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Befo r e W e Sta rt

MI2 not IM2

Click on the picture to play from the �le

[Click here to play/download from the Internet]

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.2/94

http://www.idiap.ch/~marcel/demos/video/mi2-mv1.avi


Befo r e W e Sta rt

MI2 not IM2

! Ho w to do this is not the purp ose of

this tuto rial so rry !
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Intro d u ct ion

� Automatic face recogni t i o n is still a challeng i n g p roblem with many

applicati o n s ,

� T w o mo des fo r face recogni t i o n :

� identi�catio n : establis h the identit y of a given p erson out of a p o o l

of N p eopl e (1-to - N matching ),

� veri�cation (o r authentica t i o n ): con�rm o r deny the identit y claimed

b y a p erson (1-to - 1 matching ),

� Distinct applicati o n s :

� identi�catio n : video surveillance (public places, restricted a reas),

info rmation retrieval (p olice databases , multimedi a data

manage m e n t ) o r human compute r interactio n (video games, p ersonal

setting s identi�catio n ),

� veri�cation: access control , such as compute r o r mobil e device log - i n ,

buildin g gate control , digit a l multimedi a data access.
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App lication Examp les

� Biometrics

� Content- b a s e d Image/ Vide o Indexing and Retrieval (CBIR)
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App lication Examp les

. Biometrics :

� secure transactio n s and secure access to onlin e services

� micro pa yment services,

� phone ca rd reloading ,

� remote purchase,

� telepho n e bankin g , ...

� emb edded applicati o n s :

� PIN co de replacement,

� lo ck / u n l o c k device,

� p ersonal data p rotectio n (agenda, address b o o k ), ...

� Content- b a s e d Image/ Vide o Indexing and Retrieval (CBIR)
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Biom e t r ics: T a rge t e d App lications

� PC o r laptop :

� Mob i l e / PD A: built-i n micropho n e , video camera and also �ngerp rint

scanner ( Fujitsu DoCoMo F902i, Pantech PG-6200, Radio Co. WX310J, Omron , ...)
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Biom e t r ics: Examp le

� Automatic face veri�cation system :

� Why veri�cation ?:

� veri�cation is mo re simple to desig n ,

� veri�cation scales w ell to identi�catio n ,

� a lot of databases as w ell as strict exp eriment p roto co l s exist,

� identi�catio n and veri�cation often sha re the same feature extraction

and classi�catio n algo rithms ,

� face detectio n / l o c a l i s a t i o n is also included .

� Demos:

� BioLog i n .

� BananaScreen (www.banan a s e c u rit y .ch).

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.9/94

http://www.idiap.ch/biologin
http://www.bananasecurity.ch


App lication Examp les

� Biometrics

. Content- b a s e d Image/ Vide o Indexing and Retrieval (CBIR) :

� automat i c annota t i o n of p ersonal photo s and home videos,

� multimedi a data manage m e n t and o rgani s a t i o n ,

� automat i c indexing b y image/ vide o conten t , b y (Exif ) meta-data

(time, lo cati o n via GPS tags, ...)

� to o l s to facilitate sea rch in la rge (photo) colle c t i o n s (QBE, QBT, ...).

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.10/94



CBIR: T a rge t e d App lications

� Photo Sha ring and Automatic Annotatio n of Photo Albums:

� P ola rRo s e ( http://w w w .p o l a rrose.c o m ): face detectio n and

recogni t i o n ,

� Riy a ( www.riy a.com ): face detectio n , face recogni t i o n and text

recogni t i o n .

� Visual shopp i n g : Lik e ( www.lik e .c o m )

� Photo Co rrection: SilverWire (www.sil verwire.co m )

� Others:

� myHeritage ( www.myheritage .c o m ): face detectio n in family photo s ,

� Nevenvisio n : face detectio n and recogni t i o n (acquired b y Go og l e in

20 0 6 ),

� Go og l e ( www.g o o g l e .c o m ) with Picasa ( picasa.go o g l e .c o m ).
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CBIR: Examp les

� Image indexing :

� from meta-data : Lo cate these pictures ?

� from conten t : Go og l e P o rtrait .

� Video indexing : I kno w Kung F u

� [Play from the �le]

� [Play/Download from the Internet]
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Goal and Challenge s

� Goal:

� determine if there a re any face in an image (o r video),

� p rovide lo cati o n , size and eventually o rientatio n fo r all faces.

� Challeng e s

� high va riabilit y of the face in shap e, colo u r and texture,

� light i n g condi t i o n s , p ose, backg ro u n d , o cclu s i o n s .

