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Before We StartMI2 not IM2
Click on the picture to play from the file

[Click here to play/download from the Internet]
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http://www.idiap.ch/~marcel/demos/video/mi2-mv1.avi


Before We StartMI2 not IM2
→ How to do this is not the purpose ofthis tutorial sorry !
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Introdu
tion
• Automati
 fa
e re
ognition is still a 
hallenging problem with manyappli
ations,

• Two modes for fa
e re
ognition:� identi�
ation: establish the identity of a given person out of a poolof N people (1-to-N mat
hing),� veri�
ation (or authenti
ation): 
on�rm or deny the identity 
laimedby a person (1-to-1 mat
hing),
• Distin
t appli
ations:� identi�
ation: video surveillan
e (publi
 pla
es, restri
ted areas),information retrieval (poli
e databases, multimedia datamanagement) or human 
omputer intera
tion (video games, personalsettings identi�
ation),� veri�
ation: a

ess 
ontrol, su
h as 
omputer or mobile devi
e log-in,building gate 
ontrol, digital multimedia data a

ess.
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Outline
× Introdu
tion

⊲ Appli
ations

• Fa
e Dete
tion (in short)
• Fa
e Re
ognition
• Con
lusion
• Credits
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Appli
ation Examples
• Biometri
s

• Content-based Image/Video Indexing and Retrieval (CBIR)
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Appli
ation Examples
⊲ Biometri
s:� se
ure transa
tions and se
ure a

ess to online servi
es

∗ mi
ro payment servi
es,
∗ phone 
ard reloading,
∗ remote pur
hase,
∗ telephone banking, ...� embedded appli
ations:
∗ PIN 
ode repla
ement,
∗ lo
k/unlo
k devi
e,
∗ personal data prote
tion (agenda, address book), ...

• Content-based Image/Video Indexing and Retrieval (CBIR)
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Biometri
s: Targeted Appli
ations
• PC or laptop:
• Mobile/PDA: built-in mi
rophone, video 
amera and also �ngerprints
anner (Fujitsu DoCoMo F902i, Pantech PG-6200, Radio Co. WX310J, Omron, ...)
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Biometri
s: Example
• Automati
 fa
e veri�
ation system:
• Why veri�
ation ?:� veri�
ation is more simple to design,� veri�
ation s
ales well to identi�
ation,� a lot of databases as well as stri
t experiment proto
ols exist,� identi�
ation and veri�
ation often share the same feature extra
tionand 
lassi�
ation algorithms,� fa
e dete
tion/lo
alisation is also in
luded.
• Demos:� BioLogin.� BananaS
reen (www.bananase
urity.
h).
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Appli
ation Examples
× Biometri
s

⊲ Content-based Image/Video Indexing and Retrieval (CBIR):� automati
 annotation of personal photos and home videos,� multimedia data management and organisation,� automati
 indexing by image/video 
ontent, by (Exif) meta-data(time, lo
ation via GPS tags, ...)� tools to fa
ilitate sear
h in large (photo) 
olle
tions (QBE, QBT, ...).
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CBIR: Targeted Appli
ations
• Photo Sharing and Automati
 Annotation of Photo Albums:� PolarRose (http://www.polarrose.
om): fa
e dete
tion andre
ognition,� Riya (www.riya.
om): fa
e dete
tion, fa
e re
ognition and textre
ognition.
• Visual shopping: Like (www.like.
om)
• Photo Corre
tion: SilverWire (www.silverwire.
om)
• Others:� myHeritage (www.myheritage.
om): fa
e dete
tion in family photos,� Nevenvision: fa
e dete
tion and re
ognition (a
quired by Google in2006),� Google (www.google.
om) with Pi
asa (pi
asa.google.
om).
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http://http://www.polarrose.com
http://www.riya.com
http://www.like.com
http://www.silverwire.com
http://www.myheritage.com
http://www.google.com
http://picasa.google.com


CBIR: Examples
• Image indexing:� from meta-data: Lo
ate these pi
tures ?

