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Befo re Sta rting
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Intro duction

� Automatic face recognition is still a challenging p roblem with many

applications,

� T w o mo des fo r face recognition:

� identi�cation: establish the identit y of a given p erson out of a p o ol

of N p eople (1-to-N matching),

� veri�cation (o r authentication): con�rm o r deny the identit y claimed

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

� Distinct applications:

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

info rmation retrieval (p olice databases, multimedia data

management) o r human computer interaction (video games, p ersonal

settings identi�cation),

� veri�cation: access control, such as computer o r mobile device log-in,

building gate control, digital multimedia data access.
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Application Examples

� Biometrics

� Content-based Image/Video Indexing and Retrieval (CBIR)
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Application Examples

. Biometrics :

� secure transactions and secure access to online services

� micro pa yment services,

� phone ca rd reloading,

� remote purchase,

� telephone banking, ...

� emb edded applications:

� PIN co de replacement,

� lo ck/unlo ck device,

� p ersonal data p rotection (agenda, address b o ok), ...

� Content-based Image/Video Indexing and Retrieval (CBIR)
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Biometrics: T a rgeted Applications

� PC o r laptop:

� Mobile/PD A: built-in microphone, video camera and also �ngerp rint

scanner ( Fujitsu DoCoMo F902i, Pantech PG-6200 , Radio Co. WX310J, Omron , ...)
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Biometrics: Example

� Automatic face veri�cation system :

� Why veri�cation ?:

� veri�cation is mo re simple to design,

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

� a lot of databases as w ell as strict exp eriment p roto cols exist,

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

and classi�cation algo rithms,

� face detection/lo calization is also included.

� Demo: BioLogin .
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Application Examples

� Biometrics

. Content-based Image/Video Indexing and Retrieval (CBIR) :

� automatic annotation of p ersonal photos and home videos,

� multimedia data management and o rganisation,

� automatic indexing b y image/video content, b y (Exif ) metadata

(time, lo cation via GPS tags, ...)

� to ols to facilitate sea rch in la rge (photo) collections (QBE, QBT, ...).
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CBIR: T a rgeted Applications

� Photo Sha ring and Automatic Annotation of Photo Albums:

� P ola rRose (http://www.p ola rrose.com ): face detection and

recognition,

� Riy a (www.riy a.com ): face detection, face recognition and text

recognition.

� Visual shopping: Lik e (www.lik e.com)

� Photo Co rrection: SilverWire (www.silverwire.com )

� Others:

� myHeritage (www.myheritage.com): face detection in family photos,

� Nevenvision: face detection and recognition (acquired b y Go ogle in

2006),

� Go ogle (www.go ogle.com ) with Picasa (picasa.go ogle.com ).
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CBIR: Examples

� Image indexing:

� from metadata: Lo cate these pictures ?

� from content: Go ogle P o rtrait .

� Video indexing: I kno w Kung F u
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Goal and Challenges

� Goal:

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

� p rovide lo cation, size and eventually o rientation fo r all faces.

� Challenges

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

� lighting conditions, p ose, background, o cclusions.

! F ace detection is the �rst step to any face p ro cessing systems
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F eature-based vs App ea rance-based App roaches

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

� App ea rance-based app roaches (with Machine Lea rning inside !!)
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F eature-based vs App ea rance-based App roaches

� F eature-based app roaches:

� mak e explicit use of face kno wledge:

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

� structural relationship b et w een these facial features.

� a re generally used fo r face lo calization (one face),

� require go o d qualit y images,

� a re robust to illumination conditions, o cclusions and viewp oint,

� but ma y also b e computationnaly exp ensive.

� App ea rance-based app roaches
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F eature-based vs App ea rance-based App roaches

� F eature-based app roaches:

� mak e explicit use of face kno wledge:

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

� structural relationship b et w een these facial features.

� . . .

the detection of lo cal features is often done using app ea rance-based

app roaches !

� App ea rance-based app roaches:

� consider face detection as a t w o-class pattern recognition p roblem,

� rely on statistical lea rning metho ds to build a face/non-face classi�er

from training samples,

� a re used fo r face detection in images with lo w resolution,

� have received considerable attention,

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

app roaches.
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F eature-based vs App ea rance-based App roaches

� F eature-based app roaches:
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Main concepts of App ea rance-based App roaches

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

sliding windo w scans the input image at di�erent lo cations and scales.

