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Preface

Although face recognition has been actively studied over the past decade,
the state-of-the-art recognition systems yield satisfactory performance only un-
der controlled scenarios and recognition systems degrade significantly when
confronted with unconstrained situations.

Examples of unconstrained conditions include illumination and pose varia-
tions, video sequences, expressions, aging, and so on. Recently, researchers
have begun to investigate face recognition under unconstrained conditions. For
example, as video sequence becomes ubiquitous due to advances in digital
imaging devices and the advent of the Internet era, face recognition based on
video sequences is gaining more attention. Face recognition under illumination
and pose variations remains a big challenge to researchers.

The goal of this book is to provide a comprehensive review of unconstrained
face recognition, especially face recognition from video, and to assemble de-
scriptions of novel approaches that are able to recognize human faces under
various unconstrained situations. The underlying theme of these approaches
is that, unlike conventional face recognition algorithms, they exploit the in-
herent characteristics of the unconstrained situation and gain improvements in
recognition performance when compared with conventional algorithms. For
instance, generalized photometric stereo combines physics-based illumination
model with statistical modeling to address face recognition under illumination
variation. Simultaneous tracking and recognition employs the temporal infor-
mation embedded in a video sequence and thus improves both tracking accuracy
and recognition performance.

The book is organized into five parts: I) Fundamentals, preliminaries, and
reviews; II) Face recognition under variations; III) Face recognition via kernel
learning; IV) Face tracking and recognition from video; and V) Future direc-
tions. Part I, consisting of two chapters, addresses fundamental issues of face
recognition, especially under unconstrained scenarios, and provides necessary
background for following the discussions in subsequent parts and an up-to-date
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survey of unconstrained face recognition. Part II, consisting of four chapters,
presents face recognition approaches that are able to handle variations due to
illumination, pose, and aging. Part I1I, consisting of two chapters, studies face
recognition from a viewpoint of an appearance manifold whose nonlinearity
is characterized via two kernel learning methods: computing probabilistic dis-
tances in reproducing kernel Hilbert space and matrix-based kernel methods.
Part IV, consisting of three chapters, presents adaptive visual tracking, simul-
taneous tracking and recognition, and a unifying framework of probabilistic
identity characterization. A detailed description of the organization and the
contents of each chapter are given in Section 1.2.

The book is accessible to a wide audience since only clementary level of
linear algebra, probability and statistics, and signal processing is assumed.
Graduate students and researchers unfamiliar with face recognition can use the
book to quickly comprehend the state-of-the-art of unconstrained face recog-
nition. Also the book serves as a starting point for them to embark research on
face recognition. Instructors can use the book as a textbook or for supplemen-
tary reading for graduate courses on biometric recognition, human perception,
computer vision, or relevant seminars. Professional practitioners of face recog-
nition and other biometrics can use the book as a reference and directly extract
interested algorithms for their applications.

We are indebted to numerous friends and colleagues that made the book pos-
sible. We first thank Guarav Aggarwal for providing materials on illumination-
invariant face recognition in the presence of multiple light sources and Narayanan
Ramanathan for writing the part of face recognition across aging progression.
Most of the work was done when SKZ and WZ were at the Center for Au-
tomation Research (CfAR), University of Maryland. SKZ thanks his then lab
colleagues: Amit Roy-Chowdhury, Naresh Contoor, Jian Li, Jian Liang, Haiy-
ing Liu, Amit Kale, Gang Qian, Jie Shao, Namrata Vaswani, Zhanfen Yue, and
Qinfen Zheng.

SHAOHUA KEVIN ZHOU, RAMA CHELLAPPA, AND WENYI ZHAO



PART I

FUNDAMENTALS, PRELIMINARIES AND REVIEWS



Chapter 1

FUNDAMENTALS

Identifying people from faces is an effortless task for humans. Is it the
same for computers? This is the central issue defining the field of automatic
face recognition [22, 23, 24, 25, 26, 27, 28, 29, 134] (also referred to as face
recognition in the present book), one of the most active research areas in the
emerging field of biometrics.

Over the past decade, face recognition has attracted substantial attention from
various disciplines and seen a tremendous growth in the literature. Below, we
present an overview of face recognition from the biometric, experimental, and
theoretical perspectives.

1.1 Overview
1.1.1 Biometric perspective

Face is a biometric {33]. As a consequence, face recognition finds wide
applications in authentication, security, and so on. One potential application is
in the recently deployed US-VISIT system [32] by the Department of Homeland
Security (DHS), collecting vistors’ fingerprints and face images.

Biometric signatures enable automatic identification of a person based on
physiological or behavioral characteristics [31, 30]. Physiological biometrics
are biological/chemical traits that are innate or naturally grown, while behav-
ioral biometrics are mannerisms or traits that are learned or acquired. Table 1.1
lists commonly used biometrics. Some introductory discussions on biometrics
may be found in [30, 31, 33, 34].

Biometrics technologies are becoming the foundations of an extensive array
of highly secure identification and personal verification solutions. Compared
with conventional identification and verification methods based on personal
identification numbers (PINs) or passwords, biometrics technologies offer some
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Bpe Examples

Physiological biometrics Body odor, DNA, face, fingerprint,
hand geometry, iris, pulse, retinal

Behavioral biometrics Face, gait, handwriting, signature, voice

Table 1.1. A list of biometrics.

unique advantages. First, biometrics are individualized traits while passwords
may be used or stolen by someone other than the authorized user. Also, a
biometric is very convenient since there is nothing to carry or remember. In
addition, biometric technology is becoming more accurate and inexpensive.

Among all biometrics listed in Table 1.1, face biometric is unique because
face is the only biometric belonging to both physiological and behavioral cat-
egories. While the physiological part of the face biometric has been widely
researched in the literature, the behavioral part is not yet fully investigated.
In addition, as reported in [35, 36], face has advantage over other biometrics
because it is a natural, non-intrusive, and easy-to-use biometric. For example
[35], among the six biometrics of face, finger, hand, voice, eye, and signature in
Figure 1.1, the face biometric ranks first in the compatibility evaluation of a ma-
chine readable travel document (MRTD) system on the basis of six criteria: en-
rollment, renewal, machine-assisted identity verification requirements, redun-
dancy, public perception, and storage requirements and performance. Probably
the most important feature of a biometric is its ability to collect the signature
from non-cooperating subjects.

Besides applications related to identification and verification such as access
control, law enforcement, ID and licensing, surveillance, etc., face recognition
is also useful in human-computer interaction, virtual reality, database retrieval,
multimedia, computer entertainment, etc. See [29, 48] for a review of face
recognition applications.

1.1.2  Experimental perspective

Face recognition mainly involves the following three tasks [61]:

m Verification. The recognition system determines if the query face image and
the claimed identity match.

u [dentification. The recognition system determines the identity of the query
face image by matching it with a database of images with known identities,
assuming that the identity of the quest face image is inside the database.



Fundamentals 5

100 T T T T T T

Weighted percentage

Face Finger Hand Voice Eye Signature

Figure 1.1. Comparison of various biometric features based on MRTD compatibility -(from

[35D.

s Watch list. The recognition system first determines if the identity of the
query face image is in the stored watch list and, if yes, then identifies the
individual.

Figure 1.2 illustrates the above three tasks and corresponding statistics used for
evaluation. Among three tasks, the watch list task is the most difficult one.

The present book focuses only on the identification task. In the face recog-
nition literature, there is a face recognition test protocol FERET [60] widely
followed by researchers for evaluating the performance of face recognition sys-
tems. FERET stands for ‘facial recognition technology’. In most experiments
discussed in this book, we also follow the FERET protocol.

The FERET protocol assumes the availability of the following three sets,
namely a training set, a gallery set, and a probe set. The training set is provided
for the recognition algorithm to learn the characteristic features. The gallery and
probe sets are used in the testing stage. The gallery set contains images with
known identities and the probe set with unknown identities. The algorithm
associates descriptive features with images in the gallery and probe sets and
determines the identities of the probe images by comparing their associated
features with features associated with gallery images.



6 UNCONSTRAINED FACE RECOGNITION

Fucdiyer (pteator
, ; Yitiatin Chpracteristic
Werlfloation: B onim Aceeptor ”

. Reject

Watch List;
el O LISER

ER TG k|

Ragihnir Dpseattr
Churgcteriatic

Figure 1.2. 'Three face recognition tasks: verification, identification, watch list (courtesy of
P.J.Phillips [61]).

1.1.3  Theoretical perspective

Face recognition is by nature an interdisciplinary research area, tied to many
research fields, ranging from pattern recognition, computer vision, graphics, and
image processing/understanding to statistical computing and machine learning.
In addition, automatic face recognition designs are often guided by the psy-
chophysical and neural studies. A good summary of research on face percep-
tion is presented in [29, 37, 40]. We now focus on the theoretical implications
of pattern recognition for the special task of face recognition.

We present a three-level hierarchy for understanding the face recognition
problem, as shown in Figure 1.3. The three levels characterize general patterns,
visual patterns, and face patterns, each associated with a corresponding theory
of recognition. Accordingly, face recognition approaches can be grouped into
three categories.

General pattern and pattern recognition

General pattern lays the foundation of the hierarchy. Because face is first a
general pattern, any pattern recognition theory [7] can be directly applied to a
face recognition problem. In general, a vector representation is used in pattern
recognition. A common way of deriving a vector representation from a 2D face
image, say of size M x N, is through a ‘vectorization’ operator that stacks the
pixels as an M N x 1 vector. Obviously, given an arbitrary M N x 1 vector, it
can be decoded into an M x N image by reversing the above ‘vectorization’
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Recognition

Figure 1.3. A hierarchy of face pattern and face recognition.

operator. Such a vector representation corresponds to the holistic representation
mentioned in the psychophysics literature [38, 39].

Subspace methods are pattern recognition techniques widely invoked in var-
ious face recognition approaches. Two well-known appearance-based recogni-
tion schemes are the principal component analysis (PCA) [12, 50] and linear
discriminant analysis (LDA) [7]. Principal component analysis performs an
eigen-decomposition of the covariance matrix and consequently minimizes the
reconstruction error in the mean square sense. Linear discriminant analysis
minimizes the within-class scatter while maximizing the between-class scatter.
The PCA approach used in face recognition is called the ‘Eigenface’ approach
[64]. The LDA approach used in face recognition is called the ‘Fisherface’
approach [44] since LDA is also commonly referred to as Fisher discriminant
analysis. LDA for face recognition was also independently proposed in [47].
Further PCA and LDA are combined (LDA after PCA) as in [67] to yield an
improved recognition scheme. Other subspace methods such as independent
component analysis (ICA) [22, 43, 243], local feature analysis (LFA) [253],
probabilistic subspace [56, 57, 58], multi-exemplar discriminant analysis [70]
have been used in face recognition. A comparison of these subspace methods is
reported in [58, 68]. Other than the subspace methods, classical pattern recogni-
tion tools such as neural networks [53], learning methods [59], and evolutionary
pursuit/genetic algorithms [54] have also been applied to face recognition.

One concern in a general pattern recognition problem is the ‘curse of dimen-
sionality’ since usually M and N themselves are quite large. Practical face
recognition systems store only a small number of samples per subject. This
further worsens the ‘curse of dimensionality’ problem.
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Face recognition also differs from general pattern recognition problem in
many aspects. Some of the differences are discussed below.

Visual pattern and visual recognition

In the middle of the pyramid in Figure 1.3 sits the visual pattern layer. A
face is a visual pattern in the sense that it is a 2D appearance of a 3D object
captured by an imaging system. Certainly, visual appearance is affected by the
configuration of an imaging system.

There are two distinct characteristics of the imaging system: photometric
and geometric.

s Photometric characteristics are related to the light sources distributed in the
scene. Figure 1.4 shows the face images of a subject captured under varying
illumination conditions. Numerous models have been proposed to describe
the illuminating phenomenon. In addition to coding information such as
light source direction and intensity, an illumination model also characterizes
the object surface material properties.

» Geometric characteristic deals with the camera properties and the relative
positioning of the camera with respect to the object. Camera properties in-
clude camera intrinsic parameters and camera imaging models. The imaging
models widely studied in the computer vision literature are orthographic,
scaled orthographic, and perspective models. Because the perspective model
requires depth information, the orthographic or scaled orthographic model
is used more often in the face recognition community. The relative posi-
tioning of the camera and the object results in pose variation, a key factor
determining how the 2D appearances are produced. Figure 1.4 shows the
face images of one object captured at different poses.

Understanding photometric and geometric characteristics has been a long
standing problem in the computer vision literature, which is mostly reflected
by researches in visual recognition under illumination and pose variations. A
comprehensive review of the visual recognition literature is beyond the scope
of the book. However, face recognition methods that address the photometric
and geometric characteristics are still at a nascent stage of development and
much more work needs to be done.

Approaches to face recognition under illumination variation are usually
treated as extensions of research efforts on illumination models. For example,
if a simplified Lambertian reflectance model ignoring shadow pixels [150, 161,
168] is used, a rank-3 subspace can be constructed to cover the appearances
arbitrarily illuminated by a distant point source. Similarly low-dimensional
subspaces [143, 144] can be found using a Lambertian model with attached
shadows. Face recognition can be performed by checking if a query face im-
age lies in the object-specific illumination subspace. To generalize from the
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Figure 1.4.  One PIE [85] individual under different illumination and poses.

object-specific illumination subspace to a class-specific illumination subspace,
bilinear models are used in [84, 214, 95]. Most face recognition approaches
across pose variation use view-based appearance representation [73, 76, 81].
Face recognition across illumination and poses is more difficult when compared
to recognition with the presence of either pose or illumination variation. Of
the many proposed approaches in the literature including [72, 77, 96], the 3D
morphable model [72] yields the best recognition performance. The feature-
based approach [51] is teported to be partially robust to illumination and pose
variations.

An important feature of a visual pattern is its presence in video. The ubiqui-
tousness of video sequences calls upon recognition algorithms based on videos.
Because a video sequence is a collection of still images, face recognition from
still images can be applied on a frame-by-frame basis. However, an important
property of a video sequence is its temporal dimension. Recent psychophysical
and neural studies [39, 41] demonstrate the role of movement in face recogni-
tion: Famous faces are easier to recognize when presented in moving sequences
than in still photographs, even under a range of different types of degrada-
tions. Computational approaches utilizing such temporal information include
[112, 123, 124, 129, 206, 133]. Figure 1.6 shows the results of face tracking in
a video sequence captured in an office environment [109]. Clearly, due to free
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movement of the human face and an uncontrolled environment, issues like illu-
mination and pose variations still exist. Localizing faces or face segmentation
in a cluttered environment in video sequences is also very challenging.

In surveillance scenarios, further challenges arise due to poor video quality
and low resolution. For example, the face region can be as small as 15 x 15,
while most feature-based approaches [S1, 72] need as many as 128 x 128
pixels. However, video provides multiple observations linked by their temporal
continuity.

Face pattern and face recognition

At the top of the pyramid lies the face pattern. The face pattern specializes
the visual pattern by letting the object be a human face. Therefore, face-specific
properties or characteristics should be taken into account when performing face
recognition.

Figure 1.5.  (a) Appearances of one individual with different facial expressions (from [551). (b)
Appearances of one individual at different ages (from [136]).

® Deformation. Humans express emotions through facial expressions, yield-
ing nonrigid deformations of facial images. The non-rigidity is of very high
degree of freedom and exacerbates the recognition task. Figure 1.5(a) shows
the face images of a person exhibiting different expressions. While face ex-
pression analysis has attracted a lot of attention [45, 62, 63], recognition
under expression variation has not been fully explored.