� from 
ontent: Google Portrait.
• Video indexing: I know Kung Fu� [Play from the file]� [Play/Download from the Internet]
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http://www.mapquest.com/maps/map.adp?searchtype=address&formtype=address&latlongtype=degrees&latdeg=60&latmin=22&latsec=26&longdeg=5&longmin=23&longsec=43
http://www.mapquest.com/maps/map.adp?searchtype=address&formtype=address&latlongtype=degrees&latdeg=32&latmin=42&latsec=46&longdeg=-117&longmin=9&longsec=59
http://www.idiap.ch/googleportrait
http://www.idiap.ch/~marcel/demos/video/matrix2-mv1.avi
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Outline
× Introdu
tion

× Biometri
s

⊲ Fa
e Dete
tion (in short)� Goal and Challenges� Feature-based vs Appearan
e-based Approa
hes� Frontal Fa
e Dete
tion� Multi-View Fa
e Dete
tion� Experiment Results
• Fa
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Goal and Challenges
• Goal:� determine if there are any fa
e in an image (or video),� provide lo
ation, size and eventually orientation for all fa
es.
• Challenges� high variability of the fa
e in shape, 
olour and texture,� lighting 
onditions, pose, ba
kground, o

lusions.

→ Fa
e dete
tion is the �rst step to any fa
e pro
essing systems
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Feature-based vs Appearan
e-based Approa
hes
• Feature-based approa
hes (without Ma
hine Learning �a priori�)
• Appearan
e-based approa
hes (with Ma
hine Learning inside !!)
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Feature-based vs Appearan
e-based Approa
hes
• Feature-based approa
hes:� make expli
it use of fa
e knowledge:

∗ lo
al features of the fa
e (nose, mouth, eyes),
∗ stru
tural relationship between these fa
ial features.� are generally used for fa
e lo
alisation (one fa
e),� require good quality images,� are robust to illumination 
onditions, o

lusions and viewpoint,� but may also be 
omputationnaly expensive.

• Appearan
e-based approa
hes
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Feature-based vs Appearan
e-based Approa
hes
• Feature-based approa
hes:� make expli
it use of fa
e knowledge:

∗ lo
al features of the fa
e (nose, mouth, eyes),
∗ stru
tural relationship between these fa
ial features.� . . .the dete
tion of lo
al features is often done using appearan
e-basedapproa
hes !

• Appearan
e-based approa
hes:� 
onsider fa
e dete
tion as a two-
lass pattern re
ognition problem,� rely on statisti
al learning methods to build a fa
e/non-fa
e 
lassi�erfrom training samples,� are used for fa
e dete
tion in images with low resolution,� have re
eived 
onsiderable attention,� have proven to be more su

essful and robust than feature-basedapproa
hes.
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Feature-based vs Appearan
e-based Approa
hes
• Feature-based approa
hes:� make expli
it use of fa
e knowledge:

∗ lo
al features of the fa
e (nose, mouth, eyes),
∗ stru
tural relationship between these fa
ial features.� . . .the dete
tion of lo
al features is often done using appearan
e-basedapproa
hes !

• Appearan
e-based approa
hes:� 
onsider fa
e dete
tion as a two-
lass pattern re
ognition problem,� rely on statisti
al learning methods to build a fa
e/non-fa
e 
lassi�erfrom training samples,� are used for fa
e dete
tion in images with low resolution,� have re
eived 
onsiderable attention,� have proven to be more su

essful and robust than feature-basedapproa
hes.
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Main 
on
epts of Appearan
e-based Approa
hes1. s
anning window : this is the root idea of appearan
e-based methods: asliding window s
ans the input image at di�erent lo
ations and s
ales.2. fa
e/non-fa
e 
lassi�er : Ea
h sub-window is then given to a 
lassi�erwhose goal is to 
lassify the sub-window as either a fa
e or a non-fa
e.3. merging overlapped dete
tions: Multiple dete
tions at di�erent lo
ationsand s
ales may o

ur around a fa
e in the image.
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Main 
on
epts of Appearan
e-based Approa
hes

• Appearan
e-based methods mainly di�er in the 
hoi
e of the 
lassi�er:Support Ve
tor Ma
hines, Neural Networks, Bayesian 
lassi�ers orHidden Markov Models.
• We will report here the most signi�
ant appearan
e-based approa
hesboth for frontal fa
e dete
tion and multi-view fa
e dete
tion.