2. face/non-face classi�er : Each sub-windo w is then given to a classi�er

whose goal is to classify the sub-windo w as either a face o r a non-face .

3. merging overlapp ed detections : Multiple detections at di�erent lo cations

and scales ma y o ccur a round a face in the image.
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Main concepts of App ea rance-based App roaches

� App ea rance-based metho ds mainly di�er in the choice of the classi�er:

Supp o rt V ecto r Machines, Neural Net w o rks, Ba y esian classi�ers o r

Hidden Ma rk ov Mo dels.

� W e will rep o rt here the most signi�cant app ea rance-based app roaches

b oth fo r frontal face detection and multi-view face detection.
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State-of-the-a rt

� Literature review:

� Sung and P oggio [1998]: Principal Comp onent Analysis (PCA),

Gaussian Mixture Mo dels and Neural Net w o rks,

� Ro wley et al. [1998]: ensemble of Neural Net w o rks which w o rks on

pixel intensities,
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State-of-the-a rt

� Literature review:

� Sung and P oggio [1998]: Principal Comp onent Analysis (PCA),

Gaussian Mixture Mo dels and Neural Net w o rks,

� Ro wley et al. [1998]: ensemble of Neural Net w o rks which w o rks on

pixel intensities,

� Féraud et al. [1997-2001]: p rop osed the Constrained Generative

Mo del (CGM),
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State-of-the-a rt

� Literature review:

� Sung and P oggio [1998]: Principal Comp onent Analysis (PCA),

Gaussian Mixture Mo dels and Neural Net w o rks,

� Ro wley et al. [1998]: ensemble of Neural Net w o rks which w o rks on

pixel intensities,

� Féraud et al. [1997-2001]: p rop osed the Constrained Generative

Mo del (CGM),

� Ben-Y acoub et. al [1999]: MLP and FFT

� Roth et. al [2002]: Spa rse Net w o rk of Winno ws (SNoW)

� Discussion:

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

� Dra wbacks: need several seconds at b est to p ro cess an image

(sub-windo ws need to b e photometrically no rmalized b efo re

classi�cation).

This limitation is restrictive fo r real-life applications that

need real-time face detection ( > 15 frames p er second)
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State-of-the-a rt

� Literature review:

� P avlovic and Ga rg [2001]: b o osting pixel-based classi�ers,

� Viola and Jones [2001]: the �rst real-time frontal face detection

system based on b o osting lea rning (A daBo ost)

� simple image features (Haa r-Lik e) can b e computed at any

p osition and scale in constant time using the integral image

rep resentation,

� w eak-classi�ers a re assembled into strong classi�ers using

b o osting,

� a cascade of strong classi�ers with increasing complexit 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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State-of-the-a rt

� Literature review:

� P avlovic and Ga rg [2001]: b o osting pixel-based classi�ers,

� Viola and Jones [2001]: the �rst real-time frontal face detection

system based on a b o osting lea rning (A daBo ost)

� simple image features (Haa r-Lik e) can b e computed at any

p osition and scale in constant time using the integral image

rep resentation,

� w eak-classi�ers a re assembled into strong classi�ers using

b o osting,

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

� Breakthrough : since the w o rk of Viola and Jones most of the resea rch in

face detection has fo cused on b o osting-based metho ds and alternatives

� Alternative b o osting algo rithm,

� Alternative a rchitecture design,

� Alternative feature set.
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Literature review on Bo osting-based metho ds

� Alternative b o osting algo rithms:

� Lienha rt et al. [2002]: compa red three b o osting algo rithms ( Discrete ,

Real and Gentle A daBo ost ),

� Viola and Jones [2002]: Asymmetric A daBo ost ,

� Ma and Ding [2003]: CS-A daBo ost ,

� Li and Zhang [2004]: FloatBo ost ,

� and my others: Kullback-Leibler Bo osting , LogitBo ost ,

Jensen-Shannon Bo osting , V ecto r Bo osting o r MRC-Bo osting .