» Aging. Face appearances vary significantly with aging and such variations
are specific to an individual. As aresult, theoretical modeling of aging [136]
is very difficult. Figure 1.5(b) shows the face images of a person at different
ages.

w Face surface. One speciality of face surface is its bilateral symmetry. Sym-
metry constraint has been widely exploited in [162, 93, 95]. In addition,
surface integrability is an inherent property of any surface, which has also
been used in [149, 168, 213, 95].
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» Self-similarity. There is a strong visual similarity among face images of
different individuals. Geometric positioning of facial features such as eyes,
noses, mouths, etc. are alike across individuals. Early face recognition
approaches in the 70’s [26, 49] used the distances between feature points to
describe the face and achieved some success. Also, face surface materials
properties are similar within the same race. As a consequence of visual
similarity, the ‘shapes’ of the face appearance manifolds belonging to dif-
ferent subjects are similar. This is the basis of approaches [57, 58, 70] that
attempt to capture the ‘shape’ characteristics by constructing the so-called
intra-person space.

» Makeup, cosmetic, etc. There factors are specific to an individual and so
are unpredictable. The effect of glasses has been studied in [44]; effects
induced by other factors have not been widely investigated.

Face appearances of the same individual under variations in illumination,
pose, deformation, aging, etc. lie in a nonlinear manifold. Figure 1.6 visualizes
such a manifold by projecting the appearances of the top row into top three
principal components. Manifold characterization can be done in various ways.
One way is to embed a manifold in a low-dimensional space [251, 256]. The
other way is to learn the nonlinearity using machine learning techniques {9, 21,
65, 263, 268, 270, 272, 276, 277, 278].

1.2 Unconstrained Face Recognition

State-of-the-art face recognition systems yield satisfactory performance un-
der controlled conditions. To be specific, the face images are typically acquired
in frontal views and are often illuminated by a frontal light source. These condi-
tions pose strong restrictions on patterns possibly acquired. In other words, the
clustering nature of the produced patterns (usually tightly clustered) is amenable
for classical pattern analysis. Therefore, most face recognition approaches lie
in the first level of the hierarchy. Unfortunately, recognition performance de-
grades significantly when face recognition systems are presented with patterns
that go beyond these controlled conditions.

Recently, researchers have begun to investigate face recognition under un-
constrained conditions. Examples of unconstrained conditions include illumi-
nation and pose variations, video sequences, expressions, aging, and so on. In
general, recognition approaches addressing the second and third levels of the
hierarchy can be considered to be addressing the unconstrained face recognition
problem.

In this book, we present several unconstrained face recognition approaches.
The book is organized as follows. Part I presents fundamentals, preliminaries,
and reviews of face recognition. Parts II, IIl and IV discuss numerous face
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Figure 1.6. Face appearances in a video sequences, forming a nonlinear manifold.

recognition algorithms: Part Il on Face Recognition under Variations, Part
[l on Face Recognition via Kernel Learning, and Part IV on Face Tracking
and Recognition from Videos. Summary of the book and future directions are
presented in Part V.

1.2.1  Face recognition under variations

Part II of the book studies face recognition under illumination, pose, and ag-
ing variations, which are related to the second level of Figure 1.3, In Chapter 3,
we present a general theory of symmetric shape from shading that overcomes the
challenges present in traditional shape from shading(SFS) algorithms. In Chap-
ter 4, we present a generalized photometric stereo algorithm for recognizing
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faces under illumination variation and then in Chapter 5 an illuminating light
field algorithm for recognizing faces under illumination and pose variations.
Chapter 6 addresses issues related to facial aging.

Chapter 3 studies the SFS, that is to infer the 2.5D structure of a object from
its shading information/image [151, 153, 10]. This is an ill-posed problem in
general. To reduce the ill-posedness of SFS, we impose symmetry cue for sym-
metric objects by introducing the self-ratio image. This concept can be used to
develop a new SFS algorithm referred to as symmetric SFS. We prove that un-
like typical SFS, the symmetric SFS has a unique (global) solution which can be
simultaneously obtained at each point under the assumption of a C? surface. We
then outline several computational algorithms to recover both shape and albedo
and present experimental results. In addition, a model-based symmetric source-
from-shading algorithm is presented for improved source estimation. Finally,
we discuss the extensions of symmetric SFS and applications of symmetry cue
for image synthesis and view-synthesis of face images.

Most photometric stereo algorithms employ a Lambertian reflectance model
with a varying albedo field and involve the appearances of only one object.
The recovered albedos and surface normals are object-specific and hence ap-
pearances not belonging to the object cannot be easily handled. In Chapter 4,
we generalize photometric stereo algorithms to handle all appearances of all
objects in a class, in particular the human face class, by assuming that albedos
and surface normals of all objects in the class be rank-constrained, i.e. lie in
a subspace. Rank constraints lead to a factorization of an observation matrix
that consists of exemplar images of different objects under different illumina-
tions. To fully recover the subspace bases or class-specific albedos and surface
normals, we employ integrability and face symmetry constraints and propose
a linearized algorithm that takes into account the effects of the varying albedo
field. We then apply the generalized photometric stereo algorithm for recog-
nizing faces under illumination variations. We obtain good recognition results
using the PIE database that contains images illuminated by a single light source
[94, 95]. By a careful treatment of the nonlinearity of the Lambertian model, we
successfully extend our algorithm to perform face recognition in the presence
of multiple illumination sources.

The illuminating light field algorithm presented in Chapter 5 is an image-
based method for face recognition across different illumination and different
poses, where the term image-based means that no explicit prior 3D models are
used. As face recognition under illumination and pose variations involves three
factors, namely identity, illumination, and pose, generalizations in all these
three factors are desired. The illuminating light field approach is able to gener-
alize in identity and illumination and handle a given set of poses. The proposed
approach derives an identity signature that is illumination- and pose-invariant,
where the identity is tackled using subspace encoding, the illumination is char-
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acterized using a Lambertian reflectance model, and the given set of poses is
treated as a whole. Experimental results using the PIE database demonstrate
the effectiveness of the proposed approach [97, 96].

Chapter 6 presents two topics related to facial aging: age estimation and
face recognition across aging progression. Age estimation is solved using
a general technique called image based regression using boosting methods.
The proposed boosting regressor [260] overcomes various challenges in an
image based regression problem, such as appearance variance, multiple outputs,
and storage and computation requirement. For face recognition across aging
progression, two similarity functions are proposed to match facial images taken
at different ages. The first one is a classifier based on a Bayesian framework,
following the spirit of [56]. The second one is a direct similarity function across
different age groups based on eigen-analysis.

1.2.2  Face recognition via kernel learning

As mentioned earlier, the visual pattern lies in a nonlinear manifold, which is
further complicated by face-specific characteristics. Nonlinear data modeling is
an important research topic in machine learning. While linear techniques such
as PCA and LDA utilize first- and second-order statistics, higher-order statistics
play essential roles in nonlinear data modeling. Kernel learning methods (or
kernel methods) are able to capture the higher-order statistical information.

In the core of kernel learning methods lie two important components: a
learning algorithm using linear geometry and a nonlinear feature space induced
by a kernel function. Such a space is referred to as a reproducing kernel Hilbert
space (RKHS) [18, 19, 21] in the literature. Kernel methods are linear learning
algorithms operating on the nonlinear feature space. In Part III, we introduce
two kernel learning methods: probabilistic distances in RKHS and matrix-based
kernel subspace analysis

Probabilistic distance measures are important quantities in many research
areas. For example, the Chernoff distance (or the Bhattarchayya distance as its
special example) is often used to bound the Bayes error in a pattern classification
task and the Kullback-Leibler (KL) distance is a key quantity in information
theory literature. However, computing these distances is a difficult task and
analytic solutions are not available except under some special conditions. One
popular example is the Gaussian density. The Gaussian density employs only
up to second-order statistics and its modeling capacity is linear and hence rather
limited. In Chapter 7, we enhance this capacity through a nonlinear mapping
from original data space to RKHS, which is implemented using kernel em-
bedding. Using this nonlinear mapping, we study these probabilistic distances
from a different perspective whose feasibility and efficiency are demonstrated
using experiments on synthetic and face recognition examples [277].
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It is a common practice that a matrix, the de facto image representation, is
first converted into a vector before fed into subspace analysis or kernel method;
however, the conversion ruins the spatial structure of the pixels that defines the
image. In Chapter 8, we propose two kernel subspace methods that are directly
based on the matrix representation, namely matrix-based kernel principal com-
ponent analysis (matrix KPCA) and matrix-based kernel linear discriminant
component analysis (matrix KLDA). We show that, through an extended Gram
matrix, the two proposed matrix-based kernel subspace methods generalize their
vector-based counterparts and contain richer information. Our experiments on
face recognition under illumination and pose variations {278] also confirm the
advantages of the matrix-based kernel subspace methods over the vector-based
ones.

1.2.3  Face tracking and recognition from videos

Video sequences are becoming ubiquitous due to the advances in digital
imaging devices and the advent of internet era. A face in video sequences
presents further challenges to recognition algorithms besides those common to
face recognition from still images.

In Chapter 9, we present an approach called adaptive visual tracking that
incorporates appearance-adaptive models in a particle filter to realize robust vi-
sual tracking. Tracking needs modeling of inter-frame motion and appearance
changes whereas recognition needs modeling of appearance changes between
frames and gallery images. In conventional tracking algorithms, the appear-
ance model is either fixed or rapidly changing, and the motion model is simply
a random walk with fixed noise variance. Also, the number of particles is typ-
ically fixed. All these factors make the visual tracker unstable. To stabilize the
tracker, we propose the following features: an observation model arising from
an adaptive appearance model, an adaptive velocity motion model with adap-
tive noise variance, and an adaptive number of particles. The adaptive-velocity
model is derived using a first-order linear predictor based on the appearance
difference between the incoming observation and the existing particle configu-
ration. Occlusion analysis is implemented using robust statistics. Experimental
results [206, 200, 201] on tracking visual objects in long outdoor and indoor
video sequences demonstrate the effectiveness and robustness of our tracking
algorithm.

In Chapter 10, recognition of human faces using a gallery of still images and
a probe set of videos is systematically investigated using a probabilistic frame-
work called simultaneous tracking and recognition. In still-to-video recogni-
tion, where the gallery consists of still images, a time series state space model is
proposed to fuse temporal information in a probe video, which simultaneously
characterizes the kinematics and identity using a motion vector and an identity
variable, respectively. The joint posterior distribution of the motion vector and
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the identity variable is estimated at each time instant and then propagated to
the next time instant. Marginalization over the motion vector yields a robust
estimate of the posterior distribution of the identity variable. A computation-
ally efficient sequential importance sampling (SIS) algorithm is presented for
estimating the posterior distribution. Empirical results demonstrate that, due
to the propagation of the identity variable over time, a degeneracy in posterior
probability of the identity variable is achieved to give improved recognition. Ex-
periments performed [122, 123, 124, 125, 126, 127, 128] using images/videos
with pose/illumination variations illustrate the effectiveness of this approach
for the still-to-video scenario with appropriate model choices.

In Chapter 11, we present the most general framework for characterizing the
face identity in a single image or a group of images with each image containing
a transformed version of the object. In terms of the transformation, the group
is made of either still images or frames of a video sequence. The face identity
signature is either discrete- or continuous-valued. This framework referred
as probabilistic identity characterization integrates all the evidence of the set
and handles the localization problem, illumination and pose variations through
subspace identity encoding. Issues and challenges arising in this framework
are addressed and efficient computational schemes are given. All instances of
face recognition algorithms are be interpreted in the most general framework
[131].



Chapter 2

PRELIMINARIES AND REVIEWS

In this chapter, we first present some mathematical preliminaries on various
topics needed for the development of the book, beginning with a glossary of
notations. We then review related literature on (i) face recognition under il-
lumination and/or pose variations and (ii) face recognition from multiple still
images or video sequences (including visual tracking).

2.1 Preliminaries

We begin by introducing some notations commonly used throughout the
book and then present basic introductions to several relevant research topics,
including Lambertian illumination model, subspace analysis, kernel method,
regression, state space time series, and particle filter.

2.1.1 Notation

We denote a scalar by a, a vector by a, and a matrix with p rows and ¢
columns by Ay, and a block matrix by A. The matrix transpose is donate by

AT, the pseudo-inverse by Af. The matrix L,-norm is denoted by ||.| .
The following special notations are introduced for brevity, convenience, and
emphasis of special structure.

» Concatenation notations: = and {.
= and || mean horizontal and vertical concatenations, respectively. For
example, we can represent an n X 1 vector a,x; and its transpose by

a=la1,a2, 0] = [y @i, @l = [a1, a9, ..., an] = (57, ail.
Similarly, we can represent a matrix A, by

A= [al,ag,...,aq] = [égzl a,;]
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where each a; is a p x 1 vector.

We can use = and |} to concatenate matrices to form a block matrix .A. For
instance, given a collection of matrices {A1, A2, ...,4,} of size p X q, we
construct a block matrix of size p X ng as

Apxng = [Zi=1 An).

Given a collection of matrices {A11,412,...,A1n,...,Amn} of size p X ¢,
we construct a block matrix of size pm x ¢n as

Ampxng = [ty [=5=1 Aij] |-
and a block matrix of size p X gmn
Apxgmn = [=721 [??:1 Ayl -

Kronecker (tensor) product: .
It is defined as

Ap><q & Brxn = [*U'le [:>;1‘:1 aijB] ]pqu'rp
Note that the two matrices can be of different sizes.

Hadamard (element-wise) product: o.
It is defined as

Avixn ©Bmxn = HL?;1 {:>;'L:1 aijbij] }an-
Note that the two matrices must be of identical size.

Vectorization operator: vec(.).

It converts a p X ¢ matrix to a pg x 1 vector by arranging all the elements
of the matrix according to a fixed order, say a lexicographic order. In other
words,

vec(B)pgx1 = [Vi—; [ ai] |-

Gram matrix. The dot product matrix (or Gram matrix) of two matrices
Apxg = [=7_; aj] and Bpyq = [=>;I-:1 b;] is given as

T T
By Bpxq = Wiy [=7-; a byl ]

Identity matrix I,, of size m x m.

Diagonal matrix D[dy, dg, . . ., d] of size m x m whose diagonal elements
are {dy,da,...,dn}.

Normal distribution N(X; 1+, &) with mean y and covariance matrix 3.
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2.1.2 Lambertian illumination model

Many illumination models have been proposed in the literature. In the face
recognition community, a Lambertian imaging model with a varying albedo
field is mostly used. In the Lambertian illumination model, an image pixel h is
represented as

h = max(p nTs,O) = max(th,O), 2.1

where p is the albedo at the pixel, n = |4, b, é]T is the unit surface normal vector
at the pixel, t3x1 = pn is the product of albedo and surface normal, and s (a
3 x 1 unit vector multiplied by its intensity) specifies a distant illuminant. If
the pixel is not directly facing the light source, it satisfies tTs <Oorh = 0.
This is called an attached shadow. Another kind of shadow is cast shadow.
Cast shadow is generated at a certain pixel when the light source is blocked by
other pixels. This is related to the geometry of the object. Figure 2.1 gives an
illustration of the Lambertian illumination model.

n=[a, b, ]

o N
-
/«" h S,

"

~~ Diffuse

surface

Figure 2.1.  llustration of Lambertian illumination model.

An image h is a collection of d pixels {h;,i = 1, ...,d}. By stacking all the
pixels into a column vector, we have

hot = [4L, hi] = [4E, max(t] s, 0)] 2.2)
= maX(TdXB 33><170)7

where the T matrix encodes the ‘product’ of the albedo and the surface normal
for all pixels. We call the T matrix as the object-specific albedo-shape matrix.

Another useful parameterization of the Lambertian model uses surface shape
gradients. Suppose that p(. ), 4(z,y)) are the shape gradients, i.e., partial deriva-
tives of the depth map z(; ;.

14+ pPs+qQs

h = pcos(8) Zﬁ\/1+p2+q2\/1+Ps2+Q§

2.3)
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where 6 is the angle between the outward normal to the surface 77 = (p,q, 1)
and the negative illumination vector —L = (P, Qs, 1) which represents the
direction opposite to the distant light source.

2.1.3  Subspace analysis

Subspace analysis is often used in pattern recognition, signal processing
and computer vision problems as an efficient method for both dimensionality
reduction and finding the direction of the projection with certain properties.
For example, in the context of face recognition [29], one attempts to find some
basis vectors in that space serving as directions of projection, and hopefully the
projected data are clustered according to their class labels.

