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* People love faces!
— Biological nature
— Sensitive to the face pattern

A house with a
Hitler face
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Face Recognition

« Uncontrolled conditions: large changes in
pose, illumination, expression and occlusion,

aging... Still challenging
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Motivation

« Face recognition in real-world environments
often has to confront with uncontrolled and
uncooperative conditions
— lllumination changes, occlusion

« Uncontrolled variations are usually coupled

* Less work focuses on simultaneously
handling them
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Our Method

« Our work deals with the illumination changes
and occlusion simultaneously considering
structured sparsity

represents a test image using the minimal number of clusters

Sparse Representation
flat sparsity

represents a test image using minimal number of training images

from all classes
5
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Our Method

« Our work deals with the illumination changes
and occlusion simultaneously considering

structured sparsity aided with:
— Structural occlusion dictionary: better modelling

contiguous occlusion \

contiguous occlusion also forms a cluster structure
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Our Method

« Our work deals with the illumination changes
and occlusion simultaneously considering

structured sparsity aided with:

— Structural occlusion dictionary: better modelling
contiguous occlusion

— WLD feature: robust to illumination changes,
remove shadows

Inspired by the psychophysical

Weber’s Law 7

WARWICK



Sparse Representation

 Models a test image as a linear
combination of training Images

— Using minimal number of training images

sparse
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Sparse Representation

* Involves training images from all classes

— Optimal for reconstruction but not
necessary for classification

Training image Training image Training image Training image
Class 2 Class 3 Class 2 Class 3

Using the same
number of base
vectors

Test image
Class 1

Test image
Class 1

Training image Training image 9
Class 1 Class 1
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Our Method

« Structured Sparsity
— Each class form a cluster
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Yy = X«

10

WARWICK



Our Method

* Structured Sparsity

— Represents a test image using the
minimum number of clusters
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Sparse Representation

* Occlusion modelling: identity matrix I € R™*™
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vectors

— limitation: 7 € R™>*™ is able to represent any

Image of size m ®
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Our method

« Contiguous occlusion: the nonzeros entries
are likely to be spatially continuous, are
aligned to clusters
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Our method

 Structural occlusion dictionary

— uses the cluster occlusion dictionary to
replace the identity matrix |
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Our Method

« Extreme illumination + occlusion:

— coupled occlusion takes up a large ratio of
the image

— not “sparse” error
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Our Method

e A different view: extract relevant features
that reduce the difference

* Using WLD feature

+1 | +1 | +1

v' Maintain most salient | 8|
facial features ' o [+ o1

v’ Insensitive to
illumination changes L ‘;

v' Can correct shadow & - T
effects Original image — WLD feature

Filtering

l
_ _ WLD(p) = arctan(z Pi —p) 16
Chen et al, WId: A robust local image descriptor, PAMI, 2010 — P




lllustrative Example

Reference Estimated Reference Estimated
image occlusion image occlusion
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Experiments

« Synthetic Occlusion with Extreme
lllumination

— Extended Yale B database

Subset 3
Subset 4
Subset 5

Training set Testing set -
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Experiments

« Synthetic Occlusion with Extreme

lllumination
— using only the raw pixel intensity as feature
TABLE 1
RECOGNITION RATES (%) ON THE SUBSET 3 OF THE EXTENDED YALE B
DATABASE
~Occlusion 0%  10% 20% 30% 40% 50%
T SR-P[13] 100 100 998 O8.5 003 653
CRC-RLS[17] 100 100 958 857 728 592
R-CRC[17] 100 100 100 97.1 923 823

Proposed SSR-P 100 100 100 100 97.8 854

[15] Wright et al, TPAMI, 2009. [17] Zhang et al, ICCV, 2011 19

WARWICK



Experiments

« Synthetic Occlusion with Extreme
lllumination

— using WLD feature,,, . ,

RECOGNITION RATES(% ) ON THE SUBSET 4 AND SUBSET 35 OF THE
EXTENDED YALE B DATABASE

Occlusion 0%  10% 20% 30% 40% 50%
= SR-P|I5 86.3 185 J0.0 532 36.7 28.1
5 [ Proposed SSR.P 972 934 848 684 534 399
"E o -l 1G] Y32 Ba.0 8L 10.a 00,2 hE N
“  SR-W 904 996 994 991 991 966

Proposed SSR-W  99.6 99.8 994 994 996 98.1

T _SR-P[I5] 375 260 43 00 70 73

2 | _Proposed SSR-P__ 426 316 234 153 115 109
£ T SR-G[16] 442 31.7 320 238 215 1715
“ SR-W 980 975 969 969 919 830

Proposed SSR-W 983 98.0 97.3 058 954 88.6
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Experiments

« Synthetic Occlusion with Extreme
lllumination

— using WLD feature,,, . ,

RECOGNITION RATES(% ) ON THE SUBSET 4 AND SUBSET 35 OF THE
EXTENDED YALE B DATABASE

Occlusion 0%  10% 20% 30% 40% 50%
= SR-P[15] 86.3 185 J0.0 532 36.7 28.1
S Proposed SSR-P 972 934 848 684 534 399
£ TSR-G[T86] 053 888 842 764 665 547
“  SR-W 904 996 994 991 991 966

Proposed SSR-W__ 99.6 99.8 994 994 99.6 98.1

T SR-P[15] 375 269 143 90 79 713

S Proposed SSR-P 426 316 234 153 115 109
£ T SR-G[16] 442 317 320 238 215 175
“  SR-W 980 975 969 969 919 830

Proposed SSR-W 983 98.0 973 058 954  88.6
[15] Wright et al, TPAMI, 2009. [16] Yang et al, ECCV, 2010
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Experiments

* Disguise with Non-uniform lllumination
— The AR Database
— Real occlusion, 2 sessions

Training set Testing set *
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Experiments

* Disguise with Non-uniform lllumination

TABLE III
RECOGNITION RATES (%) ON THE AR DATABASE

Sunglasses  Scarves

SR-P[15] 42.5 29.8
Proposed SSR-P 43.5 31.8
SR-G[16] 74.8 76.0
SR-W 85.0 89.5
Proposed SSR-W — 87.5 92.0
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Thank you

* Questions ?
« Xingjie Wel

 http://warwick.ac.uk/xwel

« Department of Computer Science, University
of Warwick
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