� Alternative cascade a rchitecture:

� Lienha rt et al. [2002]: used decision trees as w eak classi�ers instead

of simple decision stumps,

� W u et al. [2004]: describ ed a nested cascade structure,

� Brubak er et al. [2005]: intro duced a new criterion fo r cascade

training (stage thresholds and numb er of w eak classi�ers).
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Literature review on Bo osting-based metho ds

� Alternative feature sets:

� Lienha rt et al. [2002]: p rop osed a �rst extended set of Haa r-Lik e

features and p rovided an Op en Source face detecto r (Op enCV),

� Li and Zhang [2004]: p rop osed a second extended set of Haa r-lik e

features,

dx
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x

y

dx
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y

x

dx'

dx
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y

x

� F röba and Ernst [2004]: used a Mo di�ed version of the Census

T ransfo rm (MCT) to build w eak classi�ers,

� Hadid et al, Jin et al. and Zhang et al. [2004]: used Lo cal Bina ry

P attern (LBP) features.

LBP is b ecoming a very p opula r technique due to its simplicit y and its

interesting monotonic gra yscale inva riant p rop ert y .
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Haa r-Lik e F eatures

� Haa r-lik e features a re derived from Haa r w avelets:

� A Haa r-lik e feature is computed b y summing the pixels in the white

region and subtracting those in the da rk region.

� Haa r-lik e features can b e computed very quickly at any scale and

p osition in constant time with the integral image .

BA

D FE

C

S S1 2

integral image

� F o r example, to compute the illustrated feature only 6 table accesses and

7 simple op erations a re needed. The feature value is: S1 � S2 , with

S1 = E � B � D + A and S2 = F � C � E + B .
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Lo cal Bina ry P atterns

� Original LBP op erato r: 3x3 k ernel which summa rizes 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

transitions)

� Other va riants: Imp roved LBP , Extended LBP .
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Lo cal Bina ry P atterns

� Prop erties:

� V ery lo w computational cost

� P o w erful texture descripto r

� Inva riant to monotonic gra y-scale transfo rmation

� LBP can b e computed also very quickly at any scale and p osition in

constant time with the integral image .

� P otential Applications:

� T exture classi�cation

� F ace detection/recognition, image retrieval, motion detection,

medical image analysis, surface insp ection, ..
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Integral Image

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

intro duced b y [Cro w:1984] fo r texture mapping,

� A t a given lo cation (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 riginal image at lo cation (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 computed in one pass over the

o riginal image using the follo wing pair of recurrences:

s(x; y) = s(x; y � 1) + i (x; y); (1)

ii (x; y) = ii (x � 1;y) + s(x; y): (2)

Face Detection and Recognition, Dr S. Marcel, 2007 – p.34/98



Bo osting Lea rning

� The underlying idea of b o osting

a

is to linea rly combine simple

classi�ers hj (X ) to build a strong ensemble H (X ) =
P n

j =1 wj hj (X ) ,

� The selection of the w eak classi�ers hj (X ) as w ell as the estimation of

the w eights wj a re lea rned b y the b o osting p ro cedure,

� Each classi�er hj (X ) aims to minimize the classi�cation training erro r on

a pa rticula r distribution of the training samples,

� A t each iteration (i.e. fo r each w eak classi�er), the b o osting p ro cedure

up dates the w eight of each sample such that the misclassi�ed ones get

mo re w eighting the next iteration,

� Bo osting hence fo cuses on the examples that a re ha rd to classify .

� V a riants of Bo osting mainly di�er in the iterative rew eigting p ro cess of

the training samples.

� A daBo ost [F reund:1996] is p robably the most w ell kno wn.

aA complete introduction to the theoretical basis of boosting and its applications

can be found in [Ratsch:2003] Face Detection and Recognition, Dr S. Marcel, 2007 – p.35/98



W eak Classi�ers of Haa r-Lik e F eatures

� The feature set F is obtained b y va rying the size and p osition of each

t yp e of Haa r-lik e features.

� A w eak classi�er hj (X ) thus consists of a Haa r-lik e feature f , a

threshold � and a pa rit y p indicating the direction of the inequalit y:

hj (X ) =

(
1 if p � f (X ) < p � �;
0 otherwise:

(3)

� Such classi�er can b e seen as a single-no de decision tree, also called

decision stump .
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Cascade Architecture: Motivation

� Considering a set of images:

� the detection rate of a face detecto r is de�ned as the numb er of

co rrectly detected faces over the total numb er of faces in the test set.

� A false ala rm is accounted each time the system badly classi�es a

background region as a face.

� A higher detection rate (with less false ala rms) can b e achieved b y

increasing the numb er n of w eak classi�ers hj (X ) of the ensemble

H (X ) ,

� On the other hand, increasing n will also increase the complexit y of the

ensemble and then the computation time.