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.21/94



Outline
× Introdu
tion

× Biometri
s

⊲ Fa
e Dete
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e-based Approa
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∗ Boosting-based Methods� Multi-View Fa
e Dete
tion� Experiment Results
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State-of-the-art
• Rowley et al. [1998℄: ensemble of Neural Networks whi
h works on pixelintensities,
• Dis
ussion:� Advantages: provide a

urate dete
tion with few false alarms.� Drawba
ks: need several se
onds at best to pro
ess an image(sub-windows need to be photo-metri
ally normalised before
lassi�
ation).This limitation is restri
tive for real-life appli
ations that need real-timefa
e dete
tion (> 15 frames per se
ond)
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State-of-the-art
• Viola and Jones [2001℄: the �rst real-time frontal fa
e dete
tion systembased on boosting learning (Adaboost)� simple image features (Haar-Like) 
an be 
omputed at any positionand s
ale in 
onstant time using the integral image representation,� weak-
lassi�ers are assembled into strong 
lassi�ers using boosting,� a 
as
ade of strong 
lassi�ers with in
reasing 
omplexity is built.
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Multi-View Fa
e Dete
tion
• Multi-view = multiple views (or pose) of the fa
e
• In-plane rotation (roll) [In-plane views℄:
• Frontal to pro�le out-of-plane rotation (pan) [Out-plane views℄:
• Up-down nodding rotation (tilt),
• Combinations are also possible.The di�erent viewpoints largely in
rease the variety of fa
e appearan
e andmake the dete
tion of multi-view fa
es mu
h more di�
ult than the dete
tionof frontal fa
es.
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Pyramid-Cas
ade Ar
hite
ture
• A multi-view fa
e dete
tor based on a pyramid-
as
ade ar
hite
ture is
omposed of a top-level 
as
ade, an in-plane pyramid and an out-planepyramid:
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Pyramid-Cas
ade Ar
hite
ture
• In-plane pyramid-
as
ade:
• Out-plane pyramid:
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Pyramid-Cas
ade Ar
hite
ture
• Advantages:� modular (easy to add novel views),� fast.

• Drawba
ks:� overall training 
an be long,� ar
hite
ture design is painful (# of view partitions, # of stages, # of
lassi�ers).There is a need for ma
hine learning algorithms to build automati
allythe stru
ture and to train the modules.
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Experiment Results: Multi-View
• Inplane:
• Out-of-plane:
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Experiment Results: Multi-View
• Toleran
e to 
ombinations of inplane and outplane rotations:
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Experiment Results: Multi-View
• High-res images (1300 × 2000) and di�
ult illumination 
onditions:
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Experiment Results: Multi-View
• Robust to illumination:
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Experiment Results: Multi-View
• Robust to o

lusion:
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Introdu
tion
• In spite of the expanding resear
h in the �eld of fa
e re
ognition, a lot ofproblems are still unsolved,
• Today, several systems that a
hieve high re
ognition rates have beendeveloped, however:� su
h systems work in 
ontrolled environments,� for most of them, fa
e images must be frontal or pro�le,� ba
kground must be uniform,� lighting must be 
onstant.
• Furthermore, lot of published systems are evaluated using manuallylo
ated fa
es,
• and the ones whi
h have been evaluated using a fully automati
 systemshowed a big degradation in performan
e.
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Challenges
• In most real life appli
ations, the environment is not known a-priori andthe system should be fully automati
. A Fa
e Re
ognition system has todeal with:� Lighting Variation,� Head Pose 
hanges,� Non-Perfe
t Dete
tion,� O

lusion,� Aging.
• The main problem is the large variability between fa
e images:� extra-personal variabilities: variations in appearan
e betweendi�erent identities,� intra-personal variabilities: variations in appearan
e of the sameidentity, due to di�erent expression, lighting, ba
kground, head pose,hair 
ut, et
.
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Feature Extra
tion: Holisti
 vs Lo
al
• The goal of feature extra
tion is to �nd a spe
i�
 representation of thedata that 
an highlight relevant information.
• An image is represented by:� a high dimensional ve
tor 
ontaining pixel values (holisti
representation),

FEATURE
VECTOR� a set of ve
tors where ea
h ve
tor 
ontains gray levels of a sub-image(lo
al representation).

FEATURE
VECTORS
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Feature Extra
tion: Holisti
 vs Lo
al
• Ve
tors are proje
ted into a new spa
e (the feature spa
e) where theleast relevant features 
an be removed to redu
e the dimensionalitya

ording to a 
riterion (su
h as lowest amount of varian
e):� Holisti
 representations (representations found using the statisti
s ofimage data)� Lo
al representations (resear
hers have argued that lo
al �lters aremore robust than global representation)
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Feature Extra
tion: Holisti
 vs Lo
al
• Ve
tors are proje
ted into a new spa
e (the feature spa
e):� Holisti
 representations:

∗ Turk and Pentland [1991℄: Prin
ipal Component Analysis (PCA)
∗ Zhao and al. [1999℄, Li and al. [2000℄: Linear Dis
riminantAnalysis (LDA, also known as Fisher Dis
riminant Analysis)For fa
e re
ognition, LDA should outperform PCA be
ause itinherently deals with 
lass dis
rimination. However, Martinez andKak [2001℄ have shown that PCA might outperform LDA when thenumber of samples per 
lass is small.� Lo
al representations
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Holisti
 Representation: Pre-Pro
essing
• Geometri
 normalisation: the fa
e is geometri
ally normalised to a 64width ×80 height image (5120 dimensions)1. translation (eyes 
entre lo
ation),2. rotation (
ompensates for in-plane rotations),3. s
ale.

• Photometri
 normalisation: Retinex, histogram equalisation, ...

003_1_1.pgm 003_1_1.pos

003_1_1.bindata 003_1_1.inorm.bindata
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Holisti
 Representation: PCA
• Let:� x be a fa
e image x ∈ R

n with n=5120,� X = {x1...xP } be the set of fa
es with P the number of images,� µ = 1
P

∑P

k=1 xk the mean fa
e image,� Σ = 1
P

∑P

k=1(xk − µ)(xk − µ)T the 
ovarian
e matrix of fa
es.
• Computes the m eigenve
tors e1...em 
orresponding to the m largestnon-zero eigenvalues of the 
ovarian
e matrix Σ of data X by solving

(Σ − αiI)ei = 0, i = 1..m:
• The 
oordinate system of eigenve
tors forms the Eigenface spa
e:
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Holisti
 Representation: PCA
• Proje
ts an image x into the Eigenface spa
e: u = Wx where u ∈ R

m

• This a
hieves:� information 
ompression,� de-
orrelation,� and dimensionality redu
tion to fa
ilitate de
ision making.
• Illustration of information 
ompression:Re


σ 96 % 90 % 80 % 70 % 60 % 50 % 30 % 10 %
m 751 243 94 45 25 14 5 2RMSE 0.002 0.004 0.008 0.012 0.019 0.023 0.028 0.038
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Holisti
 Representation: PCA
• Proje
tions of di�erent fa
es in 2D:

Eigen 1 vs Eigen 2
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Holisti
 Representation: PCA
• Proje
tions of di�erent fa
es in 2D:

Eigen 2 vs Eigen 3
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Holisti
 Representation: PCA
• Proje
tions of di�erent fa
es in 2D:

Eigen 3 vs Eigen 4
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Holisti
 Representation: LDA using Fisher
• In Fisher LDA, Fisher 
riterion aims at maximising the ratio ofbetween-
lass s
atter Sb to within-
lass s
atter Sw,
• Let:� X = {x1...xP } be the set of fa
es with P the number of images,� Ci, i = 1...c be the set of 
lasses where c is the number of 
lasses,� li the number of images belonging to 
lass i,� µi = 1

li

∑

k∈Ci
xk be the mean of ea
h 
lass,� Sw = 1

P

∑c

i=1

∑

xk∈Ci
(xk − µi)(xk − µi)

T be the within-
lasss
atter matrix,� Sb = 1
c

∑c

i=1(µi − µ)(µi − µ)T be the between-
lass s
atter matrix,� where µ is the grand mean, i.e the mean of the means µi.
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Holisti
 Representation: LDA using Fisher
• Fisher's 
riterion 
an then be de�ned as maximising

J(w) =
w

t
Sbw

wtSww
. (1)

• a solution 
an be found by 
omputing the eigenve
tors of:
w = S

−1
w Sb . (2)
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Holisti
 Representation: LDA
• Proje
tions of di�erent fa
es in 2D:

Eigen 1 vs Eigen 2
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Holisti
 Representation: LDA
• Proje
tions of di�erent fa
es in 2D:

Eigen 2 vs Eigen 3
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Holisti
 Representation: LDA
• Proje
tions of di�erent fa
es in 2D:

Eigen 3 vs Eigen 4
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Holisti
 Representation: LBP
• What is LBP ?
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Lo
al Binary Patterns
• Original LBP operator: 3x3 kernel whi
h summarises the lo
al spatialstru
ture 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

• LBPP,R: P equally spa
ed pixels on a 
ir
le of radius R.
• LBPu2

P,R: only uniform patterns (at most two bitwise 0 to 1 or 1 to 0transitions)
• Other variants: Improved LBP, Extended LBP.
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Lo
al Binary Patterns
• Properties:� Very low 
omputational 
ost� Powerful texture des
riptor� Invariant to monotoni
 gray-s
ale transformation

� LBP 
an be 
omputed also very qui
kly at any s
ale and position in
onstant time with the integral image.
• Potential Appli
ations:� Texture 
lassi�
ation� Fa
e dete
tion/re
ognition, image retrieval, motion dete
tion,medi
al image analysis, surfa
e inspe
tion, ..
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Holisti
 Representation: LBP
• Computes lo
al LBP histograms,
• Con
atenates lo
al histograms into a single ve
tor.