! F ace detectio n is the �rst step to any face p ro cessi n g systems
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F eat u r e - b a s e d vs App e a r a n ce - b a s e d App r o a ch e s

� F eature-based app roaches (without Machin e Lea rning �a p rio ri�)

� App ea rance-base d app roaches (with Machin e Lea rning inside !! )
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F eat u r e - b a s e d vs App e a r a n ce - b a s e d App r o a ch e s

� F eature-based app roaches :

� mak e explicit use of face kno w l e d g e :

� lo cal features of the face (nose, mouth, ey es),

� structural relations h i p b et w een these facial features.

� a re generally used fo r face lo cal i s a t i o n (one face),

� require go o d qualit y images ,

� a re robust to illumina t i o n condi t i o n s , o cclu s i o n s and viewp oi n t ,

� but ma y also b e computa t i o n n a l y exp ensive.

� App ea rance-base d app roaches
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F eat u r e - b a s e d vs App e a r a n ce - b a s e d App r o a ch e s

� F eature-based app roaches :

� mak e explicit use of face kno w l e d g e :

� lo cal features of the face (nose, mouth, ey es),

� structural relations h i p b et w een these facial features.

� . . .

the detectio n of lo cal features is often done using app ea rance-b a s e d

app roaches !

� App ea rance-base d app roaches :

� consi d e r face detectio n as a t w o- c l a s s pattern recogni t i o n p roblem,

� rely on statisti c a l lea rning metho ds to build a face/no n - face classi�er

from training samples,

� a re used fo r face detectio n in images with lo w resolutio n ,

� have received consi d e rable attentio n ,

� have p roven to b e mo re success ful and robust than feature-based

app roaches .
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F eat u r e - b a s e d vs App e a r a n ce - b a s e d App r o a ch e s
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Main conce p t s of App e a r a n ce - b a s e d App r o a ch e s

1. scanning windo w : this is the ro ot idea of app ea rance-b a s e d metho ds : a

sliding windo w scans the input image at di�erent lo cati o n s and scales.

2. face/no n - face classi�er : Each sub-w i n d o w is then given to a classi�er

whos e goa l is to classify the sub-w i n d o w as either a face o r a non- face .

3. merging overlapp ed detectio n s : Multip l e detectio n s at di�erent lo cati o n s

and scales ma y o ccur a round a face in the image.
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Main conce p t s of App e a r a n ce - b a s e d App r o a ch e s

� App ea rance-base d metho ds mainly di�er in the choic e of the classi�er:

Supp o rt V ecto r Machin e s , Neural Net w o rk s , Ba y esian classi�ers o r

Hidden Ma rk o v Mo d e l s .

� W e will rep o rt here the most signi �cant app ea rance-b a s e d app roaches

b oth fo r frontal face detectio n and multi-view face detectio n .
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State - o f - t h e - a r t

� Ro w l e y et al. [19 9 8 ] : ensemble of Neural Net w o rk s which w o rks on pixel

intensiti e s ,

� Discuss i o n :

� A dvantages: p rovide accurate detectio n with few false ala rms.

� Dra wbacks : need several secon d s at b est to p ro cess an image

(sub-win d o w s need to b e photo - m e t rical l y no rmalise d b efo re

classi�catio n ).

This limitatio n is restrictive fo r real-life applicati o n s that need real-time

face detectio n ( > 15 frames p er secon d )
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State - o f - t h e - a r t

� Viola and Jones [20 0 1 ] : the �rst real-time frontal face detectio n system

based on b o o s t i n g lea rning (A dab o ost)

� simple image features (Haa r-Lik e) can b e compute d at any p osi t i o n

and scale in consta n t time using the integral image rep resentation,

� w eak- c l a s s i �ers a re assemble d into strong classi�ers using b o o s t i n g ,

� a cascade of strong classi�ers with increasing comple xit y is built.

2t> Mt>

1t< 2t< Mt<

1t>
M

H (x)

reject subwindow (Non Face)

Face

all candidate
subwindows

H (x)
1

H (x)
2
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Multi-View F ace Detect ion

� Multi- view = multiple views (o r p ose) of the face

� In-plane rotation (roll) [In-plane views]:

� F rontal to p ro�le out-o f-p l a n e rotation (pan) [Out-plane views]:

� Up-do w n no ddi n g rotatio n (tilt),

� Combina t i o n s a re also p oss i b l e .

The di�erent viewp oi n t s la rgely increase the va riet y of face app ea rance and

mak e the detectio n of multi-view faces much mo re di�cul t than the detectio n

of frontal faces.
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Pyram id- C a s ca d e Archite ct u r e

� A multi-view face detecto r based on a p yramid-cascade a rchitecture is

comp o s e d of a top-l e vel cascade, an in-pla n e p yramid and an out- p l a n e

p yramid:
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Pyram id- C a s ca d e Archite ct u r e

� In-plane p yramid-cascade :

� Out-plane p yramid:
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Pyram id- C a s ca d e Archite ct u r e

� A dvantages:

� mo dula r (easy to add novel views),

� fast.

