Lecture 2:
A Case Study of Computer Vision —
Face Recognition

Professor Fei-Fei Li
Stanford Vision Lab
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What we will learn today

e Recognition problems

e Face discrimination

— Principal Component Analysis (PCA) and
Eigenfaces (Problem Set 1 (Q1))

— Linear Discriminant Analysis (LDA) and Fisherfaces

* Face detection

— SVM (Problem Set 0 (Q2))
— Boosting
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“Faces” in the brain

Courtesy of Johannes M. Zanker
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“Faces” in the brain
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Face Recognition

e Digital photography
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Face Recognition

e Digital photography

e Surveillance - “Dt ;
BN etecting....

Matching with Database

Name: Alireza,
 Date: 25 My 2007 15:45
il Place: Main corridor

ecrding Name: Unknown
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Face Recognition

e Digital photography
e Surveillance
 Album organization



Face Recognition

e Digital photography
e Surveillance
 Album organization
e Person tracking/id.
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Face Recognition

e Digital photography
e Surveillance

e Album organization
e Person tracking/id.

e Emotions and
expressions
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Face Recognition

e Digital photography
e Surveillance
 Album organization
e Person tracking/id.

e Emotions and
expressions

e Security/warfare
* Tele-conferencing
e Etc.

Fei-Fei Li Lecture 2 - 10 28-Sep-11




What's ‘recognition’?

Identification
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What's ‘recognition’?

|dentification Categorization
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Yes, there are faces

i

Categorization

localization

No

|dentification
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A\

Yes, there is John Lennon

i

Categorization

localization

No

dentification
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Pose recognition
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|dentification Categorization
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Milestone Face Recognition methods

=

S 2 3. AdaBoost

B RN (Viola & Jones, 2001)

9 ©

83
,5 1. PCA & Eigenfaces (Turk &entland, 1991)
I 2. LDA & Fisherfaces (Bellyg#eur et al. 1997)
©

Z S

|dentification Categorization
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Eigenfaces and Fishfaces

— Principle Component Analysis (PCA)
— Linear Discriminant Analysis (LDA)

1. Turk and Pentland, Eigenfaces for Recognition, Journal of Cognitive Neuroscience 3 (1): 71-86.
2. P.Belhumeur, J. Hespanha, and D. Kriegman. "Eigenfaces vs. Fisherfaces: Recognition
Using Class Specific Linear Projection". IEEE Transactions on pattern analysis and machine

intelligence 19 (7): 711. 1997.
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(oS The Space of Faces A smpitns.
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e Animageis a pointin a_hjgh dimensional space

— If represented in grayscale intensity, an N x M image is a
point in R\M

[Thanks to Chuck Dyer, Steve Seitz, Nishino]
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Key Idea

e Images in the possible set ¥ = {)A(} are highly correlated.

e So, compress them to u\@i imensional subspace that
captures key appearance characteristics of the visual DOFs.

e USE PCA for estimating the sub-space

(dimensionality reduction)

eCompare two faces by projecting the images into the subspace
and measuring the EUCLIDEAN distance between them.

EIGENFACES: [Turk and Pentland 91]
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USE PCA for estimating the sub-space
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PCA projection

e Computes n-dim subspace such that the projection of the data points onto the
subspace has the largest variance among all n-dim subspaces.
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USE PCA for estimating the sub-space

2rd principal
component

L 5/’ ‘J

1st principal
component
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PCA Mathematical Formulation

PCA = eigenvalue decomposition of a data covariance matrix

Define a transformation, W,
onjwe ] ML
Y; =

| \\

m-dimensional Orthonormal w ¢ R™" || n-dimensional

N
St =2(X; —@(Xj —X)" = Data Scatter matrix

— % (yj — Y/)(yj — y)T - W' ST W = Transf. data scatter matrix
=1

| dl.
Eigenvectors of S, /Sed”' S

— T —
Wopt = argmaxy [W*StW| —[vl [ vm]
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e ComputesM-dim suRspace s“‘(l“‘:““““‘c“‘*h:;;;;fchat the projection"ofsthe data points onto the
subspace has the largest variance afaiong all n-dim subspaces.
e Maximize the scatter of the training images in face space
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Projecting onto the Eigenfaces

* The eigenfaces vy, ..., v span the space of faces K: Peving .

— A face is converted to eigenface coordinates by

(v 0w o0 )

Y Y Y

ai an a
\ Q.j . _ PB&(MS'/TM ct"an
/ XX+ ai1vy+t+a>vy + ...+ agvK

a1Vy1 a2V9 a3VvVg a4v4 agVy agVg a7V7 aAgvey
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Algorithm

Training

1. Align training images x,, x,, ..., Xy

Note that each image is formulated into a long vector!