...

concatened histogram

local histogram

local histogram

LBP code

...
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Holisti
 Representation: Drawba
ks
• PCA:� 
omputing eigenve
tors 
an be long (even using SVD),� not robust to errors in shift/s
ale/rotation.
• LDA: idem as PCA but also� works well ONLY in a 
lose-set s
enario,� number of dimensions after LDA is < c − 1,� requires enough training samples per 
lass (Small Sample Sizeproblem) otherwise Sw is singular and thus non-invertible !� tri
ks exist to deal with the SSS problem su
h as the QZ algorithm.
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Feature Extra
tion: Holisti
 vs Lo
al
• Ve
tors are proje
ted into a new spa
e (the feature spa
e):� Holisti
 representations:

∗ Turk and Pentland [1991℄: PCA
∗ Zhao and al. [1999℄, Li and al. [2000℄: LDA� Lo
al representations:
∗ Lo
al PCA, Padgett and Cottrell [1997℄
∗ 2D Gabor Wavelet, Daugman [1985℄, Lades [1993℄: Gabor �ltersare known as good feature dete
tors and su
h �lters remove mostof the variability in images that is due to variations in lighting.
∗ 2D Dis
rete Cosine Transform: Fa
e images are analysed on ablo
k by blo
k basis. Ea
h blo
k is de
omposed in terms of 2DDis
rete Cosine Transform (DCT) basis fun
tions. A featureve
tor for ea
h blo
k is then 
onstru
ted with the DCT
oe�
ients.
∗ Modi�
ation of the 2D DCT: Sanderson [2002℄ proposed theDCTmod2, where the �rst three DCT 
oe�
ients are repla
ed bytheir respe
tive horizontal and verti
al deltas in order to redu
ethe e�e
ts of illumination dire
tion 
hanges.
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Lo
al Representation: 2D DCT
• Divides the image into blo
ks (8 × 8 for instan
e),
• Computes 2D DCT in ea
h blo
k,
• Creates a set of T feature ve
tors X = {xt}

T

t=1 for ea
h image.
003_1_1.inorm.bindata

003_1_1.dct.bindata

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.61/94



Lo
al Representation: LBP
• Computes lo
al LBP histograms from world model data,
• Adapts lo
al LBP histogram 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�
ation
• Classi�
ation 
onsists of attributing a label to the input data and di�ersa

ording to the spe
i�
 task (
losed or open set identi�
ation,veri�
ation)

• All systems provide a s
ore ΛI(X) 
orresponding to an opinion on theprobe fa
e pattern X to be the identity I.� veri�
ation: the label is true (
lient) or false (impostor)� 
losed set identi�
ation: the label is the identity� open set identi�
ation: the label is the identity or unknown
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Classi�
ation
• veri�
ation: given a threshold τ , the 
laim is a

epted when ΛI(X) ≥ τand reje
ted when ΛI(X) < τ

• 
losed set identi�
ation: we 
an re
ognise identity I∗ 
orresponding tothe probe fa
e pattern X as follows
I∗ = arg max

I
ΛI(X) (3)

• open set identi�
ation: the re
ognised identity I∗ 
orresponding to theprobe fa
e is found as follows
I∗ =

{ unknown if ΛI(X) < τ ∀ I

arg maxIΛI(X) otherwise (4)
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Computing the s
ore ΛI(X)