� Dra wbacks :

� overall training can b e long ,

� a rchitecture desig n is painful (# of view pa rtitions , # of stages , # of

classi�ers).

There is a need fo r machine lea rning algo rithms to build automati c a l l y

the structure and to train the mo dule s .
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Exp erim e n t Results: Multi-View

� Inplane:

� Out-of-pl a n e :
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Exp erim e n t Results: Multi-View

� T olerance to combin a t i o n s of inplane and outpla n e rotatio n s :
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Exp erim e n t Results: Multi-View

� High - res images ( 1300� 2000) and di�cul t illumina t i o n condi t i o n s :
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Exp erim e n t Results: Multi-View

� Rob u s t to illumin a t i o n :
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Exp erim e n t Results: Multi-View

� Rob u s t to o cclu s i o n :
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Intro d u ct ion

� In spite of the expanding resea rch in the �eld of face recogni t i o n , a lot of

p roblems a re still unsol ved,

� T o da y , several systems that achieve high recogni t i o n rates have b een

develop ed , ho w ever:

� such systems w o rk in control l e d environments,

� fo r most of them, face images must b e frontal o r p ro�le,

� backg ro u n d must b e unifo rm,

� light i n g must b e consta n t .

� F urthermo re, lot of publish e d systems a re evaluated using manually

lo cate d faces,

� and the ones which have b een evaluated using a fully automati c system

sho w e d a big degradatio n in p erfo rmance.
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Challenge s

� In most real life applicati o n s , the environment is not kno w n a-p rio ri and

the system shoul d b e fully automati c . A F ace Reco g n i t i o n system has to

deal with:

� Lighti n g V a riation,

� Head P ose change s ,

� Non- P e rfect Detectio n ,

� Occlusio n ,

� Aging.

� The main p roblem is the la rge va riabilit y b et w een face images :

� extra-p ersonal va riabilities: va riations in app ea rance b et w een

di�erent identitie s ,

� intra-p erson a l va riabilities: va riations in app ea rance of the same

identit y , due to di�erent exp ression, light i n g , backg ro u n d , head p ose,

hair cut, etc.
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F eat u r e Extraction: Holistic vs Lo cal

� The go a l of feature extraction is to �nd a sp eci�c rep resentation of the

data that can highl i g h t relevant info rmation .

� An image is rep resented b y:

� a high dimensio n a l vecto r contai n i n g pixel values (holisti c

rep resentation),

FEATURE
VECTOR

� a set of vecto rs where each vecto r contai n s gra y levels of a sub-im a g e

(lo cal rep resentation).

FEATURE
VECTORS
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F eat u r e Extraction: Holistic vs Lo cal

� V ecto rs a re p rojected into a new space (the feature space) where the

least relevant features can b e removed to reduce the dimensio n a l i t y

acco rding to a criterion (such as lo w e s t amount of va riance):

� Holi s t i c rep resentations (rep resentations found using the statistic s of

image data)

� Lo cal rep resentations (resea rchers have a rgued that lo cal �lters a re

mo re robust than glo b a l rep resentation)
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F eat u r e Extraction: Holistic vs Lo cal

� V ecto rs a re p rojected into a new space (the feature space):

� Holi s t i c rep resentations :

� T urk and P entland [19 9 1 ] : Principal Comp o n e n t Analysis (PCA)

� Zhao and al. [19 9 9 ] , Li and al. [20 0 0 ]: Linea r Discriminant

Analysis (LD A, also kno w n as Fisher Discriminant Analysis)

F o r face recogni t i o n , LD A shoul d outp erfo rm PCA b ecause it

inherently deals with class discriminati o n . Ho w e ver, Ma rtinez and

Kak [20 0 1 ] have sho w n that PCA might outp erfo rm LD A when the

numb er of samples p er class is small.

� Lo cal rep resentations
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Holistic Rep res e n t a t ion : Pre- P r o ce s s ing

� Geometric no rmalisa t i o n : the face is geo m e t rica l l y no rmalise d to a 64

width � 80 heigh t image ( 5120 dimensio n s )

1. translatio n (ey es centre lo cati o n ),

2. rotatio n (comp ensa t e s fo r in-pla n e rotatio n s ),

3. scale.

� Photo m e t ric no rmalisa t i o n : Retinex, histo g ram equalisa t i o n , ...

003_1_1.pgm 003_1_1.pos

003_1_1.bindata 003_1_1.inorm.bindata
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Holistic Rep res e n t a t ion : PCA

� Let:

� x b e a face image x 2 Rn

with n= 5120,

� X = f x1:::xP g b e the set of faces with P the numb er of images ,

� � = 1
P

P P
k=1 x k the mean face image,

� � = 1
P

P P
k=1 (x k � � )(x k � � )T

the cova riance matrix of faces.