� T o deal with the trade-o� p erfo rmance vs. computation time, Viola and

Jones p rop ose a cascade structure of ensembles:

� This framew o rk is motivated b y the nature of the p roblem which is a

ra re event detection p roblem.

� In an image, only a very small numb er of sub-windo ws contain a face

(generally < 0:1%).
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Cascade Architecture: Description

� A cascade a rchitecture w o rks as a degenerated decision tree. A t each

stage, the classi�er either rejects the sample and the p ro cess stops, o r

accepts it and the sample is fo rw a rded to the next stage.

2t> Mt>

1t< 2t< Mt<

1t>
M

H (x)

reject subwindow (Non Face)

Face

all candidate
subwindows

H (x)
1

H (x)
2

� Each ensemble H i (X ) is designed to detect almost all faces (>99%)

while rejecting as much background regions as p ossible. This is done b y

adjusting the thresholds � i on a validation set.
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Cascade Architecture: Description

2t> Mt>

1t< 2t< Mt<

1t>
M

H (x)

reject subwindow (Non Face)

Face

all candidate
subwindows

H (x)
1

H (x)
2

� The �rst ensemble H1(X ) , comp osed of only t w o features, rejects

app ro ximately 50% of the background sub-windo ws.

� As the task b ecomes mo re di�cult, the next ensembles contain mo re

w eak classi�ers. With such a simple-to-complex app roach, most of the

background regions a re quickly disca rded ea rly in the cascade and only

face sub-windo ws should pass over all the cascade.

� Viola and Jones compa re a cascade of ten 20-feature classi�ers with a

monolithic 200-feature classier. They rep o rt that the accuracy of b oth

classi�ers is not signi�cantly di�erent, but that the cascade version

p erfo rms almost 10 times faster.
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Multi-View F ace Detection

� 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-of-plane rotation (pan) [Out-plane views]:

� Up-do wn no dding rotation (tilt),

� Combinations a re also p ossible.

The di�erent viewp oints la rgely increase the va riet y of face app ea rance and

mak e the detection of multi-view faces much mo re di�cult than the detection

of frontal faces.
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Multi-View F ace Detection

� Several a rchitectures have b een p rop osed: pa rallel , p ose estimato r +

single mo del , p yramid .

F
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(2) pose estimator (decision tree)

(3) pyramid

(1) parallel
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Multi-View F ace Detection

� pa rallel : this structure involves applying all face mo dels. A voting

strategy is then used to merge the output of each mo del which has

detected a face. The main dra wback of this app roach is that the

computational cost linea rly gro ws with the numb er of views.

� p ose estimato r + single mo del : this a rchitecture can b e seen as a

decision tree structure. The ro ot no de �rst tries to p redict the view, and

then the co rresp onding face mo del is applied. This app roach is much

faster but ma y also b e less accurate b ecause it fully relies on the view

estimato r.

� p yramid : a coa rse-to-�ne view-pa rtition strategy is adopted. The top

level is trained with all views. In the next levels, the full range of views is

pa rtitioned into increasingly smaller sub ranges and a classi�er is trained

fo r each sub range. If a sample is classi�ed as a face, it go es to the next

level. Otherwise, it passes through the next classi�er of the current level.

If the last classi�er of a la y er still do es not accept the sample as a face,

the sample is rejected and the p ro cess stops. One dra wback of this

structure is that if a non-face sample passes a level, it has to b e sent to

all the classi�ers of the next level, which is time consuming.
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State-of-the-a rt

� Literature review:

� Ro wley et al. [1998]: extended their frontal face detecto r based on

neural net w o rks to a 360�

in-plane rotation inva riant system (p ose

estimato r a rchitecture),

� Viola and Jones [2003]: used a p ose estimato r and trained a cascade

of Haa r-lik e features fo r each views,

� Ga rcia and Delakis [2004]: p rop osed a convolutional neural net w o rk

a rchitecture to detect � 20�

in-plane and � 60�

out-of-plane rotated

faces.

� Y. Li et al. [2004]: used Sob el images, PCA and Supp o rt V ecto r

Machines b oth fo r p ose estimation and face mo dels (this metho d is

computationnaly exp ensive and require motion and skin colo r

p runing).
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Bo osting-based Metho ds

� Literature review:

� S. Li and Zhang [2004]: intro duced the p yramid a rchitecture. Their

system is rep o rted as the �rst real-time multi-view face detection

system.