• Similarity measure: Eu
lidean, Mahalanobis [beveridge:2001℄, Normalised
orrelation [Kittler:2000℄, . . .
• Feature based approa
hes: Elasti
 Graph Mat
hing [Lades:1993℄ andbun
h graph [Wiskott:1997℄ using Gabor �lters and a labelled graph.
• Statisti
al model based approa
hes: more robust than 
lassi
alapproa
hes however they require a training pro
ess� a model is trained from a set of referen
e images for ea
h identity,� and the s
ore is then 
omputed given a probe image and theparameters of the model 
orresponding to an identity.
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Statisti
al Model based Approa
hes
• Dis
riminant models su
h as Multi-Layer Per
eptrons or SupportVe
tor Ma
hines:� training dataset of l pairs (Xi, yi) where Xi is a ve
tor 
ontainingthe pattern, while yi is the 
lass of the 
orresponding pattern,� we train one model per identity, yi being 
oded as +1 for patterns
orresponding to this identity and as −1 for patterns 
orrespondingto an other identity,� Drawba
k: di�
ulty to train them with a small training dataset.
• Generative models estimate the likelihood of the fa
e image being aspe
i�
 identity using models representing identities.
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Generative Models
• Simple to 
omplex models [Ei
keler:2000℄, [Ne�an:1999℄,[Sanderson:2003℄ to 
ompute ΛC(X) = P (X|λC)� Gaussian Mixture Models (GMM),� 1D Hidden Markov Models (1D-HMM),� Pseudo-2D Hidden Markov Models (P2D-HMM).
• Training:� using the Maximum Likelihood (ML) 
riterion via the Expe
tationMaximisation (EM),A lot of data is required to properly estimate model parameters.� using a well trained generi
 (non-person spe
i�
) model as thestarting point for ML training,ML training still produ
es poor models.� using Maximum a Posteriori (MAP) training [Gauvain:1994℄ (also
alled MAP adaptation).This approa
h derives a 
lient spe
i�
 model from a generi
 modeland 
ir
umvents the la
k of data problem.
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Generative Models
• Let us denote the parameter set for 
lient C as λC and the parameter setdes
ribing a generi
 fa
e (non-
lient spe
i�
) as λC .
• Given a 
laim for 
lient C's identity and a set of T feature ve
tors

X = {xt}
T

t=1 supporting the 
laim (extra
ted from the given fa
e).
• We �nd an opinion on the 
laim using

Λ(X) = log P (X|λC) − log P (X|λC)where:� P (X|λC) is the likelihood of the 
laim 
oming from the true 
laimant� P (X|λC) is the likelihood of the 
laim 
oming from an impostor.

• The generi
 fa
e model (also 
alled world model or Universal Background

Model) is trained with data from many people.
• The de
ision is then rea
hed as follows: given a threshold τ , the 
laim isa

epted when Λ(X) ≥ τ and reje
ted when Λ(X) < τ .
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Gaussian Mixture Model
• The likelihood of a set of feature ve
tors is given by

P (X|λ) =

T
∏

t=1

P (xt|λ) (5)where
P (x|λ) =

NG
∑

k=1

mkN (x|µk, Σk) (6)

λ = {mk, µk, Σk}
NG

k=1 (7)

• N (x|µ,Σ) is a D-dimensional gaussian density fun
tion with mean µand diagonal 
ovarian
e matrix Σ.
• NG is the number of gaussians and mk is the weight for gaussian k (with
onstraints ∑NG

k=1 mk = 1 and ∀ k : mk ≥ 0).
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Gaussian Mixture Model
• Generally, ea
h feature ve
tor X des
ribes a di�erent part of the fa
e (alo
al approa
h).

• We note that the spatial relations between fa
e parts are lost (theposition of ea
h part does not matter in the likelihood estimation).� Advantage: this lead to a robustness to imperfe
t lo
alisation of thefa
e,� Drawba
k: dis
riminatory information 
arried by spatial relations islost. Fortunately, there is a simple way to restore a degree of spatialrelations.
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1D-Hidden Markov Model
• The fa
e is represented as a sequen
e of overlapping rectangular blo
ksfrom top to bottom of the fa
e:

1

2

N

Observation
 vector

• The model is 
hara
terised by the following:� N , the number of states in the model,� The state transition matrix A = {aij},� The state probability distribution B = {bj(xt)}.
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1D-Hidden Markov Model
• N , the number of states in the model; ea
h state 
orresponds to a regionof the fa
e; S = {S1, S2, . . . , SN} is the set of states. The state of themodel at row t is given by qt ∈ S, 1 ≤ t ≤ T , where T is the length ofthe observation sequen
e (number of re
tangular blo
ks).
• The state transition matrix A = {aij}. The topology of the 1D-HMMallows only self transitions or transitions to the next state:

aij =

{

P (qt = Sj |qt−1 = Si) for j = i, j = i + 1

0 otherwise (8)