� Computes the m eigen vecto rs e1:::em co rresp ondi n g to the m la rgest

non- ze ro eigen valu e s of the cova riance matrix � of data X b y solving

(� � � i I )ei = 0 , i = 1 ::m :

� The co o rdin a t e system of eigen vecto rs fo rms the Eigenface space:
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Holistic Rep res e n t a t ion : PCA

� Projects an image x into the Eigenface space: u = Wx where u 2 Rm

� This achieves:

� info rmation comp ressi o n ,

� de-co rrelatio n ,

� and dimensio n a l i t y reduction to facilitate decisio n making .

� Illustratio n of info rmation comp ressi o n :

Rec

� 96 % 90 % 80 % 70 % 60 % 50 % 30 % 10 %

m 751 243 94 45 25 14 5 2

RMSE 0.002 0.004 0.008 0.012 0.019 0.023 0.028 0.038
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Holistic Rep res e n t a t ion : PCA

� Projections of di�erent faces in 2D:

Eig e n 1 vs Eig e n 2
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Holistic Rep res e n t a t ion : PCA

� Projections of di�erent faces in 2D:

Eig e n 2 vs Eig e n 3
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Holistic Rep res e n t a t ion : PCA

� Projections of di�erent faces in 2D:

Eig e n 3 vs Eig e n 4
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Holistic Rep res e n t a t ion : LD A using Fisher

� In Fisher LD A, Fisher criterion aims at maximising the ratio of

b et w een- c l a s s scatter Sb to within- c l a s s scatter Sw ,

� Let:

� X = f x1:::xP g b e the set of faces with P the numb er of images ,

� Ci ; i = 1 :::c b e the set of classes where c is the numb er of classes ,

� l i the numb er of images b elon g i n g to class i ,

� � i = 1
l i

P
k2C i

x k b e the mean of each class,

� Sw = 1
P

P c
i =1

P
x k 2C i

(x k � � i )(x k � � i )T

b e the within- c l a s s

scatter matrix,

� Sb = 1
c

P c
i =1 (� i � � )( � i � � )T

b e the b et w een- c l a s s scatter matrix,

� where � is the grand mean, i.e the mean of the means � i .

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.50/94



Holistic Rep res e n t a t ion : LD A using Fisher

� Fisher's criterion can then b e de�ned as maximising

J (w) =
w t Sbw
w t Sw w

: (1)

� a solu t i o n can b e found b y computi n g the eigen vecto rs of:

w = S� 1
w Sb : (2)
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Holistic Rep res e n t a t ion : LD A

� Projections of di�erent faces in 2D:

Eig e n 1 vs Eig e n 2
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Holistic Rep res e n t a t ion : LD A

� Projections of di�erent faces in 2D:

Eig e n 2 vs Eig e n 3
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Holistic Rep res e n t a t ion : LD A

� Projections of di�erent faces in 2D:

Eig e n 3 vs Eig e n 4
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Holistic Rep res e n t a t ion : LBP

� What is LBP ?
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Lo cal Bina ry P att e r n s

� Original LBP op erato r: 3x3 k ernel which summa rises the lo cal spatial

structure of an image.

83 75 126

99 95 141

91 91 100

0 0

0 10

1

1

1 binary:   00111001
decimal:      57

   comparison
with the center

    binary
  intensity

� LBP P;R : P equally spaced pixels on a circle of radius R .

� LBP u2
P;R : only unifo rm patterns (at most t w o bit wise 0 to 1 o r 1 to 0

transition s )

� Other va riants: Imp roved LBP , Extended LBP .
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Lo cal Bina ry P att e r n s

� Prop erties:

� V ery lo w computa t i o n a l cost

� P o w erful texture descripto r

� Inva riant to mono t o n i c gra y-scale transfo rmation

� LBP can b e compute d also very quickl y at any scale and p osi t i o n in

consta n t time with the integral image .

� P otentia l Applicatio n s :

� T exture classi�catio n

� F ace detectio n / reco g n i t i o n , image retrieval, motio n detectio n ,

medical image analysis, surface insp ecti o n , ..
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Holistic Rep res e n t a t ion : LBP

� Computes lo cal LBP histo g rams,

� Concaten a t e s lo cal histo g rams into a singl e vecto r.

...

concatened histogram

local histogram

local histogram

LBP code

...
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Holistic Rep res e n t a t ion : Dra wb a ck s

� PCA:

� computi n g eigen vecto rs can b e long (even using SVD),

� not robust to erro rs in shift/sca l e / ro t a t i o n .

� LD A: idem as PCA but also

� w o rks w ell ONL Y in a close - s e t scena rio,

� numb er of dimensio n s after LD A is < c � 1,

� requires enoug h training samples p er class (Small Sample Size

p roblem) otherwis e Sw is singu l a r and thus non- i n vertible !