The basic framework of subspace analysis is as follows. Suppose we have
a d-dimensional random vector x where d is very large, we attempt to find m
basis vectors (m < d) forming a projection matrix Ugx.,, such that the new
representation z defined below satisfies certain properties.

T
Zmx1 = UgxmXdx1-

Different properties give rise to different kinds of analysis methods. Two
popular methods are principal component analysis (PCA), linear discriminant
analysis (LDA) and independent component analysis (ICA).

» PCA [12], an unsupervised method, decomposes the available data into
uncorrelated directions, along which there exist the maximum variations.
In other words, it tries to minimize the reconstruction error ||UUT — X|l2,
where X = [=/_, x,] encodes the training data set.

U=arg m[}n ]|UU-r — X|l2.

To this end, a total scatter matrix 3 = XXT is defined and the optimal matrix

U is formed by the eigenvectors corresponding to the m largest eigenvalues
of .

m LDA [7], a supervised method, exploits the class label information and
attempts to maximize the between-class scatter while minimizing the within-
class scatter. In LDA [7], two scatter matrices are defined: between-class
scatter matrix 3 p and within-class scatter matrix Xy [7]. The following
cost function .J(U) is maximized.

- [97 =5[]
= arg max T
U [U'SwUll
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n [CA[43,243], an unsupervised method, finds the projection directions along
which the data are statistically independent. Often, a contrast function that
measures the independence is minimized.

2.1.4 Kernel method

PCA and LDA are linear methods that utilize first- and second-order statis-
tics. Therefore, their effectiveness is diminished when confronted with highly
nonlinear data structures. To enhance their modeling capability, kernel PCA
(KPCA) [272] and kernel LDA (KLDA) [263, 268] have been proposed in
the literature. These kernel methods enhance the modeling capability by non-
linearly mapping the data from the original space to a very high dimensional
feature space, the so-called RKHS. The nonlinear mapping enables implicit
characterization of higher-order statistics. The key idea of kernel methods is
to avoid the explicit knowledge of the mapping function by evaluating the dot
product in the feature space using a kernel function.

In the core of kernel methods lies a kernel function. Let € be a set. A two
variable function k(«, 3) on &€ x & is a reproducing kernel if for any finite point
set {a, g, ..., @y } and for any corresponding real numbers { ¢y, ¢g, ..., ¢, }, the
following condition holds:

n n

Z > cicik(ai, a5) > 0.

i=1j=1

The most widely used kernel functions in the literature [18, 19, 21] are defined
on a vector space, that is £ = R?. For example, two popular kernel functions
based on vector inputs are the radial basis function (RBF) and the polynomial
kernels. Their definitions are as follows [18, 19, 21]. Vx,y € RP,

>

k(x,y) = exp{—07"|x — yII’}, k(x,y) = {x'y +6)"

The kemel function k can be interpreted as a dot product between two vectors
in a very high-dimensional space, i.e., the RKHS Hj. In other words, there
exists a nonlinear mapping function ¢ : RP? — H;, = R/, where f > pand f
could even be infinite, such that

k(x,y) = $(x) T g(y).

This is the so-called ‘kernel trick’, which is also illustrated in Figure 2.2,

Given a set of training data {1, a, ..., o }, the Gram matrix characterizes
complete information for the kernel method. The Gram matrix K = [k(cy;, o))
is an n x n matrix whose i;j%" element equals to k(cv, ;).



22 UNCONSTRAINED FACE RECOGNITION

Figure 2.2, Tlustration of ‘kernel trick’: The nonlinear decision boundary in the original space
£ becomes linear in the RKHS Hj,.

2.1.5 Regression

Regression finds the solution to the following minimizing problem:
g(x) = arg rgneig Epyy {L(y(x), 8(x))}, (24

where G is the set of allowed output functions, &,x y) takes the expectation
under the distribution p(x, y), and the L{o, o) function 1s the loss function that
penalizes the deviation of the regressor output g(x) from the true output y(x).
We assume that x € R% and y(x) € RY.

In practice, it is impossible to compute the expectation since the distribu-
tion p(x,y) is unknown. Given a set of training examples {(x,,y(x,)); n =
1,2,..., N}, the cost function &yx,y)L(y(x),g(x)) is approximated as the
training error J(g) = N™" 32011 L(y(xn), §(xn))-

If the number of samples IV is infinitely large, the above approximation
is exact by the law of the large number. Unfortunately, a practical value of
N is never large enough, especially when dealing with image data and high-
dimensional output parameter. A more severe problem is overfitting: given
a limited number of training examples, the function g(x) can be easily and
arbitrarily constructed to yield a zero training error. Therefore, additional
regularization constraints are used. The combined cost function is given as
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(ignoring the scaling factor N—1)

N
J(g) = > L(y(xn),8(xs)) + AR(g),
n=1

where A > 0 is the regularization coefficient that controls the degree of reg-
ularization and R(g) is the regularization term. Regularization often imposes
certain smoothness on the output function or reflects the belief of some prior
knowledge of the output.

Popular regression algorithms are data-driven in the sense that the output
function are directly related to the training data inputs. Examples of data-driven
regressors include nonparameteric kernel regression (NPR), linear methods and
their nonlinear kemel variants such as kernel ridge regression (KRR), support
vector regression (SVR), etc.

Nonparametric kernel regression (NPR)

Nonparametric kernel regression (NPR) [9] is a smoothed version of k-
nearest-neighbor (KNN) regression. The ANN regressor approximates the con-
ditional mean, an optimal estimate in the L? sense. NPR takes the following
form:

2712/:1 ho (x5 %5 )y (%)
ZnN=1 o (%; %)
where h,(o; x,,) is a kernel function. The most widely used kernel function is

the RBF kernel

g(x) =

k]

Il — Xn”2
202 )
The RBF kernel has anoncompact support. Other kernel functions with compact
supports such as the Epanechnikov kernel can be used too.
In general, when confronted with the scenario of image based regression,
NPR, albeit smooth, tends to overfit the data and to yield a low bias and a high
variance.

ho(x;xn) = exp(—

Kernel ridge regression (KRR)

Kermel ridge regression (KRR) [9] assumes that the multiple-output regres-
sion function takes a linear form:

N
g(x) = ) ank(x;xn),
n=1

where k(x; x,,) is a reproducing kernel function and «, is a ¢ x 1 vector that
weights the kernel function. The solution to the multiple-output KRR is

g(x) = Y(K+ AT)'k(x),
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where Y,xn = [= y(x;)] is the training output matrix, Ky xn = [k(x;; %;)]
is the Gram matrix for the training data, and

K(X)Nx1 = [%Y:L k(x5 %))

In general, when a linear kernel is used, KRR tends to underfit the data and
yields a high bias and a low variance. Using the nonlinear kernel function
often gives enhanced performance. One computational difficulty of KRR lies
in inverting the N x N matrix K + AI.

Support vector regression (SVR)

Support vector regression (SVR) [21] is a robust regression method. Its
current formulation works for single output data, i.e. ¢ = 1. SVR minimizes
the following cost function

1 ) N
3 ”w'lz +C Z y(xn) — 9(xn)es

n=1

where | o is an e-insensitive function, g(x) = 3N, wnk(x; x,) with k(x; x,,)
being a reproducing kernel function and wy, its weight, andw = [{2_; w,]. Be-
cause some of the coefficients wy,, which can be found through a quadratic pro-
gramming procedure, are zero-valued, the samples x,, associated with nonzero
weights are called support vectors.

SVR strikes a good balance between bias and variance tradeoff and hence
is very robust. Unfortunately, directly applying SVR to the multiple-output
regression problem is difficult.

2.1.6  State space time series model and particle filter

State space time series models [17] are widely employed to represent video
data. Two important components of state space modeling are state transition
and observation models whose most general forms can be defined as follows:

State transition model: 0, = £,(0;_1,u), (2.5)

Observation model: y, = g,(6,vy), (2.6)

where u; is the system noise, £¢(.,.) characterizes the kinematics, v; is the
observation noise, and g, (., .) models the observer.

The key quantity that characterizes the time series is the posterior distribution
p(01:sy1..). Depending on the relation between s and ¢, we solve three different
problems: filtering if s = t, prediction if s > t, and smoothing if s < t. In face
tracking and recognition problems, we mostly consider the filtering problem
and how to solve it.
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General particle filter algorithm

Given the state transition model in (2.5) characterized by the state transition
probability p(6;|6;—1) and the observation model in (2.6) characterized by the
likelihood function p{y,|6:), the problem, is reduced to computing the posterior
probability p(6¢|y,..). The nonlinearity and non-Normality in (2.5) and (2.6)
make the standard Kalman filter [1] ineffective. The particle filter is a means of
approximating the posterior distribution p(6;|y,.,) by a set of weighted particles
S = {Gt(]), wt(J)}‘il:l with Z}']=1 wt(]) = 1. It can be shown [248] that S; is
properly weighted with respect to p(8;]y,.,) in the sense that, for every bounded
function h(.),

J . .
| zlil{,‘o Z wn(6{) = E,[n(6,)]. @.7)

Given §¢—1 = {Qt s wm _; which is properly weighted with respect to
P(Br-1]y1.4_1), we first resample St—1 to reach a new set of samples with equal

weights {0;9{, 1}3]:1. We then draw samples {ugj)}}]:l for u; and propagate

9;(_% to 9;0 ) by (2.5). The new weight is updated as

Wy X p(ytlet) (2.8)

The complete algorithm is summarized in Figure 2.3. This algorithm was
first introduced to the vision community by Isard and Blake [183] (called the
CONDENSATION algorithm) to deal with a contour tracking problem.

Initialize a sample set Sg = {0(()] ), 1)} JJ=1 according to prior distribution p(0g).
Fort=1,2,...
Forj=1,2,...,J
Resample S, 1= {9(7)1 , w(J)l} to obtain a new sample (0, 1> 1)
Predict the sample by drawing u J)/or u;, and computing 9(’) = (0, (]2, uE]‘))
Compute the transformed image z(J) T{y:; 0}
Update the weight using w<]) = p(y,,!@ij)) = p(zgj) \9%”)
End
. . s j J
Normalize the weight using ng) = wgﬂ/ Ej:l w!?
End

Figure 2.3.  The general particle filter algorithm.

Often in time series, we are interested in deriving the best estimate 6, given
the observations up to now. For example, the state estimate 0; can either be the
minimum mean square error (MMSE) estimate,

ét — Oznmse _ [etlyl N —1 2 w; ])0(7) (2'9)
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where E the expectation operator, the maximum a posteriori (MAP) estimate,

0y = 0" = arg max p(Bt]yy4) ~ arg miax ng), (2.10)
or other forms based on p(6|y,.,).

Variations of particle filter

Sequential Importance Sampling (SIS) [237, 248] draws particles from a
proposal distribution q(6;|6,—1,y,.,) and then for each particle a proper weight
is assigned as follows:

wy o< p(y406)p(0e)0t—1)/q(Oe|0r—1,¥1.0)- (2.11)

Selection of the proposal distribution ¢{(6¢|6¢—1,y,.,) is usually dependent on
the application. We here focus on the extentions used in the vision literature.
In the ICONDENSATION algorithm [184] which fuses low-level and high-level
visual cues in the conventional CONDENSATION algorithm [183], the proposal
distribution, a fixed Gaussian distribution for low-level color cue, is used to
predict the particle configurations, then the posterior distribution of the high-
level shape cue is approximated using SIS. It is interesting to note that two
different cues can be combined together into one state vector to yield a robust
tracker, using the co-inference algorithm [198] and the approach proposed in
[196]. In the chapter on visual tracking, we also use a prediction scheme but
our prediction is based on the same visual cue i.e. the appearance in the image,
and it is directly used in the state transition model rather than used as a proposal
distribution.

2.2 Reviews

In this section, we review two important topics in unconstrained face recog-
nition: (i) face recognition under illumination, pose, and/or aging variations and
(ii) face recognition from multiple still images or video sequences (including
visual tracking).

2.2.1 Face recognition under illumination, pose and/or
aging variations
We first characterize the three factors of illumination, pose, and identity in
the context of face recognition under illumination and pose variations. We
then address approaches on face recognition under illumination and/or pose
variances. We also give a brief review of facial aging.

Identity, illumination, and pose

Three factors are involved in face recognition under pose and illumination
variations, namely illumination, pose, and identity. Using the human face
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images as examples, we now address issues involved in each of the three factors
by fixing the other two.

a [llumination. Various illumination models are available in the literature,
ranging from models for highly specular objects such as mirrors to models
for matte objects. Mostly objects belong to the latter category and are de-
scribed by Lambertian reflectance models for their simplicity. Early shape
from shading approaches [10] assumed a constant albedo field. However,
this assumption is violated at locations such as eyes and mouth edges. Forthe
human face, the Lambertian reflectance model with a varying albedo field
provides a reasonable approximation [75, 84, 144, 168, 95]. The Phong
illumination model also has application [72]. Later, we adopt the Lamber-
tian reflectance model with a varying albedo field to model the effect of
illumination,

m Pose. The issue of pose essentially amounts to a correspondence problem.
If dense correspondences across poses are available and if a Lambertian
reflectance model is further assumed, a rank-1 constraint is implied because
theoretically, a 3D model can be recovered and used to render novel poses.
However, recovering a 3D model from 2D images is a difficult task. There
are two types of approaches for recovering 3D models from 2D images:
model-based and image-based. Model-based approaches [72, 215, 224,
226] require explicit knowledge of prior 3D models, while image-based
approaches [190, 194,218,219, 221] do not use prior 3D models. In general,
model-based approaches [72, 215, 224, 226] register the 2D face image to
3D models that are given beforehand. In [215, 226], a generative face
model is deformed through bundle adjustment to fit 2D images. In [224], a
generative face model is used to regularize the 3D model recovered using the
Structure from motion (SfM) algorithm. In [72], 3D morphable models are
constructed based on many prior 3D models. There are mainly three types
of image-based approaches: SfM [190, 194], visual hull {218, 221], and
light field rendering [219, 216] methods. The SfM approach [190] works
with sparse correspondence and does not reliably recover the 3D model
amenable for practical use. The visual hull methods [218, 221] assume
that the shape of the object is convex, which is not always satisfied by the
human face, and also require accurate calibration information. The light
field rendering methods [219, 216] relax the requirement of calibration by a
fine quantization of the pose space and recover a novel view by sampling the
captured data that form the so-called light field. Later in 5, we propose an
image-based method with no prior 3D models used. It handles a given set
of views through an analysis analogous to the light field concept. However,
no novel poses are rendered.
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n [dentity. One straightforward method to describe the identity is through dis-
crete class labels. However, using this discrete description it is impossible
to establish a link between objects used in the training and testing stages
in terms of the identity. An alternative way is to associate the labels with
continuous-vatued features, which are regarded as an identity signatures.
One good example is to use subspace encoding [50, 64], where linear gener-
alization is assumed to incorporate the fact that all human faces are similar.
Once the subspace basis are learned from the training set, they are used to
characterize the gallery/probe set, thus enabling the required generalization
capability.

Face recognition under illumination variation

Face recognition under illumination variation is a very challenging problem.
The key is to successfully separate the illumination source from the observed ap-
pearance. Once separated, what remains is illuminant-invariant and appropriate
for recognition. In addition to illumination variation, various issues embedded
in the recognition setting make recognition even more difficult. We follow the
FERET recognition protocol introduced in [60]. Assuming the availability of
the following three sets, namely one training set, one gallery set, and one probe
set, the recognition algorithm learns from the training set the characteristic
features, associates descriptive features with the objects in the gallery set, and
determines the identity for the objects in the probe set. Different recognition
settings can be formed in terms of identity and illumination overlaps among the
training, gallery, and probe sets. The most difficult setting, which is the focus
of Chapter 4, is obviously the one in which there is no overlap at all among the
three sets in terms of both identity and illumination, except the identity overlap
between the gallery and probe sets. In this setting, generalizations from known
illumination to unknown illumination and from known identities to unknown
identities are particularly desired.