� W u et al. [2004]: p rop osed an imp roved version of the detecto r of

Viola and Jones.

� Huang et al. [2005]: p rop osed a novel tree-structured detecto r.
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Bo osting-based Metho ds

� S. Li and Zhang [2004] : intro duced the p yramid a rchitecture. Their

system is rep o rted as the �rst real-time multi-view face detection system.

� based on an extended set of Haa r-lik e features and on FloatBo ost,

� the top level deals with the full [� 90� ; +90 � ] out-of-plane range,

� this range is pa rtitioned into three sub ranges in the second level, and

each sub range is again pa rtitioned three times in the third level.

� each detecto r is robust to � 15�

in-plane rotation,

� to increase the in-plane range to � 45�
, the p yramid detecto r is

applied on the o riginal image as w ell as on t w o � 30�

in-plane rotated

images.
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Bo osting-based Metho ds

� W u et al. [2004] : p rop osed an imp roved version of the detecto r of Viola

and Jones.

� RealA daBo ost is used to train the cascades comp osed of lo okup

tables of Haa r-lik e features,

� used nested cascades,

� the in-plane range is pa rtitioned in 12 views and the out-of-plane

range in 5 views,

� a p ose estimation strategy is used, they computed the �rst six la y ers

of each cascade and selected the b est sco re,
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Bo osting-based Metho ds

� Huang et al. [2005] : p rop osed a novel tree-structured detecto r.

� explained that the p yramid a rchitecture treats all faces as a single

class (a sample has to b e sent to all the classi�ers of the next level),

which slo ws do wn the detection p ro cess,

� p ointed out that in the decision tree a rchitecture, a no de w o rks as a

p ose estimato r and has to select one b ranch, which ma y result in a

loss in accuracy ,

� in the p rop osed tree app roach,

� Each b ranching no de is trained with a multi class version of

A daBo ost which outputs a vecto r of bina ry values instead of a

single value.

� Thus, there is no exclusive path lik e fo r a decision tree. A sample

ma y b e sent to mo re than one child no de.

� If all values of the decision vecto r a re equal to zero, the p ro cess

stops and the sample is rejected.

� Huang et al. sho w ed signi�cant imp rovements in b oth accuracy

and sp eed and is currently one of the most e�ective multi-view

face detecto rs.

Face Detection and Recognition, Dr S. Marcel, 2007 – p.49/98



Outline

� Intro duction

� Biometrics

. F ace Detection

� Goal and Challenges

� F eature-based vs App ea rance-based App roaches

� F rontal F ace Detection

� Multi-View F ace Detection

� State-of-the-a rt

� Bo osting-based Metho ds

. Pyramid-Cascade Architecture

� Exp eriment Results

� Discussion

� F ace Recognition

� Conclusion

� Credits

Face Detection and Recognition, Dr S. Marcel, 2007 – p.50/98



Pyramid-Cascade Architecture

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

comp osed of a top-level cascade, an in-plane p yramid and an out-plane

p yramid:
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Pyramid-Cascade Architecture

� In-plane p yramid-cascade:

� Out-plane p yramid:
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Pyramid-Cascade Architecture

� A dvantages:

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

� fast.

� Dra wbacks:

� overall training can b e long,

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

classi�ers).

There is a need fo r machine lea rning algo rithms to build automatically

the structure and to train the mo dules.
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P erfo rmance Evaluation

� Evaluation using an objective measure (F rontal only):

� detection rate (DR),

� numb er of false ala rms (nF A),

� a face criterion should b e used:

� as w ell as a relative erro r measure

� Field test evaluation (live/real-time in realistic conditions): see IDIAP

F rontal and Multi-View F ace Detection demos available at

http://www.idiap.ch/ � ma rcel/demos.php

Face Detection and Recognition, Dr S. Marcel, 2007 – p.55/98



P erfo rmance Evaluation

� Evaluation using an objective measure:

� detection rate (DR),

� numb er of false ala rms (nF A),

� a face criterion should b e used:

� Jeso rsky's relative erro r measure: deye = max( d(C l ; ~C l ) ;d(C r ; ~C r ))
d(C l ;C r )

~
Co

Co Cr

Cl

Cl
~

Cr
~

Da

dx

D'

D

dy

� Cl and Cr rep resent the true ey e p ositions,

� ~Cl and

~Cr rep resent the detected ey e p ositions,

� C0 (resp.