• The state probability distribution B = {bj(xt)}, where
bj(xt) = P (xt|qt = Sj) (9)The features are expe
ted to follow a 
ontinuous distribution and aremodelled with mixtures of gaussians.
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1D Hidden Markov Model
• Compared to the GMM approa
h the spatial 
onstraints are mu
h morestri
t, mainly due to the rigid preservation of horizontal spatial relations(e.g. distan
e between the eyes).
• The verti
al 
onstraints are more relaxed, though they still enfor
e thetop-to-bottom segmentation (e.g. the eyes have to be above the mouth).
• The relaxation of 
onstraints allows for a degree of verti
al translationand some verti
al stret
hing (
aused, for example, by an imperfe
t fa
elo
alisation).
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Pseudo-2D Hidden Markov Model
• Emission probabilities of the HMM (now referred to as the �main HMM�)are estimated through a se
ondary HMM (referred to as an �embeddedHMM�):

q1

q2

q3

r1 r2

r1 r2 r3

r1 r2 r3

r3

• The states of the embedded HMMs are in turn modelled by a mixture ofgaussians.
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Pseudo-2D Hidden Markov Model
• The degree of spatial 
onstraints present in the P2D-HMM approa
h 
anbe thought of as being somewhere in between the GMM and the1D-HMM approa
hes. While the GMM approa
h has no spatial
onstraints and the 1D-HMM has rigid horizontal 
onstraints, theP2D-HMM approa
h has relaxed 
onstraints in both dire
tions.
• However, the 
onstraints still enfor
e the left-to-right segmentation ofthe embedded HMMs (e.g. the left eye has to be before the right eye),and top-to-bottom segmentation (e.g. like in the 1D-HMM approa
h, theeyes have to be above the mouth). The relaxed 
onstraints allow for adegree of both verti
al and horizontal translations, as well as someverti
al and horizontal stret
hing of the fa
e.
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Database
• BANCA (English) database with realisti
 
onditions: controlled, degradedand adverse

• 12 re
ording sessions over several months, in di�erent 
onditions andwith di�erent 
ameras,
• high variability in illumination, pose, resolution, ba
kground and qualityof the 
amera. A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.78/94



Proto
ols
• 7 distin
t 
on�gurations that spe
ify whi
h images 
an be used fortraining and testing: Train SessionsTest Sessions 1 5 9 1,5,9C: 2-4I: 1-4 M
C: 6-8I: 5-8 Ud MdC: 10-12I: 9-12 Ua MaC: 2-4,6-8,10-12I: 1-12 P GMat
hed Controlled (M
), Mat
hed Degraded (Md), Mat
hed Adverse (Ma),Unmat
hed Degraded (Ud), Unmat
hed Adverse (Ua), Pooled test (P) and Grandtest (G).
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Performan
e Measure
• A veri�
ation system makes two types of errors:� False A

eptan
e (FA) when the system a

epts an impostor,� False Reje
tion (FR) when the system refuses a true 
laimant.
• The performan
e is measured in terms of False A

eptan
e Rate (FAR)and False Reje
tion Rate (FRR):FAR =

number of FAsnumber of impostor a

esses (10)FRR =
number of FRsnumber of true 
laimant a

esses (11)

• FAR and FRR are related (de
reasing one in
reases the other),
• To aid the interpretation of performan
e, FAR and FRR are often
ombined using the Half Total Error Rate (HTER):HTER =

FAR + FRR
2

(12)
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Experiment Results (manual)System Proto
olM
 Ud Ua PPCA 9.5 20.9 20.8 18.4LDA/NC 4.9 16.0 20.2 14.8SVM 5.4 25.4 30.1 20.3GMM ML 12.9 28.9 26.0 22.9GMM init 12.8 29.7 28.3 23.8GMM MAP 8.9 17.3 20.9 17.01D-HMM ML 9.1 17.8 17.1 15.91D-HMM init 9.1 15.6 17.4 14.71D-HMM MAP 6.9 16.3 17.0 14.7P2D-HMM ML 9.0 19.0 18.0 17.5P2D-HMM init 8.6 16.5 19.2 17.0P2D-HMM MAP ∗ 4.6 ∗ 15.3 ∗ 13.1 ∗ 13.5
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Experiment Results (auto)System Proto
olM
 Ud Ua PPCA 22.4 29.7 33.7 29.0LDA/NC 22.6 25.4 27.1 25.2SVM 19.7 30.4 33.2 27.8GMM ML 16.7 33.3 33.3 27.7GMM init 19.8 35.0 35.1 29.7GMM MAP 9.5 21.0 24.8 19.51D-HMM ML 21.0 28.8 29.5 27.01D-HMM init 21.3 30.1 31.4 28.11D-HMM MAP 13.8 25.9 23.4 21.7P2D-HMM ML 12.1 25.2 26.9 22.3P2D-HMM init 13.5 24.6 26.5 22.5P2D-HMM MAP ∗ 6.5 ∗ 15.9 ∗ 14.7 ∗ 14.7
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Dis
ussion
• Maximum a Posteriori (MAP) training 
ir
umvents the la
k of dataproblem,

