Face Detection and
Recognition

Importance of Faces/People

W Unclassified M Location  Artefact or Object M Person or Group M Action or Event ' Time M Other

m27% 8%

7%

16%

1% People

Tag classification into broad WordNet categories

“Flickr Tag Recommendation based on Collective Knowledge”, Borkur Sigurbjérnsson, Roelof van Zwol, www 2008

The First Selfie

from The New Yorker, March 16, 2015

Face Detection and Recognition
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Face Detection Problem

* Scan window over image m

» Classify window as either:

— Face
— Non-face

Window ——| Classifier

I— Face

— Non-face

.

Face Detection now in most Digital Cameras

Canon Powershot

Also, smile and blink detection too in some cameras

Face Detection in Humans

There are cells that detect faces in the
“Fusiform Face Area” of brain

Robust Real-Time Face
Detection

Viola and Jones, 2003
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The Viola-Jones Algorithm Features

« Feature Extraction » The system classifies images based on the value
s of simple features of 4 types:
— At each position and scale, compute a

feature vector based on a 24 x 24 window of Two-rectangle
pixels

« Classification

Three-rectangle . . .
— A type of decision tree classifier is used to l] Value = } (pixels in white

. e . area) — ixels in black
decide if window contains a face or not area; 2 (P
Four-rectangle E

Computing Features Integral Image

) ) ) + Aka “Summed Area Table” (1984)
» Given a window size of 24 x 24, the set

of 4 types of rectangular features is + Intermediate representation of the image
scaled and shifted over image resulting — Sum of all pixels above and to left of (x, y) in image i
in a feature vector of length ~160,000 s — YR
9 ii(x,y)=" D i(x'",»")
x'Sx,y'<y

» Want to rapidly compute these features . Computed in one pass over the image:

ll(x,y) = l(xay) + ll(x-l,y) + ii(xa y_l) - ii(x_lay_l)




Using the Integral Image

(0,0) |
s(x, ¥) = s(x, y-1) +i(x, »)

ii(x, y) =1ii(x-1, y) + s(x, »)
|

-

* Using the integral image
representation one can compute

1 2 the value of any rectangular sum

@ D in constant time

* For example, the integral sum in
rectangle D is computed as:

ii(4) + ii(1) — ii(2) — ii(3)

Building the Classifier

Boosting (Schapire 1989)

Randomly select n, < nsamples from training set D
without replacement to obtain D,

— Train weak classifier C,

Select n, < nsamples from D with half of the samples
misclassified by C, to obtain D,

— Train weak classifier C,

Select all samples from D that C, and C, disagree on
— Train weak classifier C;

Final classifier is the majority vote of the 3 weak
classifiers

Terminology

* Weak Classifier: < 50% error over any
distribution

» Strong Classifier: thresholded linear
combination of weak classifier outputs
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AdaBoost - Adaptive Boosting

* Instead of sampling, re-weight
» Learn a single simple classifier
» Classify the data

* Look at where it makes errors

* Re-weight the data so that the inputs where errors
were made get higher weight in the learning process

» Now learn a 2" simple classifier using the weighted
data

» Combine the 1stand 2 classifiers and weight the data
according to where they make errors

» Learn a 3" classifier based on the weighted data
» Continue until T simple classifiers are learned

» Final classifier is the weighted combination of all T
classifiers

AdaBoost

AdaBoost combines many weak classifiers
into one strong classifier

+ Initialize sample weights

» For each cycle:
® ° — Find a classifier that
performs well on the
o® @ weighted samples
® — Increase weights of
° ; e
o © misclassified examples
° © . Retur_n a weighted list of
® classifiers
Shoe

size

AdaBoost Main Ideas

* Individual features will be used as weak
classifiers

+ Concatenate several detectors serially into
a cascade

* Boost (using a version of AdaBoost) a
number of features to get ‘good enough’
detectors

Weak Classifiers

» Defined by a feature, f, computed on a window in
the image, a threshold, 6, and a parity, p:

0 otherwise

» Thresholds are obtained by the mean value for the
feature on both classes and then averaging the
two values

» Parity defines the direction of the inequality
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AdaBoost