� tricks exist to deal with the SSS p roblem such as the QZ algo rithm.
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F eat u r e Extraction: Holistic vs Lo cal

� V ecto rs a re p rojected into a new space (the feature space):

� Holi s t i c rep resentations :

� T urk and P entland [19 9 1 ] : PCA

� Zhao and al. [19 9 9 ] , Li and al. [20 0 0 ]: LD A

� Lo cal rep resentations :

� Lo cal PCA, P adgett and Cottrell [19 9 7 ]

� 2D Gab o r W avelet, Daugman [19 8 5 ] , Lades [19 9 3 ] : Gab o r �lters

a re kno w n as go o d feature detecto rs and such �lters remove most

of the va riabilit y in images that is due to va riations in light i n g .

� 2D Discrete Cosine T ransfo rm: F ace images a re analysed on a

blo ck b y blo ck basis. Each blo ck is decomp o s e d in terms of 2D

Discrete Cosine T ransfo rm (DCT) basis functions . A feature

vecto r fo r each blo ck is then constructed with the DCT

co e� c i e n t s .

� Mo d i �catio n of the 2D DCT: Sanderson [20 0 2 ] p rop os e d the

DCTmo d2, where the �rst three DCT co e� c i e n t s a re replaced b y

their resp ective ho rizonta l and vertical deltas in o rder to reduce

the e�ects of illumin a t i o n direction change s .
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Lo cal Rep res e n t a t ion : 2D DCT

� Divides the image into blo ck s ( 8 � 8 fo r instance),

� Computes 2D DCT in each blo ck ,

� Creates a set of T feature vecto rs X = f x t g
T
t =1 fo r each image.

003_1_1.inorm.bindata

003_1_1.dct.bindata
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Lo cal Rep res e n t a t ion : LBP

� Computes lo cal LBP histo g rams from w o rld mo del data,

� A dapts lo cal LBP histo g ram using training data.

LBP code l k

... ...

    world model
(block histogram)

bin l k

client dataworld data

... ...

    world model
(block histogram)

bin l k

histogram adaptation
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Classi�cation

� Classi�catio n consi s t s of attributing a lab el to the input data and di�ers

acco rding to the sp eci�c task (closed o r op en set identi�catio n ,

veri�cation)

� All systems p rovide a sco re � I (X ) co rresp ond i n g to an opini o n on the

p rob e face pattern X to b e the identit y I .

� veri�cation: the lab el is true (client) o r false (imp osto r)

� close d set identi�catio n : the lab el is the identit y

� op en set identi�catio n : the lab el is the identit y o r unkno w n
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Classi�cation

� veri�cation: given a threshold � , the claim is accepted when � I (X ) � �

and rejected when � I (X ) < �

� close d set identi�catio n : w e can recogni s e identit y I �

co rresp ond i n g to

the p rob e face pattern X as follo w s

I � = arg max
I

� I (X ) (3)

� op en set identi�catio n : the recogni s e d identit y I �

co rresp ond i n g to the

p rob e face is found as follo w s

I � =

(

unkno w n if � I (X ) < � 8 I
arg maxI � I (X ) otherwis e

(4)
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Com p u t ing the sco re � I (X )
� Simila rit y measure: Eucli d e a n , Mahala n o b i s [b everidge:2 0 0 1 ] , No rmalis e d

co rrelation [Kittler:2 0 0 0 ] , . . .

� F eature based app roaches : Elasti c Graph Matchin g [Lades:1 9 9 3 ] and

bunch graph [Wisk ott :1 9 9 7 ] using Gab o r �lters and a lab elled graph.

� Statistical mo del based app roaches : mo re robust than classic a l

app roaches ho w ever they require a training p ro cess

� a mo del is trained from a set of reference images fo r each identit y ,

� and the sco re is then compute d given a p rob e image and the

pa rameters of the mo del co rresp ondi n g to an identit y .
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Statist ical Mo de l base d App r o a ch e s

� Discrim in a n t m o d els such as Multi- La y er P erceptrons o r Supp o rt

V ecto r Machin e s :

� training dataset of l pairs (X i ; yi ) where X i is a vecto r contai n i n g

the pattern, while yi is the class of the co rresp ond i n g pattern,

� w e train one mo del p er identit y , yi b eing co ded as +1 fo r patterns

co rresp ond i n g to this identit y and as � 1 fo r patterns co rresp ond i n g

to an other identit y ,

� Dra wback: di�cul t y to train them with a small training dataset.