~C0 ) is the middle of the segment [Cl Cr ] (resp. [

~Cl ~Cr ]).

co rrect face detection if: deye � 0:25
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Exp eriment Results: F rontal

� 2 face detecto rs:

� F D Haar : 47 stages, 8468 features (Lienha rt / Op enCV)

� F D LBP : 3 stages, 65 features (IDIAP / T o rchvision)

� XM2VTS, Purdue, BioID and BANCA (English) databases
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Exp eriment Results: F rontal

� Detection rate [%] vs. lo calization erro r ( deye )

BANCA: Op enCV (DR=86.8% nF A=608) IDIAP (DR=98.6% nF A=266)
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Exp eriment Results: Multi-View

� Inplane:

� Out-of-plane:
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Exp eriment Results: Multi-View

� T olerance to combinations of inplane and outplane rotations:
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Exp eriment Results: Multi-View

� High-res images ( 1300� 2000) and di�cult illumination conditions:
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Exp eriment Results: Multi-View

� Robust to illumination:
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Exp eriment Results: Multi-View

� Robust to o cclusion:
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Discussion

� F rontal F ace Detection:

� imp o rtance of objective p erfo rmance evaluation using a face criterion,

� advantages of LBP over Haa r features

� mo re robust to illumination,

� cascade of 3-4 stages (training time, cascade design).

� the cascade design p roblem is not completely solved.

! technology mature enough fo r real-life applications

� Multi-View F ace Detection:

� the technology will b e mature fo r sp eci�c applications so on,

� still ro om fo r resea rch:

� new challenges: mobile devices (CPU/mem constraints) o r HD

video-conferencing (HiRes images),

� features (LBP fo r instance),

� multi-view p yramid-cascade (o r tree) design and training,

� no objective p erfo rmance evaluation metho ds exist y et.
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Intro duction

� In spite of the expanding resea rch in the �eld of face recognition, a lot of

p roblems a re still unsolved,

� T o da y , several systems that achieve high recognition rates have b een

develop ed, ho w ever:

� such systems w o rk in controlled environments,

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

� background must b e unifo rm,

� lighting must b e constant.

� F urthermo re, lot of published systems a re evaluated using manually

lo cated faces,

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

sho w ed a big degradation in p erfo rmance.
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Challenges

� In most real life applications, the environment is not kno wn a-p rio ri and

the system should b e fully automatic. A F ace Recognition system has to

deal with:

� Lighting V a riation,

� Head P ose changes,

� Non-P erfect Detection,

� Occlusion,

� 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 identities,

� intra-p ersonal va riabilities: va riations in app ea rance of the same

identit y , due to di�erent exp ression, lighting, background, head p ose,

hair cut, etc.
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F eature Extraction: Holistic vs Lo cal

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

data that can highlight relevant info rmation.

� An image is rep resented b y:

� a high dimensional vecto r containing pixel values (holistic

rep resentation),

FEATURE
VECTOR

� a set of vecto rs where each vecto r contains gra y levels of a sub-image

(lo cal rep resentation).

FEATURE
VECTORS
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F eature 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 dimensionalit y

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

� Holistic rep resentations (rep resentations found using the statistics of

image data)

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

mo re robust than global rep resentation)
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F eature Extraction: Holistic vs Lo cal

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

� Holistic rep resentations:

� T urk and P entland [1991]: Principal Comp onent Analysis (PCA)

� Zhao and al. [1999], Li and al. [2000]: Linea r Discriminant

Analysis (LD A, also kno wn as Fisher Discriminant Analysis)

F o r face recognition, LD A should outp erfo rm PCA b ecause it

inherently deals with class discrimination. Ho w ever, Ma rtinez and

Kak [2001] have sho wn 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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F eature Extraction: Holistic vs Lo cal

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

� Holistic rep resentations:

� T urk and P entland [1991]: PCA

� Zhao and al. [1999], Li and al. [2000]: LD A

� Lo cal rep resentations:

� Lo cal PCA, P adgett and Cottrell [1997]

� 2D Gab o r W avelet, Daugman [1985], Lades [1993]: Gab o r �lters

a re kno wn 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 lighting.

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

blo ck b y blo ck basis. Each blo ck is decomp osed 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�cients.