» Given a training set of images
— Fort=1, ...,T (rounds of boosting)
» A weak classifier is trained using a single feature
* The error of the classifier is calculated

— The classifier (i.e., single feature) with the lowest
error is selected, and combined with the previous
ones to make a strong classifier

« After a T rounds a T-strong classifier is created

— Itis the weighted linear combination of the selected
weak classifiers

Classifier Error is Driven Down

Strong classifier error e(ht)

. L s \ . . . \ A
0 5 10 15 20 25 30 35 40 45 50
T (number of boosting rounds)

Main Ideas

* Individual features will be used as weak
classifiers

« Concatenate several detectors serially
into a cascade

* Boost (using a version of AdaBoost) a
number of features to get ‘good enough’
detectors

Cascading

« Start with a simple classifier that rejects many of the
negative windows while detecting almost all positive
windows plus some negative windows

+ Positive results from the first classifier triggers the
evaluation of a second (more complex) classifier, and
soon

— Each classifier is trained with the false positives
from the previous classifier

* A negative outcome at any point leads to the
immediate rejection of the window (i.e., the window
does not contain a face)
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Cascading
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Results

Detection in Real Images

Basic classifier operates on 24 x 24 windows

Scaling
— Features evaluated at multiple scales
— Scale by factors of 1.25
— Scale the detector (rather than the images)

Location
— Move detector around the image (e.g., 1 pixel increments)

Final Detection
— A real face may result in multiple nearby detections

— Postprocess detected windows to combine overlapping
detections into a single detection

Training Data Set

4,916 hand-labeled face
images (24 x 24)

9,500 non-face images
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Structure of the Detector

+ 38 layer cascade
* 6,060 features

[Number of feautures] 2 | 0 [ 50 | - |
Detectionrate | 100% | 100% [ - | - |
Rejectionrate ] 50% ] 80% [ - | - |

Results

* Notice detection at multiple scales

Results

http://vimeo.com/12774628#
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Real-Time Viola-Jones Demo

http://flashfacedetection.com/

http://flashfacedetection.com/camdemo?2.html

Face Detection and Recognition
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Face Recognition Problem

Fanesnpees
BREEANAAN,
L, Oy I 48 [

1 ™ | ”
nReLsRerag
annvenanan

nPERADSR N0

= Query face
Q2aRRIFELA
A5 ARARN0LAR

database

Face Verification Problem

+ Face Authentication/Verification (1:1 matching)

$ 2

+ Face Ildentification/Recognition (1:N matching)

02282
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Application: Access Control

= visioNics

Empowering Identification™

Pirss
www.viisage.com

, NCIC 2000, etc.)

Wwww.visionics.com

Biometric Authentication

PROJECTED TOTAL “aag
ANNUAL CLOBAL =

BIOMETR
REV v
(US S, MILLIONS)
3say
28a,
[
',
s1g
2“%'
o
o5
o8

BIOMETRICS

MARKET

BREAKDOWN
FINCERPRINT
FOR AUTHENTICATION

2003 $198 MLLION
2008 $1493 MLLION

FACE
2003 $50 MILLION
2008 $802MILLION

HAND CEOMETRY
2003 $43 MLLION
2008 $154 MLLION

IRIS
2003 $36 MLLION
2008 $366 MLLION

MIDDLEWARE
2003 $48 MLLION
2008 $397 MLLION
MULTIMODAL
2003 $11 MLLION
2008 $220 MLLION
VOIKCE

2003 $23 MLLION
2008 $225 MLLION
SIGNATURE
2003 $0 MLLION
2008 $107 MLLION

FINCERPRINT
FOR CIVIL/CRIMINAL ID
2003 $312 MILLION
2008 $1095 MLLION

Application: Surveillance

Video Surveillance (online or offline)

Face Scan at Airports

www.facesnap.de

Application: Autotagging Photos in
Facebook, Flic

” &

uuuuuuu

NS -

oogle

kr, Picasa, iPhoto, ...

11/17/16
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Why is Face Recognition Hard?