� Generative m o d els estimate the lik el i h o o d of the face image b eing a

sp eci�c identit y using mo dels rep resenting identitie s .
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Gen e r a t ive Mo de ls

� Simple to comple x mo dels [Eick e l e r:2 0 0 0 ] , [Ne�an:19 9 9 ],

[Sanderson:2 0 0 3 ] to compute � C (X ) = P(X j� C )

� Gaussian Mixture Mo d e l s (GMM),

� 1D Hidden Ma rk o v Mo d e l s (1D-HM M ),

� Pseudo - 2 D Hidden Ma rk o v Mo d e l s (P2D-HM M ).

� T raining:

� using the Maximum Lik eli h o o d (ML) criterion via the Exp ectatio n

Maximisat i o n (EM),

A lot of data is required to p rop erly estimate mo del pa rameters.

� using a w ell trained generic (non-p e rso n sp eci�c) mo del as the

sta rting p oint fo r ML training,

ML training still p ro duces p o o r mo dels .

� using Maximum a Posteriori (MAP) training [Gauvain:19 9 4 ] (also

called MAP adaptatio n ).

This app roach derives a client sp eci�c mo del from a generic mo del

and circumvents the lack of data p roblem.
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Gen e r a t ive Mo de ls

� Let us denote the pa rameter set fo r client C as � C and the pa rameter set

describing a generic face (non-cl i e n t sp eci�c) as � C .

� Given a claim fo r client C 's identit y and a set of T feature vecto rs

X = f x t g
T
t =1 supp o rting the claim (extracted from the given face).

� W e �nd an opini o n on the claim using

�( X ) = log P(X j� C ) � logP(X j� C )

where:

� P(X j� C ) is the lik el i h o o d of the claim coming from the true claimant

� P(X j� C ) is the lik el i h o o d of the claim coming from an imp os t o r.

� The generic face mo del (also called world model o r Universal Background

Model) is trained with data from many p eopl e .

� The decisio n is then reached as follo w s : given a threshold � , the claim is

accepted when �( X ) � � and rejected when �( X ) < � .
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Gaus s ian Mixture Mo de l

� The lik el i h o o d of a set of feature vecto rs is given b y

P(X j� ) =
TY

t =1

P(x t j� ) (5)

where

P(xj� ) =
N GX

k=1

mk N (xj� k ; � k ) (6)

� = f mk ; � k ; � k gN G
k=1 (7)

� N (x j�; �) is a D -dimens i o n a l gauss i a n densit y function with mean �

and diago n a l cova riance matrix � .

� NG is the numb er of gauss i a n s and mk is the w eig h t fo r gauss i a n k (with

constraint s

P N G
k=1 mk = 1 and 8 k : mk � 0).
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Gaus s ian Mixture Mo de l

� Generally , each feature vecto r X describ es a di�erent pa rt of the face (a

lo cal app roach).

� W e note that the spatial relations b et w een face pa rts a re lost (the

p osit i o n of each pa rt do es not matter in the lik el i h o o d estimatio n ).

� A dvantage: this lead to a robustnes s to imp erfect lo cal i s a t i o n of the

face,

� Dra wback: discriminato ry info rmation ca rried b y spatial relations is

lost. F o rtunately , there is a simple w a y to resto re a degree of spatial

relations .
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1D-Hidden Ma rk o v Mo de l

� The face is rep resented as a sequence of overlapping rectangular blo ck s

from top to b otto m of the face:

1

2

N

Observation
 vector

� The mo del is cha racterised b y the follo w i n g :

� N , the numb er of states in the mo del,

� The state transition matrix A = f aij g,

� The state p robabili t y distributio n B = f bj (x t )g.
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1D-Hidden Ma rk o v Mo de l

� N , the numb er of states in the mo del; each state co rresp ond s to a region

of the face; S = f S1; S2; : : : ; SN g is the set of states. The state of the

mo del at ro w t is given b y qt 2 S , 1 � t � T , where T is the length of

the observatio n sequence (numb er of rectangula r blo ck s ).

� The state transition matrix A = f aij g. The top o l o g y of the 1D-H M M

allo w s only self transition s o r transition s to the next state:

aij =

(
P(qt = Sj jqt � 1 = Si ) fo r j = i; j = i + 1
0 otherwis e

(8)

� The state p robabili t y distributio n B = f bj (x t )g, where

bj (x t ) = P(x t jqt = Sj ) (9)

The features a re exp ected to follo w a contin u o u s distributio n and a re

mo dell e d with mixtures of gauss i a n s .
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1D Hidden Ma rk o v Mo de l

� Compa red to the GMM app roach the spatial constraint s a re much mo re

strict, mainly due to the rigid p reservation of ho rizont a l spatial relations

(e.g. distance b et w een the ey es).

� The vertical constraint s a re mo re relaxed, thoug h they still enfo rce the

top-t o - b o t t o m segmen t a t i o n (e.g. the ey es have to b e ab ove the mouth).