� Mo di�cation of the 2D DCT: Sanderson [2002] p rop osed the

DCTmo d2, where the �rst three DCT co e�cients a re replaced b y

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

the e�ects of illumination direction changes.
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Classi�cation

� Classi�cation consists 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�cation,

veri�cation)

� All system p rovides a sco re � I (X ) co rresp onding to an opinion 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)

� closed set identi�cation: the lab el is the identit y

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

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

and rejected when � I (X ) < �

� closed set identi�cation: w e can recognize identit y I �

co rresp onding to

the p rob e face pattern X as follo ws

I � = arg max
I

� I (X ) (4)

� op en set identi�cation: the recognized identit y I �

co rresp onding to the

p rob e face is found as follo ws

I � =

(

unkno wn if � I (X ) < � 8 I
arg maxI � I (X ) otherwise

(5)
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Computing the sco re � I (X )
� Simila rit y measure: Euclidean, Mahalanobis [b everidge:2001], No rmalized

co rrelation [Kittler:2000], . . .

� F eature based app roaches: Elastic Graph Matching [Lades:1993] and

bunch graph [Wisk ott:1997] using Gab o r �lters and a lab eled graph.

� Statistical mo del based app roaches: mo re robust than classical

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 computed given a p rob e image and the

pa rameters of the mo del co rresp onding to an identit y .

Face Detection and Recognition, Dr S. Marcel, 2007 – p.77/98



Statistical Mo del based App roaches

� Discriminant mo dels such as Multi-La y er P erceptrons o r Supp o rt

V ecto r Machines:

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

the pattern, while yi is the class of the co rresp onding pattern,

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

co rresp onding to this identit y and as � 1 fo r patterns co rresp onding

to an other identit y ,

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

� Generative mo dels estimate the lik eliho o d of the face image b eing a

sp eci�c identit y using mo dels rep resenting identities.
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Generative Mo dels

� Simple to complex mo dels [Eick eler:2000], [Ne�an:1999],

[Sanderson:2003] to compute � C (X ) = P(X j� C )

� Gaussian Mixture Mo dels (GMM),

� 1D Hidden Ma rk ov Mo dels (1D-HMM),

� Pseudo-2D Hidden Ma rk ov Mo dels (P2D-HMM).

� T raining:

� using the Maximum Lik eliho o d (ML) criterion via the Exp ectation

Maximization (EM),

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

� using a w ell trained generic (non-p erson 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:1994] (also

called MAP adaptation ).

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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Generative Mo dels

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

describing a generic face (non-client 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 ~xt g
T
t =1 supp o rting the claim (extracted from the given face).

� W e �nd an opinion on the claim using

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

where:

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

� P(X j� C ) is the lik eliho o d of the claim coming from an imp osto r.

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

Model) is trained with data from many p eople.

� The decision is then reached as follo ws: given a threshold � , the claim is

accepted when �( X ) � � and rejected when �( X ) < � .
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Gaussian Mixture Mo del

� The lik eliho o d of a set of feature vecto rs is given b y

P(X j� ) =
TY

t =1

P(~xt j� ) (6)

where

P(~xj� ) =
N GX

k=1

mk N (~xj~� k ; � k ) (7)

� = f mk ; ~� k ; � k gN G
k=1 (8)

� N (~xj~�; �) is a D -dimensional gaussian densit y function with mean ~�

and diagonal cova riance matrix � .

� NG is the numb er of gaussians and mk is the w eight fo r gaussian k (with

constraints

P N G
k=1 mk = 1 and 8 k : mk � 0).
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Gaussian Mixture Mo del

� 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 osition of each pa rt do es not matter in the lik eliho o d estimation).

� A dvantage: this lead to a robustness to imp erfect lo calization 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 ov Mo del

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

from top to b ottom of the face:

1

2

N

Observation
 vector

� The mo del is cha racterized b y the follo wing:

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

� The state transition matrix A = f aij g,

� The state p robabilit y distribution B = f bj (~xt )g.
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1D-Hidden Ma rk ov Mo del

� N , the numb er of states in the mo del; each state co rresp onds 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 observation sequence (numb er of rectangula r blo cks).