The many faces of Maonn‘q

Recognition should be Invariant to

* Lighting variation

* Head pose variation
* Different expressions
* Beards, disguises

¢ @lasses, occlusion

* Aging, weight gain

Intra-class Variability

» Faces with intra-subject variations in pose, illumination,
expression, accessories, color, occlusions, and brightness

171y

2222000

Inter-class Similarity

« Different people may have very similar appearance

bb
us_elections.

Father and son

11/17/16
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Blurred Faces are Recognizable

$2QLFR
SLRRAE

Blurred Faces are Recognizable

$2QAFR
SLRRAE

Michael Jordan, Woody Allen, Goldie Hawn, Bill Clinton, Tom Hanks,
Saddam Hussein, Elvis Presley, Jay Leno, Dustin Hoffman, Prince
Charles, Cher, and Richard Nixon. The average recognition rate at this
resolution is one-half.

lllumination and Shading Affect
Interpretation

Context is Important

A N RAPLP \
P. Sinha and T. Poggio, | think | know that face, Nature 384, 1996, 404.

11/17/16
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P. Sinha and T. Poggio, Last but not least, Perception 31, 2002, 133.

Face Recognition Architecture

Face
Detection

| Feature Classification
Image Extraction Face
window Feature Identity

Vector

Components of a Recognition System

Training Phase Training
- Labels
Training
Images
A Image - Learned
: f : : f f : Features =g model
13 R A T L N TS
e e
=0 i Y Learned
model

Testing Phase

Image H A “ ”
n . Classifier apple

Test Image

What Features?

Let's Start with Interest Points
Database

Query

Compute interest points
(keypoints) for every image in
the database and the query

Slide by D. Hoiem

11/17/16
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See how many wots of
keypoints are close to
keypoints in each other

image

Few or No
Matches @ @

Slide by D. Hoiem

But this will be really, really slow!

Key Idea: “Visual Words”

* Cluster the keypoint descriptors

Slide by D. Hoiem

Learning Recognition

B @0

. Code word dictionary
feature detection T b ™
DO LI TN T
(A ok |
EasE"p

I image representation

Category models , Category
or classifiers decision

Image Representation

frequency

H H Learned model

PTLONENRLS B .

code word dictionary

11/17/16
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Key Idea: “Visual Words’

K-Means algorithm .

1. Randomly
select K centers

2. Assign each
point to nearest
center

3.Compute new ¢
center (mean) X f
for each cluster

De

lllustration: http:/en.wikipedia.org/wiki/K-means_clusterin Slide by D. Hoiem

Key ldea: “Visual Words”

K-Means algorithm .
1. Randomly
select K centers HIEN

2. Assign each
point to nearest
center

P Repeat
3. Compute new ¢
center (mean) k
for each cluster %\.\ -
lllustration: http://en.wikipedia.org/wiki/K-means_clustering Slide by D. Hoiem

K-Means Clustering
* The dataset. Input k=5
E|

Auton’s Graphics |

X1

11/17/16
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K-Means Clustering

]

= Auton’s Graphics
Randomly pick 5 positions ||t
as initial cluster centers
(not necessarily data
points)
0.8
0.6
0.4
0.2
| |
+ +
0 0,2 0.4 0.6

K-Means Clustering

Auton’s Graphics [l

Each point finds which
cluster center it is closest
to; the point belongs to
that cluster

=

x1

0.8

K-Means Clustering

= fAuton”s Graphics

I

Each cluster computes its ||t
new centroid based on
which points belong to it

0.8

K-Means Clustering

futon”s Graphics [l

Each cluster computes its
new centroid, based on
which points belong to it
Repeat until convergence
(i.e., no cluster center
moves)

x1

0.8
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Key Idea: “Visual Words”

* Cluster the keypoint descriptors

» Assign each descriptor to a cluster number
— What does this buy us?
— Each descriptor was 128-dimensional, now is
1 integer (easy to match!)
— Is there a catch?