2. Compute average face u=1/N3x

3. Compute the difference image ¢; =X — U
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Algorithm

4. Compute the covariance matrix (total scatter matrix)
ST = (1/N) Z d)i cbiT = BBT} B=[¢1/ ¢2 ch]

5. Compute the eigenvectors of the covariance matrix S;

6. Compute training projections a1, a2... a,

. i
Testing .y [ K
1. Take queryimagex/ we

2. Project X into Eigenface space (W = {eigenfaces})
and compute projection w,= W (X —u),
3. Compare projection w,with all training N projections a,
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Illustration of Eigenfaces

® The visualization of eigenvectors:

These are the first 4 eigenvectors from a training set of 400
images (ORL Face Database).
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Eigenfaces look somewhat like generic faces.
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Reconstruction and Errors

P =200

P = 400

e Only selecting the top P eigenfaces =2 reduces the dimensionality.

e Fewer eigenfaces result in more information loss, and hence less
discrimination between faces.
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Summary for Eigenface

Pros

e Non-iterative, globally optimal solution

Limitations

*PCA projection is optimal for reconstruction from a
low dimensional basis, but may NOT be optimal for
discrimination...
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Linear Discriminant Analysis (LDA)
Fisher’s Linear Discriminant (FLD)

e Eigenfaces exploit the max scatter of the training
images in face space

e Fisherfaces attempt to maximise the between
class scatter, while minimising the within class
scatter.
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lllustration of the Projection

¢ Using two classes as example:

X2 a X2 a
of o o) o
S NV
] |
_ﬂo@ ~X1 x1
Poor Projection Good
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Comparing with PCA

feature 2
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Results: Eigenface vs. Fisherface (1)

e |[nput: 160 images of 16 people
e Train: 159 images
e Test: 1image
e Variation in Facial Expression, Eyewear, and Lighting

With Without 3 Lighting 5 expressions
glasses glasses conditions
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Eigenface vs. Fisherface (2)
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Milestone Face Recognition methods

=

S 2 3. AdaBoost

B RN (Viola & Jones, 2001)

9 ©

83
,S 1. PCA & Eigenfaces (Turk & Pentland, 1991)
I 2. LDA & Fisherfaces (Bellumeur et al. 1997)
©

2 O

|dentification Categorization
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Detecting foreground objects:
A binary classification formulation

Decision
Background boundary

Features Computer screen

In some feature space
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Linear classifiers

e Find linear function (hyperplane) to separate positive
and negative examples

@
° X; positive: X,-w+Db>0
® o X; negative: X, w+b<0
@
@
® o e o
® @
° o @ w,b
o -
$ Which hyperplane
® is best?
@
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Support vector machines

* Find hyperplane that maximizes the margin between the
positive and negative examples
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Nonlinear SVMs

e Datasets that are linearly separable work out great:

e But what if the dataset is just too hard?

*—& —0— 00— o—@ O=>

0 X
e Wecanmapittoa hi&her—d{imensional sr‘acel:

Slide credit: Andrew Moore
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Nonlinear SVMs

 General idea: the original input space can always be mapped
to some higher-dimensional feature space where the
training set is separable:

o . o
‘e
o -
. o
.
.
>
.
,,,,,,

Fei-Fei Li

lifting transformation
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Slide credit: Andrew Moore
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Boosting

Y. Freund and R. Schapire, A short introduction to boosting, Journal of Japanese Society for Atrtificial
Intelligence, 14(5):771-780, September, 1999.

@
o ®9o o ©
Xi=1 o ° X ® PPN Each data point has
e 0°0® .‘ O a class label:
Xi=2 ® ® © ..“ ® ® "'1(.)
o © e® © N= o
¢ e @ 1)
°. o ® 0o © © O
° @ @ and a weight:
) ) @ @ @ w, =1
® @
@ @ @
® O

e |tis a sequential procedure:
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Toy example

Weak learners from the family of lines
@
o %o o ©
® Each data point has
O O ® e
., 0 @
@ @ © ® @ a class label:
@ @ @
® ® Q0 @) ) _ +1 (. )
® @ o © @ A
® 0@ © 1(®)
@ ® ® ® @ @@ O
° ® @ and a weight:
) ® @ @ () w, =1
o ©
@ @@ O
® O
-

h => p(error) = 0.5 itis at chance
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Toy example

@
o Pleo o ©
@ .
° ol o PP Each data point has
@ % o ©® © @ a class label:
o ® | o o © 1(®
e P e o © yt={+ (. )
® @ o -1(9)
PR ® 0o © © O
® ® @ and a weight:
o o P |© @ w,=1
o ©
@ @] ©
@ O
=l