Existing approaches can be grouped into three streams: subspace methods,
reflectance-model methods, and 3D-model-based methods. (i) The first ap-
proach is very popular for the recognition problem. After removing the first
three eigenvectors, PCA was reported to be more robust to illumination varia-
tion than the ordinary PCA or the ‘Eigenface’ approach [64]. The *Fisherface’
approach [44, 77] used LLDA to handle illumination variations. In general,
subspace learning methods are able to capture the generic face space and thus
recognize new objects not present in the training set. The disadvantage is that
subspace learning is actually tuned to the lighting conditions of the training
set; therefore if the illumination conditions are not similar among the training,
gallery, and probe sets, recognition performance may not be acceptable. (ii) The
second approach [144, 75, 161, 84, 90, 93] employs a Lambertian reflectance
model with a varying albedo field, mostly ignoring both attached and cast shad-
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ows. The main disadvantage of this approach is the lack of generalization from
known objects to unknown objects, with the exception of [84, 90]. In [84],
Shashua and Raviv used an ideal-class assumption. All objects belonging to
the ideal class are assumed to have the same shape. The work of Zhang and
Samaras [90] utilized the regularity of the harmonic image exemplars to per-
form face recognition under varying light. (iii) The third approach employs 3D
models. The ‘Eigenhead’ approach [71] assumes that the 3D geometry (or 3D
depth information) of any face lies in a linear space spanned by the 3D geom-
etry of the training ensemble and uses a constant albedo field. The morphable
model approach [72] is based on a synthesis-and-analysis strategy. It is able
to handle both illumination and pose variations with illumination directions
specified. The weakness of the 3D mode! approaches is that they require 3D
models and complicated fitting algorithms.

Face recognition under pose variation

As mentioned earlier, pose variation essentially amounts to a correspondence
problem. Unfortunately, finding correspondences is a very difficult task and,
therefore there exists no subspace based on an appearance representation when
confronted with pose variation. Approaches to face recognition under pose vari-
ation [75, 76, 81] avoid the correspondence problem by sampling the continuous
pose space into a set of poses, v.i.z. storing multiple images at different poses
for each person at least in the training set. In [81], view-based ‘Eigenfaces’
are learned from the training set and used for recognition. In [75], a denser
sampling is used to cover the pose space. However, as [75] uses object-specific
images, appearances belonging to a novel object (i.e. not in the training set)
cannot be handled. In [76], the concept of light field [219] is used to character-
ize the continuous pose space. ‘Eigen’ light fields are learnt from the training
set. However, the implementation of [76] still discretizes the pose space and
recognition can be based on probe images at poses in the discretized set. One
should note that the light field is not related to variation in illumination.

Face recognition under illumination and pose variations

Approaches to handling both illumination and pose variations include [72,
77, 88, 89, 94]. The approach [72] uses 3D morphable models to characterize
the human faces. Both geometry and texture are linearly spanned by those of the
training ensemble consisting of 3D prior models. Itis able to handle both illumi-
nation and pose variations. Its only weakness is a complicated fitting algorithm.
Recently, a fitting algorithm more efficient than suggested in [72] is proposed
in [83]. In [77], the Fisher light field is proposed to handle both illumination
and pose variations, where the light field is used to cover the pose variation
and the LDA to cover the illumination variation. Since discriminant analysis
is just a statistical analysis tool which minimizes the within-class scatter while
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maximizing the between-class scatter and has no relationship with any physical
illumination model, it is doubtable if discriminant analysis is able to generalize
to new lighting conditions. Instead, this generalization may be inferior because
discriminant analysis tends to overly tune to the lighting conditions in the train-
ing set. The ‘Tensorface’ approach [88, 89] uses a multilinear analysis to handle
various factors such as identity, illumination, pose, and expression. The factors
of identity and illumination are suitable for linear analysis, as evidenced by the
‘Eigenface’ approach (assuming a fixed illumination and a fixed pose) and the
subspace induced by the Lambertian model, respectively. However, the factor
of expression is arguably amenable for linear analysis and the factor of pose is
not amenable for linear analysis. In [94], preliminary results are reported by
first warping the albedo and surface normal fields at the desired pose and then
performing recognition as usual.

Facial aging

While studying the role played by these external factors in affecting face
recognition is crucial, it is important to study the role played by natural phe-
nomenon such as facial aging. Aging effects on human faces manifest in differ-
ent forms in different ages. While aging effects are manifested more in terms
of changes in the cranium’s shape during one’s younger years, they are man-
ifested more in terms of wrinkles and other skin artifacts during one’s older
years. Here, we provide a brief overview of the literature on facial aging.

Pittenger and Shaw [140] characterized the growth of human faces as a
viscal-elastic event and proposed shear & strain transformations to model the
changes in the shape of face profiles due to growth. They studied the effects
of shear and strain transformations on the perceived age. O’Toole et al. [139]
applied a standard facial caricaturing algorithm to three dimensional models
of faces and reported an increase in the perceived age of faces when facial
creases were exaggerated into wrinkles and a decrease when such creases were
de-emphasized.

Lanitis et al. [136] proposed a method for simulating aging effects on face
images. On a database of age progressive images of individuals each under 30
years of age, they used a combined shape-intensity model to represent faces.
They modeled age as a quadratic function of the PCA coefficients extracted
from the model parameters. They reported results on experiments such as
estimating the age of an individual from his/her face image; simulating aging
effects on face images etc. In [137], Lanitis ef a/. used a similar framework as
defined in [136] on a similar data set and evaluated the performance of three
age classifiers: the first was a quadratic function of the model parameters; the
second was based on the distribution of model parameters; and the third was
based on supervised and unsupervised neural networks trained on the model
parameters.
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Tiddeman et al. [141] developed a model for aging face images by trans-
forming facial textures. Face images were represented in terms of 2D shape
vectors and pixel intensities. They developed prototype faces by averaging the
2D shape vectors and pixel intensities across a set of face images under each
age group. To age a face image, they superimposed the difference in 2D shape
vectors and pixel intensities of the prototype faces on to the face image. Further,
they simulated wrinkles in face images by employing locally weighted wavelet
functions at different scales and orientations and thereby enhanced the edge
amplitudes. Their experimental evaluation reported significant increase in the
perceived age of subjects. Wu et.al. [142] came up with a dynamic model
to simulate wrinkles in 3D facial animation and skin aging. They represented
skin deformations as plastic-visco-elastic processes and generated permanent
wrinkles through a simulation of inelastic skin deformations. Givens et.al.
[135] analyzed the role of various co-variates such as age, gender, expression,
facial hair etc in affecting recognition and noted that older faces were easily
recognized by three face recognition algorithms.

2.2.2  Face recognition from multiple stills or videos

In this section, we review related literature on face recognition from multiple
still images, or from video sequences. Since visual tracking is an integrated
part in video-based recognition, we also briefly review the literature on tracking
in the end.

Three properties

It is obvious that multiple still images or a video sequence can be regarded
as a single still image in a degenerate manner [103, 107, 117, 119, 120]. More
specifically, suppose that we have a single-still-image-based FR algorithm A (or
the base algorithm) by some means, we can construct a recognition algorithm
based on multiple still images or a video sequence by combining multiple base
algorithms denoted by A;’s. Each A, takes a different single image as input,
coming from the multiple still images or video sequences. The combination
rule can be ad hoc chosen to be additive, multiplicative, and so on.

However, the fused algorithms completely neglect additional properties pos-
sessed by multiple still images or video sequences, which are not present in a
still image. In particular, three properties manifest themselves, which motivated
various approaches recently proposed in the literature.

1 [P1: Set of observations]. This property is directly utilized by the fused
algorithms. One main disadvantage may be the ad hoc nation of the com-
bination rule. However, theoretical analysis based on a set of observations
can be principally derived. For example, a set of observations can be sum-
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marized using quantities like matrix, probability density function, manifold,
etc. Hence, corresponding knowledge can be utilized to match two sets.

2 |P2: Temporal continuity/Dynamics]. Successive frames in the video se-
quences are continuous in the temporal dimension. Such continuity, coming
from facial expression, geometric continuity related to head and/or camera
movement, or photometric continuity related to changes in illumination,
provides an additional constraint for modeling face appearance. In par-
ticular, temporal continuity can be further characterized using kinematics.
For example, facial expression and head movement when an individual par-
ticipates certain activity result in structured changes in face appearance.
Modeling of such a structured change (or dynamics) further regularizes FR.

3 |P3: 3D model}. This means that we are able to reconstruct a 3D model
from a group of still images and a video sequence. Recognition can then be
based on the 3D model. Using the 3D model provides possible invariance
to pose and illumination.

Clearly, the first and third properties are shared by multiple still images and
video sequences. The second property is solely possessed by video sequences.
Below, we review various face recognition approaches utilizing these prop-
erties in one or more ways. Generally speaking, the newly designed algorithms
are better in terms of recognition performance, computational efficiency, etc.

P1: Approaches utilizing set of observations

Four rules of summarizing a set of observations have been presented. In gen-
eral, different data representations are utilized to describe multiple observations
and corresponding distance functions based on the presentations are invoked
for recognition.

One image or several images

Algorithms designed by representing a set of observations into one image
or several images and then applying the combination rules are essentially still-
image-based and hence are not reviewed here.

Matrix

Yamaguchi e/ al. [121] proposed the so-called Mutual Subspace Method
(MSM) method. In this method, the matrix representation is used and the
similarity function between two matrices is defined as the angle between two
subspaces of the matrices (also referred to as principal angle or canonical corre-
lation coefficient). Suppose that the columns of X and Y represent two subspaces
Uy and Uy, the principle angle & between the two subspaces is defined as

T
cos(f) = max max

u'v
— 2.12
U.EUX VEUY vV uTu\/ VTV ( )
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It can be shown that the principle angle 6 is equal to the largest singular value of
the matrix U};UY where Uy and Uy are orthogonal matrices encoding the column
bases of the X and Y matrices, respectively.

In general, the leading singular values of the matrices U%UY defines a series
of principal angles {6y }’s.

T
u'v
cos(f;) = max max ——r—— 2.13
(0k) P ATavaTy (2.13)
subject to:
wlo; =0,v v, =0,i=1,2,...,k— 1. (2.14)

Yamaguchi el al. [121] recorded a database of 101 individuals posing vari-
ation in facial expression and pose. They discovered that the MSM method
is more robust to noisy input image or face normalization error than the still-
image-based method that is referred to as conventional subspace method (CSM)
in [121]. The similarity function of the MSM method is more stable and con-
sistent than that of the CSM method.

Wolf and Shashua [275] extended the computation of the principal angles
into the RKHS. Kernel principal angles between two matrices X and Y are then
based on their ‘kemelized’ versions ¢(X) and ¢(Y). A ‘kemelized’ matrix ¢(X)
of X = [x1,%2,...,Xy] is defined as ¢(X) = [d(x1), d(x2),- .., P(xp)]. The
key is to evaluate the matrix U'(I;(X)U(ﬁ(y) defined in RKHS. In [275], Wolf and
Shashua showed the computation using the ‘kernel trick’.

Another contribution of Wolf and Shashua [275] is that they further proposed
a positive kernel function taking matrix as input. Given such a kernel function,
it can be readily plugged into a classification scheme such as a support vector
machine (SVM) [18]. Face recognition using multiple still images, coming
from a tracked sequence, were studied and the proposed kernel principal angels
slightly outperforms other non-kernel versions.

Zhou [278] systematically investigated the kernel functions taking matrix as
input (also referred to as matrix kernels). More specifically, the following two
functions are kernel functions.

Eo(X,Y) = tr(XTY), ku(X,Y) = det(x1Y), (2.15)

where ¢r and det are matrix trace and determinant. They are called as matrix
trace and determinant kernels. Using them as building blocks, Zhou [278]
constructed more kernels based on the column basis matrix, the ‘kernelized’
matrix, and the column basis matrix of the ‘kernelized’ matrix.

kyo(X,Y) = tr(UXUy), ky, (X, Y) = det(UUy), (2.16)

koo (X, Y) = tr(d(X)To(Y)), kgu(X,Y) = det(p(X)To(Y)), (@17
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kU¢.(X, Y) = tr(U;]z;(X)Ud)(Y))’ kU¢*(X, Y) = det(Ug(X)U(b(Y))' (2.18)

Probability density function (PDF)

Shakhnarovich etal. [118]used multivariate normal density for summarizing
face appearances and the Kullback-Leibler (KL) divergence or relative entropy
for recognition. The KL divergence between two Gaussian densities p, =
N(p1,X1) and py = N(u2, X2) can be explicitly computed as

KLpllps) = / (s og 215 (.19)
R

= —l (ﬁ) + (1~ p2) 87 (1 — o)

1 d
+§tT(21251) — 5,
where d is the dimensionality of the data. One disadvantage of the KL diver-
gence s that it is asymmetric. To make it symmetric, they used K L(p, ||p,) +
K L(p,||p;). Shakhnoarovich et al. [118] achieved better performance than the
MSM approach by Yamaguchi e/ al. [121] on a dataset including 29 subjects.
Other than the KL divergence, probabilistic distance measures such as Cher-
noff distance and Bhattacharyya distance can also be used. The Chernoff dis-
tance is defined and computed in the case of normal density as:

Jolprps) = = logl [ pi?(0ps (x)dx) (2.20)

= —oqaz(m p2) a1 o1 4 apSa) ™ (e — )

2
loaZs + |

3

where oy > 0, ag > 0and oy + a2 = 1. When oy = g = 1/2, the Chernoff
distance reduces to the Bhattacharyya distance.
In [265], Jebara and Kondon proposed probability product kernel function

k(py,pa) = / P (x)ph(x)dx, T > 0. @21)

When r = 1/2, the kernel function & reduces to the so-called Bhattacharyya
kernel since it is related to the Bhattacharyya distance. When r = 1, the kernel
function & reduces to the so-called expected likelihood kernel. In practice, we
can simply use the kernel function k as a similarity function.

However, the Gaussian assumption can be ineffective when modeling the
nonlinear face appearance manifold. In [277] (also Chapter 7), Zhou and Chel-
lappa modeled the nonlinearity through a different approach: kernel methods.
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Since a nonlinear function is used, albeit in an implicit fashion, Zhou and Chel-
lappa [277] investigated their uses in a different space. To be specific, analytic
expressions for probabilistic distances that account for nonlinearity or high-
order statistical characteristics of the data are derived. On a dataset involving
subjects presenting appearances with pose and illumination variations, the prob-
abilistic distance measures performed better than their non-kernel counterparts.

Recently, Arandjelovi¢ and Cipolla[98]used resistor-average distance (RAD)
for video-based recognition.

RAD(py,pa) = (KL(py|lp2) ™" + K L(pallp) ™) ™" (2.22)

Further, computation of the RAD was conducted on the RKHS to absorb non-
linearity of face manifold. Some robust techniques such as synthesizing images
to account for small localization errors and RANSAC algorithms to reject out-
liers were introduced to achieve improved performance. They [99] further
extended their work to use the symmetric KL divergence distance between two
mixture-of-Gaussian densities.

Manifold

Fitzgibbon and Zisserman [104] proposed to compute a joint manifold dis-
tance to cluster appearances. A manifold is captured by subspace analysis
which is fully specified by a mean and a set of basis vectors. For example, a
manifold P can be represented as

P = {m, + Byuju € U} (2.23)

where m;, is the mean and B, encodes the basis vectors. In addition, the authors
invoked affine transformation to overcome geometric deformation. The joint
manifold distance between P and Q is defined as

d(P,Q) = min [|[T(mp, +Bpu,a)—T(my + qu,b)H2 +

1V &y

E(a) 4+ E(b) + E(u) + E(v), (2.24)

where T'(x, a) transforms image x using the affine parameter a and E(a) is the
prior cost incurred by invoking the parameter a.

In experiments, Fitzgibbon and Zisserman [104] performed automatic clus-
tering of faces in feature-length movies. To reduce the lighting effect, the face
images are high-pass filtered before subject to a clustering step. The authors re-
ported that sequence-to-sequence matching presents a dramatic computational
speedup when compared with pairwise image-to-image matching.