* Need a lot of clusters (e.g., 1 million) if we want
points in the same cluster to be very similar

Slide by D. Hoiem

Key Idea: “Visual Words”

+ Cluster the keypoint descriptors
+ Assign each descriptor to a cluster number

» Represent an image region with a count of these
“visual words”

Slide by D. Hoiem

Key ldea: “Visual Words”

+ Cluster the keypoint descriptors

» Assign each descriptor to a cluster number

* Represent an image region with a count of these
“visual words”

« An imaae is a aood match if it hac a Int Af the
same"

Face Recognition using
Eigenfaces

11/17/16
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Image as a Feature Vector

X1 X3

+ Consider an n-pixel image to be a point in
an n-dimensional space, xe R”

» Each pixel value is a coordinate of x

Nearest Neighbor Classifier
{ R; } is the set of training images

ID =argmindist(R, 1
j

°
o X2
. /\
R,
X1 X3 R,

The Space of All Face Images

* When viewed as vectors of pixel values, face
images are extremely high-dimensional
— 100 x 100 image = 10,000 dimensions

* However, relatively few 10,000-dimensional
vectors correspond to valid face images

+ We want to effectively model the subspace
of face images Fipp i

Eigenfaces (Turk and Pentland, 1991)

» Use Principle Component Analysis
(PCA) to reduce the dimensionality

2" principal
o component

1* principal
component

11/17/16
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The Space of All Face Images

» We want to construct a low-dimensional, linear
subspace that best explains the variation in the
set of face images

Pixel value 2

\

Pixel value 1

@ A face image
@ A (non-face) image

Principal Component Analysis (PCA)
» Pattern recognition in high-dimensional spaces

- Problems arise when performing recognition in a high-dimensional
space (“curse of dimensionality”)

- Significant improvements can be achieved by first mapping the
data into a lower-dimensional sub-space

a| /J|
@ by

x= —— = reduce dimensionality —— > y = (K << N)

Lay ] Lo |

The goal of PCA is to reduce the dimensionality of the data while
retaining as much as possible of the variation present in the
original dataset

Principal Component Analysis

+ Given: N data points (images) x4, ... ,Xy in R?
+ We want to find a new set of features, u, that are
linear combinations of original ones:

u(x;) = u'(x,— p)
(m: mean of data points)

» What vector u in R? captures the most variance
of the data?

Principal Component Analysis (PCA)
» Geometric interpretation

— PCA projects the data along the directions where the
data varies the most

- These directions are determined by the eigenvectors
of the covariance matrix corresponding to the largest
eigenvalues

— The magnitude of an eigenvalue corresponds to the
variance of the data along the eigenvector direction

11/17/16
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Eigenfaces: Key ldea
» Assume that most face images lie in
a low-dimensional subspace determined by the
first k (k < d) directions of maximum variance

» Use PCA to determine the eigenvectors or
“eigenfaces,” u,,..., u, with largest eigenvalues

* Represent all face images in the training set as
linear combinations of these eigenfaces

M. Turk and A. Pentland, Face Recognition using Eigenfaces, CVPR 1991

TS

Eigenface Representation

Each face image is represented by a weighted combination
of a small number of “component” or “basis” faces, u;

i~
/
// A
2900 1751 1445 4238 6193

Eigenface Representation

-669 4238 -4221 6193 10549

Uy Ug

Eigenfaces Example
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Eigenfaces Example

Top eigenvectors: uy,...u,

Eigenfaces Example

» Face image x in “face space” coordinates:

T < e - )

= Wi,...,Wk

* Reconstruction:

=

= B+ WUt wWou, + Wl o wuy t

Reconstruction

The more eigenfaces you use, the better the reconstruction,
but even a small number gives good quality for matching

=

30 20 10

Recognition with Eigenfaces

* TRAINING: Process labeled training images:
» Find mean p and covariance matrix £
 Find k principal components (eigenvectors of Z): uy,...u,

* Project each training image x; onto subspace spanned
by principal components:

(Wig, .o W) = (UgTOG— W), -on s U TG — M)

+ RECOGNITION: Given query image, x:
* Project onto subspace:
(Wi, W) = (UgT(x= ), ..., uT(x— ) A
» Optional: check reconstruction error x — x to determine
whether image is really a face

+ Classify as closest (nearest neighbor) training face in
k-dimensional subspace

11/17/16
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Experimental Results