� The relaxation of constrain t s allo w s fo r a degree of vertical translatio n

and some vertical stretching (caused, fo r example, b y an imp erfect face

lo cal i s a t i o n ).
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Pseu d o - 2 D Hidden Ma rk o v Mo de l

� Emiss i o n p robabili t i e s of the HMM (no w referr ed to as the �main HMM � )

a re estimated through a secon d a ry HMM (refer r ed to as an �emb edde d

HMM � ):

q1

q2

q3

r1 r2

r1 r2 r3

r1 r2 r3

r3

� The states of the emb edded HMM s a re in turn mo dell e d b y a mixture of

gauss i a n s .

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.75/94



Pseu d o - 2 D Hidden Ma rk o v Mo de l

� The degree of spatial constraint s p resent in the P2D-H M M app roach can

b e thoug h t of as b eing somew h e re in b et w een the GMM and the

1D-H M M app roaches . While the GMM app roach has no spatial

constraint s and the 1D-H M M has rigid ho rizonta l constraint s , the

P2D-H M M app roach has relaxed constraint s in b oth directions .

� Ho w e ver, the constraint s still enfo rce the left-to- rig h t segmen t a t i o n of

the emb edded HMM s (e.g. the left ey e has to b e b efo re the right ey e),

and top-t o - b o t t o m segmen t a t i o n (e.g. lik e in the 1D-H M M app roach, the

ey es have to b e ab ove the mouth). The relaxed constraint s allo w fo r a

degree of b oth vertical and ho rizonta l translatio n s , as w ell as some

vertical and ho rizont a l stretching of the face.
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Databa s e

� BANCA (Engli s h ) database with realistic condi t i o n s : controlled, degraded

and adverse

� 12 reco rding sessio n s over several months , in di�erent condi t i o n s and

with di�erent cameras,

� high va riabilit y in illumina t i o n , p ose, resolutio n , backg ro u n d and qualit y

of the camera.
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Prot o co ls

� 7 distinct con�guratio n s that sp ecify which images can b e used fo r

training and testing :

T rain Session s

T est Session s

1 5 9 1,5,9

C: 2-4

I: 1-4

Mc

C: 6-8

I: 5-8

Ud Md

C: 10-12

I: 9-12

Ua Ma

C: 2-4,6-8,10-12

I: 1-12

P G

Matche d Cont r o lle d (Mc), Matche d Degrad e d (Md), Matche d A dverse (Ma),

Unmatch e d Degrad e d (Ud ) , Unmatch e d A dverse (Ua) , P o oled test (P) and Grand

test (G).
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P erfo r m a n ce Meas u r e

� A veri�cation system mak es t w o t yp es of erro rs:

� F alse A cceptance (F A) when the system accepts an imp os t o r,

� F alse Rejectio n (FR) when the system refuses a true claimant.

� The p erfo rmance is measured in terms of F alse A cceptance Rate (F AR)

and F alse Rejectio n Rate (FRR):

F AR =

numb er of F As

numb er of im p osto r acce s s e s

(10)

FRR =
numb er of FRs

numb er of tru e claim a nt acce ss e s

(11)

� F AR and FRR a re related (decreasing one increases the other),

� T o aid the interp retation of p erfo rmance, F AR and FRR a re often

combin e d using the Half T otal Erro r Rate (HTER):

HTER =

F AR + FRR

2
(12)
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Exp erim e n t Results (ma n u a l)

System Proto co l

Mc Ud Ua P

PCA 9.5 20 .9 20 .8 18 .4

LD A/NC 4.9 16 .0 20 .2 14 .8

SVM 5.4 25 .4 30 .1 20 .3

GMM ML 12 .9 28 .9 26 .0 22 .9

GMM init 12 .8 29 .7 28 .3 23 .8

GMM MAP 8.9 17.3 20.9 17.0

1D-H M M ML 9.1 17 .8 17 .1 15 .9

1D-H M M init 9.1 15.6 17 .4 14.7

1D-H M M MAP 6.9 16 .3 17.0 14.7

P2D-H M M ML 9.0 19 .0 18 .0 17 .5

P2D-H M M init 8.6 16 .5 19 .2 17 .0

P2D-H M M MAP � 4.6 � 15.3 � 13.1 � 13.5
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Exp erim e n t Results (auto)

System Proto co l

Mc Ud Ua P

PCA 22 .4 29 .7 33 .7 29 .0

LD A/NC 22 .6 25 .4 27 .1 25 .2

SVM 19 .7 30 .4 33 .2 27 .8

GMM ML 16 .7 33 .3 33 .3 27 .7

GMM init 19 .8 35 .0 35 .1 29 .7

GMM MAP 9.5 21.0 24.8 19.5

1D-H M M ML 21 .0 28 .8 29 .5 27 .0

1D-H M M init 21 .3 30 .1 31 .4 28 .1

1D-H M M MAP 13.8 25.9 23.4 21.7

P2D-H M M ML 12 .1 25 .2 26 .9 22 .3

P2D-H M M init 13 .5 24 .6 26 .5 22 .5

P2D-H M M MAP � 6.5 � 15.9 � 14.7 � 14.7
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Discussion