Identity surface is a manifold, proposed by Liet al. in[114], that depicts face
appearances presented in multiple poses. The pose is parameterized by yaw o
and tilt 8. Face image at (o, #) is first fitted to a 3D point distribution model
and an active appearance model. After pose estimation, the face appearance is
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warped to a canonical view to provide a pose-free representation from which a
nonlinear discriminatory feature vector is extracted. Suppose that the feature
vector is denoted by £, the function £(«, 6) defines the identity surface that is
pose-parameterized. In practice, since only a discrete set of views are available,
the identity surface is approximated by piece-wise planes. The manifold dis-
tance between two manifolds P = {f,(«,0)} and Q = {f,(«,0)} is defined
as

d(Q,P) = /a /H w(en, 0)d(£4(cr, 0), £p(cr, 0))dadf.  (2.25)

where w(c, #) is a weight function.

A video sequence corresponds to a trajectory traced out in the identity sur-
face. Suppose that video frames sample the pose space at {¢;, 6, }, the following
distance »; w;d(£q(c, 0;), £ (s, 0;)) is used for video-based FR. In the ex-
periments, 12 subjects were involved and a 100% recognition accuracy was
achieved.

P2: Approaches utilizing temporal continuity/dynamics

Simultaneous tracking and recognition is an approach proposed by Zhou et
al. [129] that systematically studied how to incorporate temporal continuity in
video-based recognition. Zhou ez al. modeled two tasks involved, namely track-
ing and recognition, in a probabilistic framework. A time series model is used,
with the state vector (n;, 8;) where n; is the identity variable and 6; is the track-
ing parameter, and the observation y, (i.e. the video frame). The time series
model is fully specified by the state transition probability p(n, 0;/ni—1, 6:—1)
and the observational likelihood p(y, |6¢, n¢). This is covered in detail in Chap-
ter 10.

In the work of Zhou ef al. [129], in addition to the case that the gallery
consists of one still image per individual, they also extended the approach to
handle video sequence in the gallery set. Representative exemplars are learned
from the gallery video sequences to depict individuals. Then simultaneous
tracking and recognition was invoked to handle video sequences in the probe
set. Li and Chellappa [112] also proposed an approach somewhat similar to
[129]. In [112], only tracking was implemented using SIS and recognition
scores were subsequently derived based on tracking results.

Lee et al. [109] performed video-based face recognition using probabilistic
appearance manifolds. The main motivation is to model appearances under
pose variation, i.e., a generic appearance manifold consists of several pose
manifolds. Since each pose manifold is represented using a linear subspace,
the overall appearance manifold is approximated by piecewise linear subspaces.
The learning procedure is based on face exemplars extracted from a video
sequence. K-means clustering is first applied and then for each cluster principal
component analysis is used for subspace characterization.
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In addition, the transition probabilities between pose manifolds are also
learned. The temporal continuity is directly captured by the transition probabil-
ities. In general, the transition probabilities between neighboring poses (such
as frontal pose to left pose) are higher than those between far-apart poses (such
as left pose to right pose). Recognition also reduces to computing posterior
distribution.

In experiments, Lee ef al. compared three methods that use temporal in-
formation differently: the proposed method with learned transition matrix, the
proposed method with uniform transition matrix (meaning that temporal conti-
nuity is lost), and majority voting. The proposed method with learned transition
matrix achieved a significantly better performance than the other two methods.
Recently, Lee and Kriegman [110] extended {109] by learning the appearance
manifold from a testing video sequence in an online fashion.

Liu and Chen [115] used adaptive hidden Markov model (HMM) to depict
the dynamics. HMM is a statistical tool to mode! time series. Usually, the
HMM is denoted by A = (A, B, 7), where A is the state transition probability
matrix, B is the observation PDF, and = is the initial state distribution. Given a
probe video sequence Y, its identity is determined as

A = arg ax = p(Y| ), (2.26)

yhyenny

where p(Y|\y) is the likelihood of observing the video sequence Y given the
model A,. In addition, when certain contains hold, HMM \,, was adapted to
accommodate the appearance changes in the probe video sequence that results
in improved modeling over time. Experimental results on various datasets
demonstrated the advantages of using the adaptive HMM.

Aggarwal et al. [100] proposed a system identification approach for video-
based FR. The face sequence is treated as a first-order auto-regressive and
moving averaging (ARMA) random process.

9t+1 = A@t + Vi, Yt = Cﬁt + Wi, (227)

where v ~ N(0,Q) and w; ~ A'(0,R). System identification is equivalent to
estimating the parameters A, C, Q, and R from the observations {y,,y9,...,y7}.
Once system is identified or each video sequence is associated with its parame-
ters, video-to-video recognition uses various distance metrics constructed based
on the parameters. Promising experimental results (over 90%) were reported
when significant pose and expression variations are present in the video se-
quences.

Facial expression analysis is also related to temporal continuity/dynamics,
but not directly related to FR. Examples of expression analysis include [45, 62].
A review of face expression analysis is beyond the scope of this chapter.
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P3: Approaches utilizing 3D model

There is a large body of literature on SfM. However, the current SfM algo-
rithms do not reliably reconstruct the 3D face model. There are three difficulties
in the SfM algorithm. The first lies in the ill-posed nature of the perspective
camera model that results in instability of the SfM solution. The second is that
the face model is not a truly rigid model especially when facial expressions and
other deformations are present. The final difficulty is related to the input to
the SfM algorithm. This is usually a sparse set of feature points provided by a
tracking algorithm that itself has many flaws. Interpolation from a sparse set
of feature points to a dense set is very inaccurate.

To relieve the first difficulty, orthographic and paraperspective models are
used to approximate the perspective camera model. Under such approximate
models, the ill-posed problem becomes well-posed. In Tomasi and Kanade
[194], the orthographic model was used and a matrix factorization principle
was discovered. The factorization principle was extended to the paraperspective
camera model in Poelman and Kanade [223]. Factorization under uncettainty
was considered in [175, 182].

The second difficulty is often resolved by imposing a subspace constraint on
the face model. Bregler ef al. [176] proposed to regularize the nonrigid face
model by using the linear constrain. It was shown that factorization can be still
be obtained. Brand [175] considered such factorization under uncertainty. Xiao
et al. [228] discovered a closed form solution to nonrigid shape and motion
recovery.

Interpolation from a sparse set to a dense depth map is always a difficult
task. To overcome this, a dense face model is used instead of interpolation.
However, the dense face model is only a generic model and hence may not be
appropriate for a specific individual. Bundle adjustment [215, 226] is a method
that adjust the generic model directly to accommodate the video observation.
Roy-Chowdhury and Chellappa [224] took a different approach for combining
the 3D face model recovered from the SfM algorithm with the generic face
model. Jebara and Pentland [108] regularized the SfM using a parameterized
face model built from a training set.

The SfM algorithm mainly recovers the geometric component of the face
model, i.e., the depth value of every pixel. Its photometric component is naively
set to the appearance in one reference video frame. Image-based rendering
method, on the other hand, directly recovers the photometric component of
the 3D model. Light field rendering [216, 219] in fact bypasses the stage of
recovering the photometric of the 3D model but rather recovers the novel views
directly. The light field rendering methods [216, 219] relax the requirement of
calibration by a fine quantization of the pose space and recover a novel view by
sampling the captured data that form the so-called light field. The ‘eigen’ light
field approach developed by Gross et al. [76] assumes a subspace assumption
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of the light field. In Zhou and Chellappa [97] (described in detail in Chapter 5),
the light field subspace and the illumination subspace are combined to arrive at
a bilinear analysis. Another line of research relates to 3D model recovery using
the visual hull methods [218, 221]. But, the visual hull method assumes that
the shape of the object is convex, which is not always satisfied by the human
face, and also requires accurate calibration information. Direct use of visual
hull for FR is not found in the literature.

To characterize both the geometric and photometric components of the 3D
face model, Blanz and Vetter [72] fitted a 3D morphable model to a single
still image. The 3D morphable model uses a linear combination of dense 3D
models and texture maps. In principle, the 3D morphable model can be fitted to
multiple images. The 3D morphable model can be thought of as an extension
of 2D active appearance model [212] to 3D, but the 3D morphable model uses
dense 3D models. Xiao et al. [229] proposed to combine a linear combination
of 3D sparse model and a 2D appearance model.

Although there is significant interest in recovering the 3D model, directly
performing FR using the 3D model is a recent trend [101, 116, 102]. Blanz and
Vetter [72] implicitly did so by using the combining coefficients for recognition.
Beumier and Acheroy [101] conducted matching based on 2D sections of the
facial surface. Mavridis ef al. [116] used 3D+color camera to perform face
recognition. Bronstein et al. [102] used a 3D face model for compensating the
effect of facial expression in face recognition. However, the above approaches
use the 3D range data as input. Because in this chapter we are mainly interested
in face recognition from multiple still images or video sequence, a thorough
review of face recognition based on 3D range data is beyond its scope.

Future approaches from multiple stills or videos

Thus far, we reviewed the approaches that utilize the three properties. Al-
though they usually achieved good recognition performance, they have their
own assumptions or limitations. For example, the Gaussian distribution used
in Shakhnoarovich et al. [118] is easily violated by pose and illumination vari-
ations. The HMM used in Liu and Chen [115] poses a strong constraint on the
change of face appearance that is not satisfied by video sequences that contain
an arbitrarily moving face.

In this section, we forecast possible new approaches. These new approaches
either arise from new representation for more than one still image or extend the
capability of the existing approaches.

New representation

In the matrix representation, multiple observations are encoded using a ma-
trix. In other words, each observation is an image that is ‘vectorized’. The
‘vectorization’ operator ignores the spatial relationship of the pixels.
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To fully characterize the spatial relationship, a tensor can be used in lieu of
matrix. Here, a tensor is understood as a 3-D array. Tensor representation is
used in Vasilescu and Terzopoulos [88] to learn a generic model of the face
appearance for all humans, at different views, and under different illuminating
conditions, etc. However, comparing two tensors has not been investigated in
the literature.

In principle, the PDF representation is very general. But in the experiment,
a certain parametric form is assumed as in Shakhnoarovich ez al. [118]. Other
PDF forms can be employed. The key is to find an appropriate density that
can model the face appearance. The same problem appears in the manifold
description. With advances in manifold modeling, FR based on manifold can
be improved too.

Using the training set

The training set is usually used to provide a generic model of face appearances
of all humans, while the images in the gallery set is related to an individualized
model of face appearance belonging to the same person. If there are enough
observations, one can build an accurate model of the face for each individual in
the gallery set and hence the knowledge of the training set is not necessary. Ifthe
number of images is not sufficiently large, one should combine the knowledge of
a generic model with the individualized model to describe the identity signature.

3D model comparison

As mentioned earlier, comparison between two 3D models has not been fully
investigated yet. In particular, direct comparison of the geometric component
of the 3D model is rather difficult because it is nontrivial to recover the 3D
model in the first place and the correspondence between two 3D models cannot
be easily established.

Current approaches [229] warp the model to the frontal view and use the
frontal 2D face appearance for recognition. However, these approaches are
very sensitive to illumination variation. Generalized photometric stereo [95]
can be incorporated into these approaches for a more accurate model.

The most sophisticated 3D model is to use a statistical description. In other
words, both the geometric component g and the texture component f have their
distributions, say p(g) and p{ f), respectively. Such distributions can be learned
from multiple still images/video sequence. Probabilistic matching can then be
applied for FR.

Utilizing more than one property

Most of the approaches reviewed earlier utilize only one of the three proper-
ties. However, these properties are not overlapping in the sense that more than
one property can be unified to achieve further improvements.

Probabilistic identity characterization [131] proposed in Chapter 11 is an
example of integrating the properties P1 and P2, where FR from multiple still
images and FR from video sequences are unified in one framework.
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Statistical 3D model is a combination of properties P1 and P3, where the
PDF part of property 1 is used.

Visual tracking

Roughly speaking, previous work on visual tracking can be divided into two
groups with no clearly defined boundaries: deterministic tracking and stochastic
tracking. Our approach combines the merits of both stochastic and deterministic
tracking approaches in a unified framework using a particle filter. We give below
a brief review of both approaches.

Deterministic approaches usually reduce to an optimization problem, e.g.,
minimizing an appropriate cost function. The definition of the cost function is
a key issue. A common choice in the literature is the sum of squared distance
(SSD) used in many optical flow approaches [180]. In fact, using SSD is
equivalent to using a model where the noise obeys an iid Gaussian distribution;
therefore this case can also be viewed as stochastic tracking. A gradient descent
algorithm is most commonly used to find the minimum. Very often, only a local
minimum can be reached. In [180], the cost function is defined as the SSD
between the observation and a fixed template, and the motion is parameterized
as affine. Hence the task is to find the affine parameter minimizing the cost
function. Using a Taylor series expansion and keeping only the first-order
terms, a linear prediction equation is obtained. It has been shown that for
the affine case, the system matrix can be computed efficiently since a fixed
template is used. Mean shift [178] is an alternative deterministic approach to
visual tracking, where the cost function is derived from the color histogram.

Stochastic tracking approaches often reduce to an estimation problem, e.g.,
estimating the state for a time series state space model. Early works [171, 177]
used the Kalman filter or its variants [1]. However, this restricts the type of
model that can be used. Recently sequential Monte Carlo (SMC) algorithms
[6,179,245,248], which can model nonlinear/non-Gaussian cases, have gained
prevalence in the tracking literature due in part to the CONDENSATION algorithm
[183]. Stochastic tracking improves robustness over its deterministic coun-~
terpart by its capability for escaping the local minimum since the searching
directions are for the most part random even though they are governed by a
deterministic state transition model. Toyama and Blake [195] proposed a prob-
abilistic paradigm for tracking with the following properties: Exemplars are
learned from the raw training data and embedded in a mixture density; the
kinematics is also learned; the likelihood measurement is constructed on a
metric space. However, as far as computational load is concerned, stochastic
algorithms in general are more intense. Note that the stochastic approaches can
often be formulated as optimization problems.



PART II

FACE RECOGNITION UNDER VARIATIONS



Chapter 3

SYMMETRIC SHAPE FROM SHADING

The basic idea of shape from shading (SFS) is to infer the 2.5D structure
of a object from its shading information/image [151, 153, 10]. In order to
quantitatively extract such information, we need to assume a reflectance model
under which the image (the only measurement we have) is generated from the
3D depth map. There are many illumination models available, which can be
broadly categorized into diffuse reflectance models and specular models [156].
Among these models, the Lambertian model is the most popular one for diffuse
reflectance and has been used extensively in the computer vision community for
the SFS problem. Furthermore, in most SFS algorithms, the Lambertian model
with known constant albedo is assumed (or the value of constant albedo can be
casily extracted). Hence the goal of most SFS algorithms is to recover depth
z[x, y] or its partial derivatives (p, ¢) from shading information (image intensity
I) using a standard image irradiance equation. Some SFS algorithms also in-
clude source-from-shading (estimation of the light source direction). Zhang et.
al. divide SFS algorithms into four groups: minimization approaches, propaga-
tion approaches, local approaches and linear approaches [169]. Minimization
approaches obtain the solution by minimizing an energy function. Propagation
approaches propagate shape information from a set of surface points (e.g., sin-
gular points) to the whole image. Local approaches derive shape based on the
assumption of surface type. Linear approaches compute the solution based on
the linearization of the reflectance map.

The nature of SFS, inferring the 2.5D structure from limited observations
(image intensities), makes it an ill-posed problem in general. This is sometimes
reflected in an interesting phenomenon: many SFS algorithms can recover a
‘good’ depth map for re-rendering the given image at the same lighting and
viewing angles, but not good enough for rendering images at different lighting
or viewing angles[10]. However it is very attempting to apply SFS in many
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applications. For example, in face recognition we can apply SFS to infer the
face shape information, and therefore simultaneously solve problems due to
illumination and pose variations [29]. The advantage of SFS-based methods is
that only one single input image is required when compared to other approaches
proposed to solve the illumination and pose problems in face recognition. In
addition, the soft facial skin makes SFS an appealing choice compared to other
passive 3D recovery methods such as stereo where image correspondence needs
to be established.