» Training set: 7,562 images of approximately
3,000 people

* k=20 eigenfaces computed from a sample of
128 images

» Test set accuracy on 200 faces was 95%

Limitations

» The same person may appear differently
due to
— Beard, moustache
— Glasses
— Makeup
— Facial expression

» These have to be represented separately

Face Image Parsing

Goal: Given an input face image, automatically
segment the face into its constituent parts

Face skin
Left eye
Right eye
Left brow
Right brow
Nose

Inner mouth
Upper lip
Lower lip
Background

LG e

Output Label Types

Face Image Parsing: Smith et al. Approach

Database
id'll N/

PK exemplar images Exemplar labels
11 landmarks
~150 SIFT features

11/17/16
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Face Image Parsing: Smith et al. Approach

Database Step 0: Rough alignment &
: g top exemplar selection

PK exemplar images Exemplar labels -

11 landmarks 1001
~150 SIFT features op exemplars

Input

Face Image Parsing: Smith et al. Approach

Database Step 0: Rough alignment &
: top exemplar selection

Step 1: Nonrigid alignment

PK exemplar images Exemplar labels
11 landmarks
~150 SIFT features

Input

Face Image Parsing: Smith et al. Approach

Database Step 0: Rough alignment &
: : top exemplar selection

Step 1: Nonrigid alignment
Step 2: Exemplar label aggregation

~

\ 4

Exemplar labels
11 landmarks
~150 SIFT features

Input

Face Image Parsing: Smith et al. Approach

Database Step 0: Rough alignment &
: : top exemplar selection

Step 1: Nonrigid alignment

Step 2: Exemplar label aggregation

Exemplar labels
11 landmarks

Step 3: Pixel-wise label selection

~150 SIFT features 0
utput Label 2
Input . AR -
4 *
Wy
Label 9

[ +w9 0

11/17/16

23



11/17/16

Face Image Parsing: Results Face Image Parsing: Results

\ A

fiZds

s /
oft segments  Hard segments Ground truth

o
Input S

Facial Expression Recognition

Happy
Sad

Afraid
Angry
Surprised
Disgusted

Gabor PCA

Filtering [ — (|

Anger Fear Disgust Happy Sad Surprise

Neural Net

40,600 features 50 numbers

24



Features from a Gabor Filter Bank

« Basic feature: the 2D Gabor wavelet filter (Daugman, 1985):

¢ These model the processing in early visual areas

-

Subsample in

Human Age Estimation

’ ‘Dlmensm ’ Classification
H—{s Layer C, Layer Reduction Regression 6.0

Feature PCA SVM/SVR
extraction

(Gabor

filters)

a29x36
grid
[Convolution | [Magnitudes |
Results

32 76

52

Human Gesture Recognition

* Communicative human movement

11/17/16
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Face Verification Problem: Are
these Images of the Same Person?

Recognition using Visual Attributes

[ 5 2 T
y:

n i”f"\‘!\\\\\.\\:\"‘“‘ ?

R

4-Legged White Male

Orange Symmetric Asian

Striped lonic columns Beard
Furry Classical Smiling

Attributes can Define Categories

Middle-aged Dark hair

{ ¥
)
N

Z
=
4

Female Eyeglasses

. iy; w / -

BREe
| 1

d

Attributes can Define Categories

Caucasian Teeth showing Outside Tilted head

3
;%—” N

0

@I
N

Z
=
4

giie
o (2=} |
L i
T4

d

4
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Prior Approaches

| Low-level :
mages
9 features

RGB
HOG

LBP
SIFT

RGB
HOG
LBP
SIFT

> Verification

Different

Attributes Approach

Low-level
Images —> Attributes ——— > Verification
9 features
RGB
HOG I
LBP pg-----pr---e--Meeeen
| ]
SIFT I I
2 § ¥ 2 z
2 2 82 33 Different
RGB

e I I Iﬁ
Bp g MW
SIFT I

Method 1: Learning an Attribute Classifier

Training , Low-level Feature Train

images features selection - Classifier (SVM)

