or a

cosine distance metric.
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6. A method according to any of the preceding claims, including a prior
step of rotating and/or positioning the image to a predetermined orientation

and/ot position and/or depth normalisation.

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

is obtained from a camera.

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

is an image of a face.

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

is an image of a human face.

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

is a natural image.

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

comprising:

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

using Fisher's Linear Discriminant Analysis;

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

key representative of the image; and

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

stored image key of a known image.

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

according to any of claims 1 to 10.