In order to handle complex face images, we describe a varying-albedo Lam-
bertian model. This makes the SFS problem even more difficult. In this
chapter, we examine the issues of traditional SFS algorithms and present a
well-conditioned SFS algorithm by imposing the symmetry cue embedded in
symmetric objects (e.g., face objects). The symmetry cue has also proventobea
powerful constraint in many face recognition methods, e.g., image synthesis for
the illumination problem [91] and view-synthesis for the pose problem [75, 92].
An efficient implementation of these methods would be to store only the pro-
totype images in the database and all testing images are converted/synthesized
into the prototype images for facial ID matching. A prototype image I, is
defined as the frontal-lighted image of an frontal-view object.

This chapter is organized as follows [93]: The following section proposes
using a varying-albedo Lambertian model and shows that it is a more realistic
model. Section 3.1 addresses the symmetry cue and introduces the self-ratio
image. Section 3.2 presents a general theory of symmetric SFS. In Section
3.3 we propose several computational algorithms to recover both shape and
albedo and present experimental results. In addition, a model-based symmetric
source-from-shading algorithm is presented for improved source estimation. In
Section 3.4, we discuss the extensions of symmetric SFS and applications of
symmetry cue for image synthesis and view-synthesis of face images.

3.1 Symmetry Cue: Improved Model and Unique Solution
3.1.1  Issues of traditional SFS

There exist two issues with traditional SFS algorithms: the first is whether
there exists a unique solution and the second is how complex a surface could
be dealt with.

Uniqueness issue

There exist many potential applications of SFS in various fields including
computer vision, computer graphics, robotics, and pattern recognition etc. Un-
fortunately, SFS is an ill-posed problem in general [209]. To overcome this
short-coming, additional constraints have been proposed. For example, the
smoothness constraint on shape is the most commonly used [10]. One drawback
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of such a method is that it tends to over-smooth surface patches that have com-
plex structure. More recent approaches drop this constraint and replace it with a
physically meaningful constraint known as surface integrability [10, 149, 213].

In theory, the uniqueness in SFS can be achieved by directly exploiting the
existence of a singular point, i.e., the brightest point (/ = 1 and Ps = 0,Q; =
0) [86, 148]. Uniqueness can also be guaranteed by enforcing the boundary
condition (solutions to (p,q) on the boundary) if they are available [152]. The
way to prove the uniqueness or construct a SFS algorithm (of propagation
type) is to first identify the condition at the singular point or on the boundary
and then propagate these solutions to the whole image. Following this basic
idea, two similar approaches have been implemented [148, 147]. However in a
recent survey paper [169], it has been shown that the algorithm by Bichsel and
Pentland is outperformed by other two energy minimization approaches that do
not guarantee a unique solution.

Model sufficiency issue

So far, we have focused on the uniqueness issue of SFS algorithms based
on the assumption that the underlying physical model is Lambertian and the
albedo is known and constant. The main reason why such a model is so popular
in SFS literature is its simplicity. However, the widely used constant-albedo
Lambertian model is just an approximate model for most objects in real world.
And often the approximation is not good for real objects, for example, a human
face. Human faces appear different not only due to the differences in the under-
lying 3D bone structures, but also due to the differences in texture. Moreover,
different parts of a human face have different textures. Should we enforce a
constant-albedo model on face objects and try to solve the SFS problem, poor
depth estimates result since the depth parameter estimate needs to accommo-
date both depth and varying albedo. One proposed alternative is to segment out
the cheek region and apply SFS to this region only with the assumption of con-
stant albedo in this region. This approach would leave some region unresolved.
Furthermore, we would like to have a direct method that explicitly models the
albedo variation. As obtaining a unique solution to the SFS problem in general
is difficult, we adopt a simple varying albedo Lambertian model which has been
suggested before for problems other than SFS [154, 165]. We believe that this
model has modest complexity, yet sufficient to represent many man-made and
natural objects.

Conceptually, adopting a better reflectance model in SFS certainly helps us
to solve real problems. But from earlier discussions on the uniqueness issue, we
know that adding albedo as a free parameter makes SFS even more difficult to
solve. Hence we need additional constraints such as symmetry and integrability.
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3.1.2 The symmetry cue

Symmetry is very useful information that can be exploited in many computer
vision problems including SFS for fully or partly symmetric objects [220]. Here
we describe a direct method for incorporating this important cue: using self-
ratio images [93]. By directly imposing the symmetry constraint, we prove
that we can achieve a unique global solution which consists of unique local
solutions at each point simultaneously obtained using the intensity information
at that point and the surrounding local region under the assumption of a C?
surface. This is different from existing propagation approaches which propa-
gate the unique (known or easily obtained) solutions at singular points or on
the boundary to other points. Independent of our research, a recent paper [162]
presented a shape reconstruction method for symmetric objects exploring sym-
metric information. This method is based on integrating geometric and pho-
tometric information. It can be categorized as a propagation approach since
it propagates the self-correspondence function over the whole image from a
given pair of self-corresponding points. Though it offers a solution for general
configuration of lighting and viewing conditions, a constant-albedo Lambertian
surface was assumed.

In summary, imposing symmetry cue not only allows us to have improved
modeling for symmetric objects but also guarantees a unique solution to the
symmetric SFS problem.

3.1.3 The Lambertian model

As mentioned earlier, the most commonly used model in SFS literature is
the Lambertian surface with constant albedo. However, it is not sufficient for
many objects in real world. To illustrate this point, we use human face as an
example. First, we demonstrate that SFS based on constant-albedo assumption
does not recover the image (and the depth) accurately. Second, we show that a
varying-albedo model is much better by comparing images synthesized under
various illuminant directions using constant and varying albedos.

To facilitate our discussion, let us review some standard definitions used in
SFS. The key equation is the image irradiance equation [151]:

Iz, y] = R(plz,y], qlz, y]) (3.1

where I[z,y] is the image intensity of the scene, R is the reflectance map,
and p[z, y], [z, y] are the shape gradients (partial derivatives of the depth map
z[z,y]). With the assumption of Lambertian surface reflection and a single,
distant light source, we have

I = pcosé,
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or

1+ pPs +qQs

I=p
V1i+p?P+ /1 + P2+ Q2

(3.2)

where 6 is the angle between the outward normal to the surface 77 = (p, ¢, 1)
and the negative illumination vector L = (Ps, Qs, 1) which represents the
direction opposite to the distant light source, and p is the albedo. The surface
orientation can also be represented using two angles, slant and tilt. Similarly
the light source can be represented by illuminant direction slant and tilt. Even
though the adoption of these angle terms as the standard in SFS literature is
unfortunate since they are not mnemonic and frequently confused [10], we abide
by the standard notations used in the SFS literature. More specifically, we use
the angle terms s/ant and tilt exclusively for the illuminant direction throughout
this book. The illuminant direction slant « is the angle between the negative L
and the positive z-axis: o € [0°,180°]; and the illuminant direction ¢ilt T is the
angle between the negative L and the z-z plane: 7 € [—180°, 180°]. To relate
these angle terms to P, and Q, we have P; = tanacos T, Qs = tanasin 7.

SFS based on constant-albedo model

To test how efficient some of the existing SFS algorithms are for real objects
such as faces, we applied three SFS algorithms to synthetic face images gener-
ated based on a constant-albedo Lambertian model, and more importantly real
face images: (1) Zheng and Chellappa [170] (a minimization method based on
the variational principle), (2) Wei and Hirzinger [164] (a minimization method
based on radial basis expansion), and (3) Tsai and Shah [163] (a linear approach
based on linearization of the local depth map). All these methods have been
shown to be effective on many synthetic and a few real images. From our own
experiments on real face images, we found that the simple linear approach {163]
works best when a 3D generic face model is given as the initial shape. Possible
reasons for the simple linear approach being the best are: 1) the Lambertian
model with constant albedo is inherently inconsistent with real images which
can be modeled much better as having a varying-albedo, causing systematic
errors; 2) the linear (local) approach does not propagate errors, while the min-
imization approaches propagate errors, making algorithms walk away from a
good solution, and 3) the underlying surface is complex but a good initial depth
map is available.

In [170] the surface smoothness term usually employed in variational ap-
proaches was dropped. Instead, the image gradient constraint and surface inte-
grability were imposed. This suggests that the algorithm can handle relatively
complex surfaces and guarantees that the reconstructed surface is physically
meaningful. Zheng and Chellappa [170] minimized the following energy func-
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tion:

1R p.0) = Tyl + 1B = L)+ (R, 1P+
pilp — 22)* + (a— 21/)2]}d$dy

where R, R, are the partial derivatives of the reflectance map R and y is a
weighting factor.

By decomposing the depth map z[x, y] onto the radial basis functions ®

N

eyl = > wed([z, Y], te sk,
k=1

where t}, and sy, are the parameters of the basis functions, Wei and Hirzinger [ 164]
transformed the problem of estimating (p, ¢) and z into that of estimating the
parameters wy. Estimation is then carried out by minimizing the energy func-
tion

[ [ ARG = Tl 112+ o912, + sl 4122, + sula, 122, oy

where s;(x,y) (i = 1,2,3) are empirical quadratic smoothness constraints
which allow for integrating prior knowledge.

We have applied the local SFS algorithm [163] to dozens of real face images.
The method is based on the linearization of the local depth z; hence the iteration
at the n-th step is

~f(" "z, y])
ol F @ e yl)

Syl = Y

z,y] +

where f is I[z,y] — R(Z, g;z/) and the partial derivatives are approximated by
forward differences g% ~ z[z,y] — 2|z — 1,y] and g—f ~ zlx,y) — z[z,y — 1].
In Figure 3.1, some of the best results using both syntﬁetic and real face images
is shown. In each case, we plot the given image (column 1) along with the
recovered original image (column 2). In addition we plot the rendered prototype
image (column 3) along with the real (approximate) prototype image (column
4). An ideal prototype image I}, can be expressed as:

1
P
V14+p?+¢?
More results are presented in Figure 3.2 with the input image, recovered original
image and the rendered prototype image arranged in the same row. Notice that

large portions of the recovered images are unsatisfactory as the method does not
render face-like images. An image size of 96 x 84 is used in these examples.

I, = (3.3)
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Synthetic Image Case

Real Face Image Case

Figure3.1. One of the best results obtained using the linear (local) SFS algorithm: Firstcolumn:
original input images; second column: recovered original images; third column: recovered
prototype image; fourth column: real prototype image.

Most traditional SFS algorithms do not generate reliable depth estimates for
real face images. There are two reasons behind this: 1) the complex shape of
face objects making regularization-based SFS algorithms inappropriate; 2) the
presence of regions with different albedos (reflecting properties) from various
parts (cheek, lip, eye, eyelid, etc.) of face objects making the constant albedo
assumption used in most SFS algorithms invalid.

A varying-albedo model

To overcome the constant albedo issue in modeling objects such as faces, we
propose a varying-albedo Lambertian model, i.e., p is now a function p[z, y].
To show that varying-albedo Lambertian model is a better model, we compare
the image synthesis results obtained using constant albedo and varying albedo
assumptions. In Figure 3.3, image synthesis results are compared one-by-one,
i.e., a pair of images (in the same column) are synthesized exactly the same
way except that one is using a constant-albedo model and the other is using a
varying-albedo model. To obtain a realistic albedo we use a real face image
and a generic 3D face model (one example in Figure 3.10). To align this 3D
model to the input image, we normalize both of them to the same size with two
eye pairs kept in the same fixed positions. Because the input image and model
are not from the same object, we can see that some parts of the synthesized
images are not perfect, for example, around the nose region. The same 3D
model will be used throughout this chapter and we will see similar behavior.
This model has also been used for model-based synthesis for recognition [91].
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Figure 3.2, Some of the results obtained using the local SFS algorithm. First column: input
images; second column: recovered images; third column: recovered prototype images.

It is worth noting that even the varying-albedo Lambertian model may not be
sufficient due to the following reasons: 1) a real surface reflectance consists
of both specular and diffuse components, 2) in practice the assumption of a
single distant light source is not valid, and 3) the existence of noise in the
image. Nevertheless Figure 3.3 clearly suggests that the varying-albedo model
is much more realistic. However it introduces another unknown factor, the
albedo p[z, y]. To cancel this additional parameter, we use the self-ratio image,
described in the next sub-section.

3.1.4  Self-ratio image: the albedo-free image

Let us assume that we are dealing with a symmetric surface from now on.
Obviously the background should be excluded since it need not be symmetric.
Our definition of a symmetric surface is based on the following two equations
(with an easily-understood coordinate system):

Z{%,y] = Z[_:Evy]a B4

and

plx,yl = pl—z,y. (3.5)
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Figure 3.3.  Image synthesis comparison under various lighting conditions. Firstrow: constant-
albedo Lambertian model; second row: varying-albedo Lambertian model.

One immediate property of a symmetric (differentiable) surface is that it has
both anti-symmetric and symmetric gradients:

p[m, y] = —p[—.’E, y}

ql-=,y] G6)

=,

s

=,
l

We introduce the concept of self-ratio image to cancel the effect of varying
albedo. The idea of using two aligned images to construct a ratio has been
explored by many researchers [154, 165, 84]. Here we extend the idea to a
single image [93]. Let us substitute Egs. (3.5), (3.6) into the equations for
I[z,y] and I[—z, y], and then add them, giving

1+ qQs

IHz,y| + I[-z,y] = 2Pm~ 3.7
Similarly we have
. P,
Iy~ I—x,y] = 2p—r—tie (3.8)

P VI+p2+q%
The above symmetric relations have also been explored by other researchers [162].
To simplify the notation, let us define I [z, y] = MM and I_[z,y] =
ﬂ%—[ﬂ Then the self-ratio image r; can be defined as
L[z, y]

rifz,y] = AT (3.9)
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which has a very simple expression

pPy

7'[[.7:,:1/] = m—-
8

(3.10)

Using the self-ratio image, we can develop a new SFS scheme which is the
topic of Section 3.2. The new SFS scheme has elegant properties such as the
existence of a unique solution. In addition, self-ratio images help improve
model-based source-from-shading methods. In summary, the self-ratio image
allows us to represent real images better with the guarantee of a unique solution.

3.2  Theory of Symmetric Shape from Shading

In this section we show the main result of symmetric SEFS. That is, there exists
a unique solution to the symmetric SFS problem. Significantly, the unique
global solution consists of unique local solutions at each point simultaneously
obtained using the intensity information at that point and the surrounding local
region under the assumption of a C? surface. To proceed, we start from the
easiest case when the constant albedo is known. We then extend to the case
where both the constant albedo and shape are unknown. Finally, we show that
there exists a unique solution in the case of non-constant (piecce-wise constant)
albedo. In all cases, degenerate conditions, including special surfaces, lighting
configurations and shadow points where point-wise symmetric SFS recovery
can not be carried out, are indicated.

3.2.1 Basic notations

Denoting the right-hand-side of Eq. (3.10) as the self-ratio symmetric re-
Sfectance map rr(p, q), we arrive at the following self-ratio image irradiance
equation:

rrlz,y) = rr(plz, yl, ¢z, v]). (3.11)

We refer the problem of recovering the shape information of a symmetric ob-
ject using image irradiance equation (Eq. (3.1)) and self-ratio image irradiance
equation (Eq. (3.11)) as symmetric SFS.