RGB g
HoG RGB, Nose '; ’

mp - -o E
Males HSV, Hair Gender
classifier

g‘ RGB Edges, Mouth

HoG l

HSV Male

' 0.87

Females bi
Positive and (or binary)

negative examples

Categories

Animals with Attributes

Training Phase: Train binary attribute classifiers using all images
from all categories that have that attribute

zebra
giant panda

horns
claws
tusks

chewteeth
meatteeth
buckteeth
strainteeth

Attributes

[Osherson et al., 91; Kemp et al., 0§

11/17/16
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Using Attributes to Perform Verification

Verification
Classifier
(SVM)

Method 2: Describe Faces using Similes

Penelope Cruz

Angelina Jolie

Describe a person’s appearance in terms of the similarity of different parts of
their face to a limited set of “reference” people

Images of other people’s eyes

Face Regions

I Whole Face (W)
[ HairH)

[ | Forehead (F)
[ Eyebrows (B)
[ Eyes(®)
[ Nose (N)
[ | Cheeks (K)
[ upperLLip ()
[ Mouth (M)

[ lchin(©)

(After Alignment)

11/17/16
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Reference People

EARZ BEE ¥ = 21
D oI IO O © @

RS EREALY
oo e (. (52 I

Reference Person R1 Reference Person R2

60 reference faces used

Using Simile Classifiers for Verification

Verification
Classifier
nw v < T w u 0 w w T T £ < (SVM)
g g5 g 8L =8 855
Q v 9 £ v U ¢ © £ £ £ 9 ©o
2R s fezees §8o s
g8 “T 5 e g e
o~ mmxo
o xzr:r

Experimental Evaluation

Labeled Faces in the Wild Dataset
* 6,000 face pairs (3,000 same; 3,000 different)

» 10-fold cross-validation

Attributes-based Performance on LFW

2
@
©
ov.
2
D
o
D-0.4{
S F
=

080

Our Attribute + Simile Hybrid (85.29%)
Our Simile Classifiers (84.14%)

== Our Attribute Classifiers (83.62%)
Wolf, et al. (78.47%)
Huang, et al. (76.18%)

==s Nowak and Jurie (73.93%)

0.2 04 06 0.8 1.0
False Positive Rate May 2009

©
N
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PubFig Dataset & Benchmark
m [’Q . @ Public figures:

287 309 277 228 283 400 169 « Politicians

. M . * Celebrities

448 144 115 1086 217 274 Larger & deeper:
U ) m E ﬂ m * 60,000 Images
127 178 18 422 352 881 200 People
E ‘j ! . * 300 Images per person
233 (2580 471 268 92' ’52 ;162 SUbSGtS'

fas ] I 6 :
w@t‘dmt-q * Pose
340 207 301 193 187 159 195 . |||umination

MRS E |

545 161 zsz % % * Expression
http://www.cs.columbia.edu/CAVE/databases/pubfig/

Results on PubFig

True Positive (Detection) Rate
° ° o
@ s «

o
N~

o
o

—— Full PubFig Benchmark (77.78%)

—— "Easy" Pose (80.81%)

-~~~ "Difficult" Pose (77.50%)

—— “Easy" Lighting (79.54%)
"Difficult” Lighting (75.32%)

—— "Easy" Expression (78.40%)
"Difficult" Expression (77.66%)

Al resuts computed using our Attrbute Classifiers

o
=3

0.0 0.1 0.2

0.3

0.4 0.5, 0.6 0.7 0.8 0.9
False Positive Rate

1.0

FaceTracer: A Face Search Engine

ph|zard [sring ssin men |

arch  Example searches: midle-aged caucasian men, adults outdoors, men with dark hair

Face Only

Head and Neck | Fullmage |

[N. Kumar et al., “FaceTracer: A Search Engine for
Large Collections of Images with Faces”, ECCV 2008]

e Edt View History Eookmavks Tools  Help

Done

This is why the men are smiling.  Very Southeast Asian, very Thai. ..
400 x 300 - 93k - jpg 500 x 375 - 46k - jpg
dadtalictypepad. tenguhouse.typepac.

happy

" o <o e ‘pg

1 came u Pan:manksmlllng at I her noval China Men, Maxine .

Google: “smiling asian men with glasses” 7/08

11/17/16
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Face Tracer:

A Search Engine for Large

Collections of Images with Faces

Online Submission ID : 654
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