• Systems that utilise rigid spatial 
onstraints between fa
e parts (su
h asPCA and 1D-HMM based systems) are easily a�e
ted by fa
e lo
alisationerrors,

• Systems whi
h have relaxed 
onstraints (su
h as GMM and P2D-HMMbased), are quite robust.
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Con
lusion
• Fa
e dete
tion:� boosting-based methods provide an interesting trade-o� betweena

ura
y and speed,� LBP features are good 
andidates for fa
e dete
tion,
• Fa
e re
ognition:� generative models outperform state-of-the-art systems inun
onstrained 
onditions,� more general generative models (Bayesian Networks) is probably thenext step.
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Credits
• PhD students: G. Heus
h, A. Just, Y. Rodriguez, F. Cardinaux
• Tor
h and Tor
hvision http://tor
h3vision.idiap.
h
• pyVerif http://pyverif.idiap.
h
• More info available at http://www.idiap.
h/∼mar
el
• Demos available at http://www.idiap.
h/∼mar
el/demos.php
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2D Dis
rete Cosine Transform (1)
• Fa
e image is analysed on a blo
k by blo
k basis� Ea
h blo
k is 8 × 8� 50% overlap

• Blo
ks de
omposed in terms of 2D DCT basis fun
tions (64)
• Coe�
ients are ordered a

ording to a zig-zag pattern, re�e
ting theamount of information stored

0 1
u

2

0

v

1

2

3

3
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2D Dis
rete Cosine Transform (2)
• For blo
k lo
ated at (b, a), the DCT feature ve
tor is 
omposed of:

~x(b,a) =
[

c
(b,a)
0 c

(b,a)
1 ... c

(b,a)
M−1

]T

• Only need to retain 15 
oe�
ients (24%)
• A fa
e image of 56 × 64 (rows × 
olumns) is des
ribed by a set of 195ve
tors
• Works well in non-
hallenging 
onditions
• Problem: illumination 
hanges (intensity, dire
tion)
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DCT-mod2 (1)
• Most a�e
ted 
oe�
ients: c0 c1 c2

• Throw them out ?� redu
es performan
e� ∴ c0 c1 c2 
ontain dis
riminative information
• Repla
e c0 c1 c2 with their deltas
• In simplest form, deltas are di�eren
es between 
oe�
ients fromneighbouring blo
ks
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DCT-mod2 (2)
• Modify 2D DCT feature extra
tion by repla
ing the �rst 3 
oe�
ientswith their horizontal and verti
al deltas:

~x =
[

∆hc0 ∆vc0 ∆hc1 ∆vc1 ∆hc2 ∆vc2 c3 c4 ... cM−1

]T

• Refer to this approa
h as DCT-mod2
• Compare DCT-mod2 with DCT, PCA, PCA with histogram equalisationand 2D Gabor wavelet based features
• Use an arti�
ial illumination dire
tion 
hange:
• left: δ = 0 (no 
hange); middle: δ = 40; right: δ = 80

A Tutorial on Face Recognition, Dr S. Marcel, June 2007 – p.92/94



DCT-mod2 (3)
• Results obtained using a GMM based 
lassi�er in a veri�
ation s
enario:
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Integral Image
• The integral image representation or summed area table was �rstintrodu
ed by [Crow:1984℄ for texture mapping,
• At a given lo
ation (x; y) in an image, the value of the integral image

ii(x; y) is the sum of the pixels above and to the left of (x; y):
ii(x; y) =

∑

x′≤x,y′≤y

i(x′; y′),where i(x′; y′) is the pixel value of the original image at lo
ation (x′; y′)

• If s(x; y) is the 
umulative row sum, with s(x;−1) = 0 and
s(−1; y) = 0, the integral image 
an be 
omputed in one pass over theoriginal image using the following pair of re
urren
es:

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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