Explicit use of the symmetric property reduces the number of unknowns
by half as suggested by Eqgs. (3.5) and (3.6). In terms of the reflectance map,
symmetric SFS has two reflectance maps R(p, ¢) and rr(p, ¢) while SFS only
has one R(p,q). Figure 3.4 compares the two reflectance maps; one has a
nonlinear structure and another has a linear structure (except on the singular
point of a rational function).
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Reflectance map of SF& Reflectance map of symmetric SFS

Figure 3.4. Comparison of reflectance maps: p = 1, P, = 0.3 and Qs = 0.7. The plot in
(a) is the regular SFS reflectance map R(p, ¢)) while the plot in (b) is the symmetric reflectance
map rr(p, 9)-

3.2.2 Symmetric SFS with constant albedo

When the albedo is constant across the whole image plane, symmetric SFS is
awell-posed problem. More specifically, the shape information can be uniquely
recovered at each point locally. In the following discussion, we first assume
that the constant albedo value is known, and then discuss how to recover this
unknown value.

Two possible solutions of symmetric SFS (constant albedo)

Figure 3.5.  Two possible solutions for symmetric SFS with constant albedo. This is a direct
result of combining plots (a) and (b) in Figure 3.4.

Since symmetric SFS has two reference maps (Figures 3.4(a) and (b)), it is
obvious that the true solution to (p, ¢) must lie at the intersection of these two
maps (Figure 3.5). Having at most two intersections implies that there are at
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most two possible solutions, in the absence of additional constraints. Mathe-
matically this is so because we have a quadratic equation for ¢, for example.
After some algebraic manipulations, we can write the quadratic equation for ¢
from Eqgs. (3.2) and (3.10)

S+ () = (14 P QA + 2QuIS (LR - (s -+ 1)
+[S(1 + (E) ) - (1+7)% =0, (3.12)
where S is defined as |
S=(1+ P +QNHI/p) (3.13)

Note that once ¢ is obtained, p is uniquely determined based on Eq. (3.10). To
simplify the notation, we write the coefficients of second order, first order and
the constant item of Eq. (3.12) as a, b and ¢. Now let us denote the two possible
solutions forqas gy = T1+T2and g_ = T1 -T2, where T'1, T2 are defined
as —2—(:1 and 7”’22:1“ respectively.

For convenience, we can label a point based on the possible solutions for q
at this point, for example, as V_ and/or V.. It is possible that g4 = ¢_ at this
point, i.e. Eq. (3.12) has double roots. In this case, we can give it a special
label, for example, V. 1t should be clear that a point could have 2 labels V_
and Vi (g9— # q¢4), or one special label V) (¢— = ¢4+). To describe all the
points in a image, let us formally define 1} as the set of points where Eq. (3.12)
has double roots, i.e., {[z,y]|g[z,y] = T1}. Similarly we can define V. and
V_ as the set of points where ¢ = ¢4 and ¢ = ¢_ respectively (¢— # q4).
We should emphasize that sets V_ and V.. are not necessarily exclusive, i.e.,
an image point could belong to both sets. However, Vj and V_ are exclusive
in our definitions. So are Vp and V.. This implies that the number of possible
global solutions for symmetric SFS is infinite (or up to the square of the total
number of pixels in case of digital images) because each point could have up
to 2 local solutions if no further constraints are taken into account,

In case of a constant albedo, we can achieve a unique global solution which
can be obtained at each point simultaneously. Theorem 3.1 states that we
can obtain this unique solution based on a known albedo. Theorem 3.3 then
shows that we can solve for both (p, ¢) and albedo uniquely. For proof of these
theorems, please refer to [93].

THEOREM 3.1 With a known constant albedo p, the symmetric SFS problem
has a unique solution which consists of unique local solutions at each point
simultaneously obtained using the intensity information at that point and the
surrounding local region for a symmetric C2 surface z excluding the following
special conditions:
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n the surface z cannot have the following special form
«(2,y) = F(a') + G(), : (3.14)

where the new coordinate system z’-3/'-2’ is obtained by rotating the z-y
plane about the z-axis by 7.

s slant angle o = 0°: P, = 0 and Q, = 0. Here the image is the prototype
image and only the regular SFS algorithms can be applied.

w tiltangle 7 = 90%: Py = 0, and Q # 0. Here regular SFS can be applied
at all points.

Moreover symmetric SFS cannot be performed at a shadow point (including
both attached-shadow and cast-shadow). Here only regular SFS can be applied
to its symmetric counterpart (—z, y) if it is not a shadow point.

Determining the albedo value

Up to now, we have assumed that the constant albedo value is already known,
as in most existing SFS algorithms. What about the unknown constant albedo
case? In some special cases, we cannot recover both shape and albedo. For
example, when we have a planar surface, albedo and shape cannot be uniquely
determined if the true angle 6; is not zero degrees or the true albedo value is
not 1: precos(6;) = pcos(8). On the other hand, determining the albedo can
be trivial. For example, if we assume the existence of brightest points (I,,qz),
immediately we have p = L4, and p = P, ¢ = (), at these points,

Excluding these special cases, we show that we can uniquely determine the
albedo value based on the following Lemma (see [93] for the proof):

LEMMA 3.2 Excluding the special conditions listed in Theorem 3.1, usually
there is only one choice of albedo value p; (the true value) which can satisfy

Calp) =0, (3.15)

where C,(p) is defined as [fp |a%—sl”) - a‘é% |dzdy. The exceptions can occur
only when the following configuration is true:

o} 108’

a0 = 5 o0

or when the surface satisfies
q|z=0 = constant.

where all measurements S’, r are in the new coordinate system z’-y’-2’ which
is obtained by rotating the z-y plane about the z-axis by 7.
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One simple example of special conditions is when the surface is a symmetric
planar surface. Combining Lemma 3.2 and Theorem 3.1, we have proved the
following theorem:

THEOREM 3.3 For symmetric SFS, we can recover both the constant albedo
value and the partial derivatives (p, ¢) uniquely except in those special condi-
tions listed in Lemma 3.2 and Theorem 3.1.

3.2.3 Symmetric SFS with varying albedo

When albedo is not constant across the whole image plane, the situation
becomes complicated since we need to recover both (p, ¢) and p[z, y] from just
one image. At first glance, it seems that we can just use the self-ratio image
irradiance equation (Eq. (3.11)) and the smoothness constraint to recover the
shape information as in ordinary SFS. But using the self-ratio image irradiance
equation alone may not be a good idea. This is because all line contours
(corresponding to different r;’s) are passing through the singular point (p =
0,q = —i in Figure 3.4(b)), and the true solution may be far away from the
singular point. More specifically, enforcing the local smoothness constraint, or
equivalently finding the solution (p, ¢) at a point [z, y] in the linear reflectance
map 7; that is closest to all lines corresponding to the local neighborhood of
[x, y], may not be stable.

Piece-wise constant albedo field

However if the albedo field has a special form, that is the field can be di-
vided into regions each having a constant albedo, then it is possible to recover
both shape and piece-wise albedo information. Expanding Theorem 3.3 and
using the assumption that p is picce-wise constant, we can prove the following
theorem:

THEOREM 3.4 Ifthe depth z is a C? surface and the albedo field is piece-wise
constant, then both the solutions for shape (p, ¢) and albedo p are unique except
in those special conditions listed in Theorem 3.1 and Lemma 3.2.

Proof:  The piece-wise constant albedo field can be fuily described in two
parts: 1) the partition P of the 2D albedo field which divides the whole field
into connected regions R} each having a constant albedo value (neighboring
regions cannot have the same albedo value), and 2) the albedo value p RP for

each region R;P To prove the theorem, we also need the following facts:

» p, g, vy and S are continuous across the whole image plane except at shadow
points. So are a, b, c and T\, T.

m [ is piece-wise continuous except at shadow points, i.e., continuous within
each constant albedo region RZ’ If the whole image plane has just one
albedo value, then I is continuous.
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The proof is in two steps: we first show that the partition of the albedo
field is unique, and we then prove that we can recover the albedo value in each
constant-albedo region uniquely and hence (p, ¢) uniquely. Refer to [93] for
more detail.

Arbitrary albedo field

For an albedo field which is purely continuous, the problem becomes difficult
and we leave it as an open issue for future research.

(e)

case II1

Figure 3.6.  Simulation results for cases I, Il and Il (Algorithm ). The plots are arranged in
rows with each row representing one case. All plots in the first column, i.e., the plots in (a), (¢)
and (e), are the recovered shape information (p, g). The plot in (b) is the underlying depth map
of 21, the plot in (d) is the shadow map (dark part), and the plot in (f) is the map for regions
Vo, V- and V.. (The strange appearance of V; is due to the simple shrinking algorithm used to
shrink the initial region V based on the threshold. In ideal case, it would be just a curve with
no branches. A similar appearance occurs in case IV (Figure 3.7).)
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3.3 Symmetric SFS Algorithms and Experiments

In this section, we propose several simple computational algorithms to re-
cover both shape and albedo based on the results derived in Section 3.2. We
also carry out experiments using synthetic data and real images to test these
algorithms.

3.3.1 Symmetric SFS with constant albedo
Albedo is known

Based on Theorem 3.1, we propose the following algorithm to perform shape
recovery.
Algorithm I

1 Compute T5 values at all image points and determine the zero locations based on
thresholding. This procedure generates the Vp set. If the set Vj is empty, then step
2 can be omitted and the whole image plane is denoted by Ro.

2 Use component-connection algorithms to label the connected regions separated by
V()Z Ri (i=1 ..... m)

3 For each labelled region R; (i=1, ..., m), the choice between g and ¢ is based
on comparing the following two values:

/ LR // 2= - Sojaady  (3.16)

We now illustrate how symmetric SFS can be used to recover (p,q). We
demonstrate the recovery results for the following cases:

u case I V{ is empty and there are no shadow points in the whole image plane.
u case Il V) is empty and there are shadow points.

m case III V} is not empty and there are no shadow points.

s case IV 1} is not empty and there are shadow points.

Two depth functions are used: z1 = s1(cos {55)(1 + 0.5sin 100) and 29 =
sa(cos £55)%(sin #55). Cases I, II, IV correspond to depth z; with scalar s,
being 5, 15, and 40 respectively, while case III cotresponds to depth z; with
scalar so being 25. The illumination angles in all cases are the same: o = 60"
and 7 = 135°. In the examples which contain shadow points, we leave the
shape information un-recovered at those shadow points and their symmetric
counterparts.

Albedo is unknown

Based on Theorem 3.3, we have the following algorithm to recover both
constant albedo and shape.
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Figure 3.7.  Simulation results for case IV (Algorithm I). The plot in (a) is the recovered shape
information, the plot in (b) is the map for regions Vo, V_ and V., and the plot (c) is the shadow

map (dark part).

Algorithm II

1 Hypothesize the value of the constant albedo p. For example, this can be done by

simply sampling [0, 1}.

2 Apply Algorithm I with the hypothesized albedo value.

3 Compute C,(p): if Co(p) < threshold (theoretically this should be zero), we are
done; otherwise, go to step 1 with a different hypothesis.

We verify this algorithm in the following simulations. The simulated data
here are exactly the same as in previous experiments (Figs. 3.6 and 3.7) except
that now the true albedo is 0.5 instead of 1. Figure 3.8 plots log(Cy(p) + 1)
versus the hypothesized p values in all four cases. As can be seen, the minimum
is always obtained at the true albedo value. Though ideally the minimum should
be zero, in practice this is not the case due to numerical etrors.
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Figure 3.8.  Determining albedo value by checking log(C,(p) + 1) for a hypothesized p value
(Algorithm H). The true albedo value is 0.5 in all cases.

3.3.2 Symmetric SFS with non-constant albedo
Based on Theorem 3.4, we present the following simple algorithm:
Algorithm 111

1 Determine the partition P of the albedo field by finding the discontinuities of the
image intensity field.

2 Hypothesize a possible value p; for each region RT, and apply Algorithm L.

3 Compute C,(plx,y]) and C.(plz, y]) to determine if they are small enough so a
different hypothesis is not needed. Here C.(p[z, y]) is the measurement of surface
discontinuity. C,(p[z,y]) is a generalized version of C,(p) since p[z, y] is not a
constant any more:

Clploih =3 [ 120 - AP gy @17)
i RF

It should be noted that this simple algorithm is not robust since it depends
on the assumption that discontinuities in image intensity only occur along the
borders of the albedo partition, and in practice this is not true for digitized
images of complex objects.

To verify this simple algorithm, we show a simple example (Figure 3.9)
in which we first recover the simple albedo field (piecewise constant) and
then recover the shape information. More specifically, we first use an image-
histogram-based approach to segment the albedo field, and then apply algorithm
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II to recover both shape and albedo. The simulated data here is very similar to

depth function z3, but we have a piece-wise constant albedo field with values
0.5,0.8 and 1.

-0.02 |

—0.04 |

- ~0.06 - -

-0.08 .l -

e

, (b) ‘ ()
Figure 3.9. Simulation result for varying albedo symmetric SFS (Algorithm III). The plot in

(a) is the recovered shape information (p, q), the plot in (b) is the recovered albedo field, and the
plot in (c) is the true depth map.

3.3.3 Symmetric SFS for real complex images

We have proved that up to piece-wise-constant albedo case, we can recover
both albedo and shape. And we have provided simulation results to demonstrate
that capability. However, when it comes to real and complex objects, solving
symmetric SFS is not trivial. A complex object could have both complicated
shape and complex yet continuous albedo. From a theoretical point of view, we
have not been able to prove the uniqueness of solution for such a general case.
In other words, the proposed Algorithm III is not sufficient enough to handle
these objects by recovering first the albedo and then the shape. To illustrate
such a case, we plot in Figure 3.10 the albedo field computed using a real face
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image and a generic 3D model (the same pair is used in Figure 3.1). Clearly the
albedo field is very complicated and we need to develop better algorithms. If
the problem is somehow reduced to illumination-normalization, i.e., obtaining
the prototype image from a given image, then it is possible without actually
solving the shape information [91, 84].

o

Figure 3.10. Face model, image and albedo field.

We have carried out a series of experiments applying symmetric SFS to
different face images. All these images are synthesized under the same lighting
condition using the generic 3D face model (Figure 3.10) but with different
albedo model: 1) constant albedo, 2) piece-wise constant albedo, and 3) natural
face albedo (Figure 3.10). By constructing such data with known ground-truth,
we can test proposed simple algorithms under different conditions ranging from
easy (but not realistic) to difficult (but realistic). In Figure 3.11 we plot the input
and reconstructed images, partial derivatives side-by-side for constant albedo
and piece-wise constant albedo cases. Similarly Figure 3.12 is for natural albedo
case.

As can be seen in the experiments, the simple symmetric SFS algorithm
III is able to handle objects of complex (face) shape with constant and piece-
wise constant albedos (Figure 3.11). And the results are perfect except in the
shadow points (e.g., compare the original image and the reconstructed image
in Figure 3.11(a),(b), and notice the reconstructed image (b) has unrecovered
part due to the shadow map in Figure 3.11(d)) or their counterparts since we
did not recover shape information at these points. However it is entirely pos-
sible to recover the shape information at these points by applying the regular
SFS to their symmetric counterparts (if they are not shadow points) with known
boundary conditions which are uniquely solved for using symmetric SFS [152].
A more practical and easy approach would be to interpolate information avail-
able. In the case of natural albedo field, algorithm III turns out to be not
sufficient(Figure 3.12). The algorithm was able to recover a sensible piece-
wise constant albedo field (Figure 3.12(b)) from the input image. But it is not
equal to the original continuous albedo field (the right-most plot in Figure 3.10).
The recovery of one partial derivative (right image in Figure 3.12(d)) is good
compared to the true one (right image in Figure 3.12(c)). However, the re-
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(b)

(d)

R ©)

Figure 3.11.  Face shape and image reconstruction results using symmetric SFS: the cases of
constant albedo and piece-wise constant albedo. The plots in the first row are input images (left)
and reconstructed images (right): (a) is for the constant albedo case, (b) is for the piece-wise
albedo case. The plots in the second row are the true partial derivatives (c) and recovered partial
derivatives (d). Plot (e) represents the shadow map in the input images which explains the holes
in the reconstructed images. Plots (¢), {d) and (e) are valid for both constant albedo and piece-
wise constant albedo cases since they are the same. However, plot (f) is the recovered albedo
filed only valid for the piece-wise constant albedo case.