� The state transition matrix A = f aij g. The top ology of the 1D-HMM

allo ws only self transitions o r transitions to the next state:

aij =

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

(9)

� The state p robabilit y distribution B = f bj (~xt )g, where

bj (~xt ) = P(~xt jqt = Sj ) (10)

The features a re exp ected to follo w a continuous distribution and a re

mo deled with mixtures of gaussians.
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1D Hidden Ma rk ov Mo del

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

strict, mainly due to the rigid p reservation of ho rizontal spatial relations

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

� The vertical constraints a re mo re relaxed, though they still enfo rce the

top-to-b ottom segmentation (e.g. the ey es have to b e ab ove the mouth).

� The relaxation of constraints allo ws fo r a degree of vertical translation

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

lo calization).
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Pseudo-2D Hidden Ma rk ov Mo del

� Emission p robabilities of the HMM (no w referred to as the �main HMM�)

a re estimated through a seconda ry HMM (referred to as an �emb edded

HMM�):

q1

q2

q3

r1 r2

r1 r2 r3

r1 r2 r3

r3

� The states of the emb edded HMMs a re in turn mo deled b y a mixture of

gaussians.
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Pseudo-2D Hidden Ma rk ov Mo del

� The degree of spatial constraints p resent in the P2D-HMM app roach can

b e thought of as b eing somewhere in b et w een the GMM and the

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

constraints and the 1D-HMM has rigid ho rizontal constraints, the

P2D-HMM app roach has relaxed constraints in b oth directions.

� Ho w ever, the constraints still enfo rce the left-to-right segmentation of

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

and top-to-b ottom segmentation (e.g. lik e in the 1D-HMM app roach, the

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

degree of b oth vertical and ho rizontal translations, as w ell as some

vertical and ho rizontal stretching of the face.
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Database

� BANCA (English) database with realistic conditions: controlled, degraded

and adverse

� 12 reco rding sessions over several months, in di�erent conditions and

with di�erent cameras,

� high va riabilit y in illumination, p ose, resolution, background and qualit y

of the camera.
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Proto cols

� 7 distinct con�gurations that sp ecify which images can b e used fo r

training and testing:

T rain Sessions

T est Sessions

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

Matched Controlled (Mc), Matched Degraded (Md), Matched A dverse (Ma),

Unmatched Degraded (Ud), Unmatched A dverse (Ua), P o oled test (P) and Grand

test (G).
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P erfo rmance Measure

� 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 osto r,

� F alse Rejection (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 Rejection Rate (FRR):

F AR =

numb er of F As

numb er of imp osto r accesses

(11)

FRR =
numb er of FRs

numb er of true claimant accesses

(12)

� 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

combined using the Half T otal Erro r Rate (HTER):

HTER =

F AR + FRR

2
(13)
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Exp eriment Results (manual)

System Proto col

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-HMM ML 9.1 17.8 17.1 15.9

1D-HMM init 9.1 15.6 17.4 14.7

1D-HMM MAP 6.9 16.3 17.0 14.7

P2D-HMM ML 9.0 19.0 18.0 17.5

P2D-HMM init 8.6 16.5 19.2 17.0

P2D-HMM MAP � 4.6 � 15.3 � 13.1 � 13.5
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Exp eriment Results (auto)

System Proto col

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-HMM ML 21.0 28.8 29.5 27.0

1D-HMM init 21.3 30.1 31.4 28.1

1D-HMM MAP 13.8 25.9 23.4 21.7

P2D-HMM ML 12.1 25.2 26.9 22.3

P2D-HMM init 13.5 24.6 26.5 22.5

P2D-HMM 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 utilize rigid spatial constraints b et w een face pa rts (such as

PCA and 1D-HMM based systems) a re easily a�ected b y face

lo calization erro rs,

� Systems which have relaxed constraints (such as GMM and P2D-HMM

based), a re quite robust.
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Conclusion

� F ace detection:

� b o osting-based metho ds p rovide an interesting trade-o� b et w een

accuracy and sp eed,

� LBP features a re go o d candidates fo r face detection,

� F ace recognition:

� generative mo dels outp erfo rm state-of-the-a rt systems in

unconstrained conditions,

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

next step.
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Credits

� PhD students: G. Heusch, A. Just, Y. Ro driguez, F. Ca rdinaux

� T o rch and T o rchVision http://to rch3vision.idiap.ch

� p yV erif http://p yverif.idiap.ch

� Mo re info available at http://www.idiap.ch/ � ma rcel

� Demos available at http://www.idiap.ch/ � ma rcel/demos.php
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