� Maximum a Posteriori (MAP) training circumvents the lack of data

p roblem,

� Systems that utilise rigid spatial constraint s b et w een face pa rts (such as

PCA and 1D-H M M based systems) a re easily a�ected b y face lo cal i s a t i o n

erro rs,

� Systems which have relaxed constrain t s (such as GMM and P2D-H M M

based), a re quite robust.
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Conclus ion

� F ace detectio n :

� b o o s t i n g - b a s e d metho ds p rovide an interesting trade-o� b et w een

accuracy and sp eed,

� LBP features a re go o d candidate s fo r face detectio n ,

� F ace recogni t i o n :

� generative mo dels outp erfo rm state-o f-th e - a rt systems in

uncons t rain e d condi t i o n s ,

� mo re general generative mo dels (Ba y esian Net w o rk s ) is p robably the

next step.
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Cred its

� PhD students: G. Heusch, A. Just, Y. Ro d rig u e z, F. Ca rdinaux

� T o rch and T o rchvision http:// t o rch3 vis i o n .i d i a p .c h

� p yV erif http:// p yverif.idiap.ch

� Mo re info available at http:// w w w .i d i a p .c h / � m a rcel

� Demos available at http:// w w w .i d i a p .c h / � m a rcel/ d e m o s .p h p
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A dd ition a l Sli des
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2D Discrete Cosine T rans f o r m (1)

� F ace image is analysed on a blo ck b y blo ck basis

� Each blo ck is 8 � 8

� 50 % overlap

� Blo cks decomp o s e d in terms of 2D DCT basis functions (64)

� Co e� c i e n t s a re o rdered acco rding to a zig-za g pattern, re�ecting the

amount of info rmation sto red

0 1
u

2

0

v

1

2

3

3
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2D Discrete Cosine T rans f o r m (2)

� F o r blo ck lo cate d at (b; a) , the DCT feature vecto r is comp o s e d of:

~x(b;a) =
h

c(b;a)
0 c(b;a)

1 ::: c(b;a)
M � 1

i T

� Only need to retain 15 co e� c i e n t s (24%)

� A face image of 56 � 64 (ro ws � column s ) is describ ed b y a set of 19 5

vecto rs

� W o rks w ell in non- c h a l l e n g i n g condi t i o n s

� Problem: illumina t i o n change s (intensit y , direction)
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DCT-m o d 2 (1)

� Mos t a�ected co e� c i e n t s : c0 c1 c2

� Thro w them out ?

� reduces p erfo rmance

� ) c0 c1 c2 contai n discriminati ve info rmation

� Replac e c0 c1 c2 with their deltas

� In simples t fo rm, deltas a re di�erences b et w een co e� c i e n t s from

neigh b o u ring blo ck s
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DCT-m o d 2 (2)

� Mo d i fy 2D DCT feature extraction b y replacing the �rst 3 co e� c i e n t s

with their ho rizont a l and vertical deltas:

~x =
�

� hc0 � vc0 � hc1 � vc1 � hc2 � vc2 c3 c4 ::: cM � 1
� T

� Refer to this app roach as DCT-mo d2

� Compa re DCT-mo d2 with DCT, PCA, PCA with histo g ram equalisa t i o n

and 2D Gab o r w avelet based features

� Use an a rti�cial illumin a t i o n direction change :

� left: � = 0 (no change ); middle: � = 40 ; right: � = 80
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DCT-m o d 2 (3)

� Result s obtain e d using a GMM based classi�er in a veri�cation scena rio:
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Integ r a l Ima g e

� The integral image rep resentation o r summed a rea table w as �rst

intro duced b y [Cro w:19 8 4 ] fo r texture mapping ,

� A t a given lo cati o n (x; y) in an image, the value of the integral image

ii (x; y) is the sum of the pixels ab ove and to the left of (x; y) :

ii (x; y) =
X

x 0� x;y 0� y

i (x0; y0);

where i (x0; y0) is the pixel value of the o rigin a l image at lo cati o n (x0; y0)

� If s(x; y) is the cumulative ro w sum, with s(x; � 1) = 0 and

s(� 1;y) = 0 , the integral image can b e compute d in one pass over the

o rigin a l image using the follo w i n g pair of recurrences:

s(x; y) = s(x; y � 1) + i (x; y); (13)

ii (x; y) = ii (x � 1;y) + s(x; y): (14)
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