This one seems to be the best

This is a ‘weak classifier’: It performs slightly better than chance.
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Fei-Fei Li

Toy example

Lecture 2 -

Each data point has
a class label:
+1 (@)
-1(@)
We update the weights:

w, «w, exp{-y, H,}
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Toy example

Each data point has

a class label:

y={+1(.)
Sl @)

We update the weights:

w, «w, exp{-y, H,}
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Fei-Fei Li

Toy example

Lecture 2 -

Each data point has

a class label:
y ={ +1(@)
Clae)

We update the weights:

w, «w, exp{-y, H,}
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Fei-Fei Li

Toy example

Lecture 2 -

Each data point has

a class label:
- +1(9®)
EETC)
We update the weights:

w, «w, exp{-y, H,}
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Toy example

1
s | ‘fz

The strong (non- linear)-classifier is built as the combination of all
the weak (linear) classifiers.
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Boosting

e Defines a classifier using an additive model:

h(x) = a;h{(x) + ay,h,(x) + aghs(x) + -

] |

Strong Weak classifier
classifier
Weight
Features
vector
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Boosting

e Defines a classifier using an additive model:

h(x) = a;h{(x) + ay,h,(x) + aghs(x) + -

] |

Strong Weak classifier
classifier
Weight
Features
vector

e We need to define a family of weak classifiers

hk (x) form a family of weak classifiers
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Why boosting?

e A simple algorithm for learning robust classifiers
— Freund & Shapire, 1995
— Friedman, Hastie, Tibshhirani, 1998

e Provides efficient algorithm for sparse visual feature
selection

— Tieu & Viola, 2000
— Viola & Jones, 2003

e Easy to implement, not requires external
optimization tools.
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Boosting - mathematics

e Weak learners

hj(X):<

value of rectangle feature

/

1A f0>6,

kO OthGI’WiSG threshold

e Final strong classifier

h(Xx) =

( T 1 T
) I Zt:latht(X)ZEthlat

0 otherwise

\

Fei-Fei Li
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Weak classifier

¢4 kind of Rectangle filters

oValue = A

> (pixels in white area) —
> (pixels in black area)

Credit slide: S. Lazebnik
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Weak classifier

Source

Result

Credit slide: S. Lazebnik
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Viola & Jones algorithm

1. Evaluate each rectangle filter on each example

XD (D) (%,0) (%,0)  (X,0) (X, 0)

: % V. _ | "
A Th ﬁ; '»'ﬁ O
0.8 0.7 0.2 0.3
1 if f.(X)>6.
Weak classifier hj(X) = < J( ) . ] T~
0 otherwise threshold

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.
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Viola & Jones algorithm

 For a 24x24 detection region,
—
e L E
e ] o
‘ .
B
T | -

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.
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Viola & Jones algorithm

2. Select best filter/threshold combination

Wti
. . \Nti <~ n ,
a. Normalize the weights | > w, i (X)_{l if f,(x)> 6,

0 otherwise

b. For each feature, j ¢, :Ziwi ‘hj(xi)—yi‘

c. Choose the classifier, h, with the lowest error .

t

3. Reweight examples
_ Wt,iﬂt1_|ht(Xi)_yi| B - &,

W,

t+1,1

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.
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Viola & Jones algorithm

4. The final strong classifier is

0 T 1 T 1
1 Zt:latht(X)ZEthlat atzlogﬁ

0 otherwise

\

h(x) =<

The final hypothesis is a weighted linear combination of the T hypotheses where the
weights are inversely proportional to the training errors

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.

Fei-Fei Li Lecture 2 - 65 28-Sep-11



Viola & Jones algorithm

A “paradigmatic” method for real-time object
detection

* Training is slow, but detection is very fast

e Keyideas
— Integral images for fast feature evaluation
— Boosting for feature selection

— Attentional cascade for fast rejection of non-face
windows

Credit slide: S. Lazebnik

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.

Fei-Fei Li Lecture 2 - 67 28-Sep-11




The |mplemented system

v

* Training Data

— 5000 faces

e All frontal, rescaled to
24x24 pixels

— 300 million non-faces

* 9500 non-face images
— Faces are normalized
e Scale, translation
* Many variations
— Across individuals

— Illumination

— Pose

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.
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System performance

 Training time: “weeks” on 466 MHz Sun workstation
e 38 layers, total of 6061 features

 Average of 10 features evaluated per window on test set

e “On a 700 Mhz Pentium Il processor, the face detector can
process a 384 by 288 pixel image in about .067 seconds”
— 15Hz

— 15 times faster than previous detector of comparable accuracy
(Rowley et al., 1998)

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.
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Output of Face Detector on Test Images

P. Viola and M. Jones. Rapid object detection using a boosted cascade of simple features. CVPR 2001.
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Other detectlon tasks

M +3.984

M+4.192
. M +3.042

F =

Male vs.
female
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Profile Detection
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Profile Features
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Face Image Databases

* Databases for face recognition can be best
utilized as training sets

— Each image consists of an individual on a uniform
and uncluttered background

e Test Sets for face detection
— MIT, CMU (frontal, profile), Kodak
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Experimental Results

e Test dataset
— MIT+CMU frontal face test set
— 130 images with 507 labeled frontal faces

False

. 10 31 50 65 78 95 110 (167 |422
detection

AdaBoost | 783 852 |88.8 [89.8 [90.1 [90.8 |91.1 |91.8 |93.7

Neural-net | g32 |86.0 |- . . 89.2 |- 90.1 |89.9

MIT test set: 23 images with 149 faces
Sung & poggio: detection rate 79.9% with 5 false positive
AdaBoost: detection rate 77.8% with 5 false positives
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Sharing features with Boosting

Sharing features: efficient boosting procedures for multiclass object detection
A. Torralba, K. P. Murphy and W. T. Freeman Proceedings of the IEEE Computer Society Conference on Computer Vision anc
Pattern Recognition (CVPR). pp 762-769, 2004.

) Simple object detector with boosting - Mozilla Firefox
Fle Edit View Go Bookmarks Tools Help 0

A simple object detector
with boosting

ICCYV 2005 short courses on M at I a b CO d e

Recognizing and Learning Object Categories

\ e Gentle boosting

N Boosting provides a simple framework to develop robust object detection algorithms. This set of fanctions provide a minimal set to
build an object detection algorithm_ It is entirely written on Matlab in order to make it easily accesible as a teaching tool. Therefore,
it is not appropriate for building real-time applications.

e Object detector using a part based model
Setup

Download the code and datasets
Download the LabelMe toolbox

Detector output

ot fres Bodty e o B Dlpatiny Input image with ground truth Boosting margin Thresholded output targets=1, correct=1, false alarms=0

Modify the folder paths in paramaters m to point to the locations of the images and annotations.

Description of the functions

Initialization
mitpath.m - Initializes the matlab path. You should run this command when you start the Matlab session.
paremeters.m - Contains parameters to configure the classifiers and the database.

Boosting tools
demoGentleBoost.m - simple demo of gentleBoost using stumps on two dimensions

http://people.csail.mit.edu/torralba/iccv2005/
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What we have learned today

e Recognition problems

e Face discrimination

— Principal Component Analysis (PCA) and
Eigenfaces (Problem Set 1 (Q1))

— Linear Discriminant Analysis (LDA) and Fisherfaces

* Face detection

— SVM (Problem Set 0 (Q2))
— Boosting
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Supplementary materials
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Fisher Faces: Linear Discriminant
Analysis
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Variables

e N Sample images: {Xps s X }
e cclasses: P
e Average of each class: Hi =WXZZXk
I "kELi
e Total average: 1 N
=— > X
H N El k
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Scatters

-
e Scatter of class i: Si= Xk =4 X — ;)

Xk EXi

e Within class scatter: |5, =3 s,
=1

< T
e Between class scatter: |Sg = E\Zi (o — )i — )

e Total scatter: S; =Sy + Sg
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Illustration
Sy =S, +5,

Within class scatter

X2 a

x1
SB »

Between class scatter

S = Z(Xk —,Ui)(xk — Hi )T Sw = isi Sg = _é‘li‘(;ui —ﬂ)(ﬂi —ﬂ)T

Xk €Xi =1
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Mathematical Formulation (1)

* After projection: YV, =W X,
e Between class scatter (of y’s): Sg =W 'SgW
e Within class scatter (of y’s): Sy =W 'S, W
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Illustration

Xk

S,

X2 a

Fei-Fei Li

Sg = é\zi (i — oY — 1)’

Se =W 'S W
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Mathematical Formulation

e The desired projection:

oo max WTSeW|
=arg max —— 5 —argmax
e, T s w

W

opt

e How is it found ? = Generalized Eigenvectors
SgW; =4; S,y W, 1=1,...,m

e IfS, has full rank, the generalized eigenvectors
are eigenvectors of S, 1 S; with largest eigen-
values
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Training/ Testing

Projection in Eigenface
Projection w;=W ., (X —u),
W, = {fisher-faces}
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