(d

Figure 3.12. Face shape and image reconstruction result using symmetric SFS: the case of
natural face albedo. The plots in (a) are input images (left) and reconstructed images (right).
Plot (b) is the recovered albedo filed. The plots in the second row are the true partial derivatives
(c) and recovered partial derivatives (d).
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covery of the other partial derivative is not good. Hence the final result is not
comparable to the previous two cases (Figure 3.11). The quantifiable algorithm
performance differences among different cases suggest that we need to design
new and practical algorithms which seek a good solution instead of a perfect
solution.

3.3.4 Model-based symmetric source-from-shading

As in SFS, symmetric SFS also requires estimating light source as a pre-
processing step. The task of recovering the light source is called source-from-
shading. Many source-from-shading algorithms are available [155, 159, 170],
but we found that most of them do not work well for both tilt and slant angles
in the case of real face images. Instead, we propose a model-based symmetric
source-from-shading algorithm [93].

Model-based source-from-shading algorithms are commonly used in prac-
tice, for example, in handling face images [71]. Basically it can be formulated
as a minimization problem

(", 7") = arg,, , min(Iy(a, 7)) — 2 (3.18)

where [ is the input image, and Iy is the image generated from a 3D generic
shape M based on Lambertian model (Eq. (3.2)) with constant albedo given
hypothesized o and 7. One advantage of using a 3D model is that we can
take into account both attached-shadow and cast-shadow effects, which are not
utilized in traditional statistics-based methods. Meanwhile, we notice that this
method has one drawback, that is we are using a constant-albedo Lambertian
model for objects such as face. We fix this problem by using the self-ratio
image defined in Eq. (3.10), yielding a new model-based approach by solving
the following minimization problem

(", 7") = arg,  min(ry,, (o, 7)) — rr)2. (3.19)

where 77 is the self-ratio image, and r,, is the self-ratio image generated from
the 3D generic model M given hypothesized « and 7.

For a simple comparison of these two model-based methods, we ran both
these algorithms on real face images. In Figure 3.13, we plot one face image
along with the error-versus-slant curve for each method. As can be seen, the
correct (subjective judgment) value of slant (8”) has been recovered by the
symmetric method (Eq. (3.19)). However, it is missed using (Eq. (3.18)). This
new symmetric source-from-shading method has been successfully applied to
more than 150 real face images as the pre-processing step prior to illumination-
normalization for face recognition [91].
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Figure 3.13. Comparison of model-based source-from-shading algorithms. The correct slant
value was recovered using the algorithm (Eq. (3.19)) (right figure), while it was missed using
algorithm (Eq. (3.18)) (middle figure).

3.4 Beyond Symmetric SFS

Using the self-ratio image, a new symmetric SFS scheme has been developed
and proved to have a unique solution which can be obtained at each point
simultaneously. The new symmetric SFS presented in this chapter has the
following advantages over existing SFSs for symmetric objects:

= Jt not only has a unique solution for (p, ¢) but also a unique solution for
albedo. Here the albedo can be either constant or piece-wise constant across
the whole image plane. Significantly, the unique (global) solution can be
obtained at each point simultaneously under usual conditions.

s Combining symmetric SFS and regular SFSs, unique solutions at shadow
points can be obtained. More specifically, after recovering the unique solu-
tions for (p, ¢) at lighted points, the regular SFS algorithms can be applied to
the symmetric counterparts (which is lighted) of the shadow points. Since
the boundary conditions (values at surrounding lighted points) are given,
regular SFS is likely to be well-posed and have a unique solution [152].

» Compared to photometric stereo algorithms [166, 158], the registration prob-
lem of multiple images has been alleviated.

3.4.1 Statistical symmetric SFS

One interesting development along symmetric SFS is the so-called statistical
symmetric SFS [74]. The relationship between this statistical symmetrical SFS
and the symmetrical SFS proposed in this chapter is similar to the relationship
between SFS and the statistical SFS [71]. Just as in [71], a sequence of laser-
scanned range images of real human heads are used to transform the symmetric
SFS problem into a parametric problem; hence, a more stable and easier-to-
compute version of symmetric SFS.

So far we have been focusing on how to improve shape from shading by
exploring the symmetry property of symmetric objects directly. The symmetry
cue has also been applied successfully in other applications [91, 75, 92, 95].
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In the following, we briefly discuss some practical applications of enforcing
symmetry cue, in particular, face recognition.

3.4.2 Image and view synthesis

The first application is to synthesize the prototype image from a given front-
view image under a different illumination condition. This technique is useful
for improving the performance of existing face recognition systems when only
one image is available [91]. Based on the assumption that all faces share a
similar common shape, we can shorten the two-step procedure of obtaining
the prototype image from a given image (1. given image to shape via SFS,
2. recovered shape to prototype image) to one direct step: image to prototype
image with the aid of a generic 3D head model.

Comparing Eq. (3.7) and Eq. (3.3), we obtain

Iplz,y] = m(”x,y] + I[-=z,y]), (3.20)

where K is a constant equal to \/1 + P? + Q2. This simple equation directly
relates the prototype image I, to Iz, y] + [z, —y] which is already available.
It is worthwhile to point out that this direct computation of I, from I offers the
following advantages over the two-step procedure:

» There is no need to recover the varying albedo p[z, y].
w There is no need to recover the fu// shape gradients (p, q).

The only parameter that needs to be recovered is the partial shape information q.
Theoretically, we can use the symmetric SFS algorithm to compute this value.
But as we discussed earlier, due to practical issues of using just one image, we
approximate this value with the partial derivative of a 3D face model and use
the self-ratio image equation (Eq. (3.9)) as a consistency checking tool [91]. A
better way could be to deform the generic model based on image contour [106].

In Figure 3.14 we compare the results of rendering the prototype images
using 1) local SFS and model-based source-from-shading and 2) direct compu-
tation based on SSFS plus a generic 3D face model and model-based symmetric
source-from-shading. These results clearly indicate the superior quality of the
prototype images rendered by direct computation.

For face object under out-of-plane rotation we can apply view-synthesis
based on similar idea [92]. This can be done by first determining the 3D pose
of the object and then rotating it back [106, 92]. In order to facilitate this
procedure, we need the following lemma (see [92] for details):

LEMMA 3.5 Suppose that, after the underlying surface is rotated in the z-z
plane about the y-axis by 8 (anti-clock-wise), the partial gradients (p[z, y], q[z, y])
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Figure 3.14.  Image rendering comparison. All the original images are listed in the first column.
The second column represents the prototype images rendered using the local SFS algorithm.,
Prototype images rendered with symmetric SFS are plotted in the third column. Finally, the
fourth column represents real images which are close to the prototype images.

become (p?[z’, '], ¢°[z,3/]); then they are related by

or../ .,/

p’l2,y] = tan(f + )

9[ ’ /] — qlz,y]cos by (3.2
YL = cos(0+0g) °

where tan 6y = p|x, y|.

In Figure 3.15, we illustrate the synthesized images under different rotations
and illuminations (with a Lambertian model).

In [167], a method has been proposed to perform pose-normalization while
the lighting condition is kept unchanged. For a given non-frontal view of a
symmetric object under a non-frontal illumination, they first generate the mirror
image of the object under the same illumination condition as the original view.

They then apply view morphing technique to synthesis the frontal view image
under the same illumination.
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Figure 3.15. Rendering images under different rotations and illuminations using the generic
face head. The images are arranged as follows: in the row direction (left to right) the images are
rotated by the following angles: 5°, 10%, 25°, and 35°; in the column direction (top to bottom)
images are illuminated under the following conditions: pure texture warping (no illumination
imposed); (@ = 0°); and (@ = 30°, 7 = 120°),



Chapter 4

GENERALIZED PHOTOMETRIC STEREO

We present a theory of generalized photometric stereo and its application to
face recognition. In the first part, we present the generalized photometric stereo
algorithm that is able to handle all appearances under different illuminations of
all objects in a class, in particular the human face class, whereas the ordinary
photometric stereo algorithm handles the appearances belonging to one object
under different illuminations. In the second part, we evaluate this algorithm
in its application to face recognition under illumination variation. Since this
generalization is linear, the blending linear coefficients offer an illuminant-
invariant identity signature.

Y

=

Figure 4.1, The top row displays an example of an object-specific ensemble, which contains
images of one object under eight different light sources. This can be handled by the ordinary
photometric stereo algorithm. The bottom row displays an example of a class-specific ensemble,
which contains images of eight different objects illuminated by eight different lighting sources.
This cannot be handled by the ordinary photometric stereo algorithm but can be handled by the
proposed generalized photometric stereo algorithm. Imagery courtesy of [75].

Figure 4.1 motivates the proposed approach. The top row of Figure 4.1
displays one Yale object [75] under eight different light sources. This is an
example of an object-specific ensemble. Photometric stereo algorithms [150,
161] take object-specific ensemble as input and recover the varying albedos and
surface normals for the object, even assuming no knowledge of the illumination
conditions. Here, by photometric stereo algorithm we mean any algorithm that
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utilizes a Lambertian reflectance model to describe the visual appearance and
has a capability of recovering the albedos and surface normals involved in
the reflectance model. However, ordinary photometric stereo algorithm cannot
handle the images in the second row of Figure 4.1, where each image represents
adifferent object under a different light source. This gives an example of a class-
specific ensemble. The need to handle class-specific ensemble motivates us to
propose a generalized photometric stereo approach.

As in ordinary photometric stereo algorithm, the generalized photometric
stereo algorithm utilizes a Lambertain refletance model to represent the visual
appearance. The significant difference between the ordinary and generalized
photometric stereo algorithms lies in the image ensemble they analyze. The
object-specific image ensemble that the ordinary photometric stereo algorithm
analyzes consists of the appearances of one object under different illuminations
while, in general, the class-specific image ensemble that the generalized photo-
metric stereo algorithm analyzes consists of the appearances of different objects,
with each object under a different illumination. Analysis of the latter image
ensemble is very difficult. To further complicate the matter, the knowledge of
the basis objects is also unknown and to be recovered. To this end, we introduce
a key assumption: These different objects belong to one class (for example, the
human face class) so that they are linearly spanned by a fixed number of basis
objects. Generalized photometric stereo does not assume any knowledge of the
lighting sources as well as the blending coefficients. Rather, the generalized
photometric stereo approach actually recovers these parameters.

We evaluate the generalized photometric stereo algorithm in a face recog-
nition application. The key assumption has two important implications. First,
it fits with the requirement of a recognition task that needs a generalization
capability built on a training set. The idea is to learn the basis objects from
the training set. Once learned, we use them to cope with arbitrary images be-
longing to objects other than those in the training set. Secondly, because the
bases are for the object class only, the blending coefficients provide an identity
encoding that is invariant to illumination. We employ them for illumination-
variant face recognition in the presence of a single light source, which results in
good recognition performance. Up to now, the shadow pixels are excluded for
computation. We further extend the above analysis to directly incorporate the
nonlinearity in the Lambertian model that accounts for attached shadows. We
validate this extension in the application of illumination-variant face recognition
in the presence of multiple light sources.

Section 4.1 elaborates the generalized photometric stereo algorithm and ad-
dresses its issues and challenges. Sections4.2 and4.3 detail the face recognition
setting and present experimental results using the PIE database. Section 4.2 fo-
cuses on face recognition in the presence of a single light source and Section
4.2 on multiple light sources.
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4.1 Principle of Generalized Photometric Stereo

This section describes the generalized photometric stereo algorithm. We
begin in Section 4.1.1 with a brief review of the related literature and highlight
the advantages of the proposed approach. We list in Section 4.1.2 the setting
and constraints. Then we present a method for recovering the albedos and
surface normal for a class in Sections 4.1.3 and 4.1.4. Section 4.1.3 discusses
the task of separating the illumination (v.i.z. finding the illuminant vector and
the blending coefficient) from an arbitrary image, which is used in the recovery
algorithm presented in Section 4.1.4.

4.1.1 Literature review and proposed approach

Recovery of albedos and surface normals has been studied in the computer
vision community for a long time. Usually a Lambertian reflectance model,
ignoring both attached and cast shadows, is employed. Early works from the
SFS literature assume a constant albedo field: this assumption is not valid
for many real objects and thus limits the practical applicability of the SFS
algorithms. Early photometric stereo approaches also require the knowledge
of lighting conditions, but such knowledge is hard to gather under uncontrolled
scenarios. Recent research efforts [75, 150, 161, 84, 168, 93, 144, 143, 90]
attempt to go beyond these restrictions by (i) using a varying albedo field, a
more accurate model of the real world, and (ii) assuming no prior knowledge or
requiring no control of the lighting sources. As a consequence, the complexity
of the problem has also increased significantly.

If we fix the imaging geometry and only move the lighting source to illumi-
nate one object, the observed images (ignoring the cast and attached shadows)
lie in a subspace completely determined by three images illuminated by three
independent lighting sources [161]. If an ambient component is added [168],
this subspace becomes 4-D. If attached shadows are considered, the subspace
dimension grows to infinity [145] but most of its energy is packed in a limited
number of harmonic components, thereby leading to a low-dimensional sub-
space approximation [160, 144, 143]. However, all the photometric-stereo-type
approaches (except [84, 90]) commonly restrict themselves to object-specific
samples and cannot perform reconstruction using an ensemble of images be-
longing to different objects.

In this chapter, we present a generalized photometric stereo algorithm that is
able to handle all appearances of all objects in a class, in particular the human
face class. To this end, we impose a rank constraint (i.e. a linear generalization)
on the albedos and surface normals of all human faces. We choose the human
face as a working example because it naturally fits in our framework and is
widely studied in the photometric stereo literature; however this does not pose
any constraints in applying our algorithm to other appropriate cases.
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We propose a rank constraint on the product of albedo and surface normal.
The rank constraint enables us to accomplish a factorization of the observation
matrix that decomposes a class-specific ensemble into a product of two matrices:
one encoding the albedos and surfaces normals for a class of objects and the
other encoding blending linear coefficients and lighting conditions. A class-
specific ensemble consists of exemplar images of different objects with each
under a different illumination, which is beyond what can be analyzed using
bilinear techniques of [214]. Bilinear analysis requires exemplar images of
different objects under the same set of illuminations. Because a factorization
is always up to an invertible matrix, a full recovery of the albedos and surface
normals is not a trivial task and requires additional constraints. We use two
constraints: surface integrability and face symmetry.

The surface integrability constraint [10, 149, 213] has been used in several
approaches [75, 168] to successfully recover albedo and shape. The symmetry
constraint has also been employed in [162, 93] for face images. We present an
approach to fusing these constraints to recover the class-specific albedos and
surface normals, even in the presence of shadows. More importantly, this ap-
proach takes into account the effects of a varying albedo field by approximating
the integrability terms using only the surface normals instead of the product
of the albedos and the surface normals. Due to the nonlinearity embedded
in the integrability terms, regular algorithms such as the steepest descent are
inefficient. We derive a linearized algorithm to find the solution.

4.1.2  Setting and constraints
Photometric stereo

As reviewed in Chapter 2, an image, which a collection of d pixels {h;,i =
1,...,d} that follow a Lambertian imaging model with a varying albedo field,
can be written as

hgx1 = Tyxs s3x1- 4.1)

In the above and for time being, we do not consider the shadow pixels and
will deal with them later on. The index ¢ corresponds to a spatial position
x = (x,y). We will interchange both notations. For instance, we might also
usex = 1,...,d.

In the case of photometric stereo, we have n images of the same object, say
{hy,ha,...,h,}, observed at a fixed pose illuminated by n different lighting
sources, forming an object-specific ensemble. Simple algebraic manipulation
gives:

Hixn = [=i1 ] = T[=4 8] = Taxs Ssxan, (4.2)

where H is the observation matrix and S = [s4, 89, . . ., 8] encodes the infor-
mation on the illuminants. Hence photometric stereo is rank-3 constrained.
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Note that when shadow pixels are present, the above factorization is still valid
if we are able to exclude them successfully.

The rank-3 constraint implies that, given at least three exemplar images for
one object under three different independent illuminations, we can determine
the identity of a new probe image by checking if it lies in the linear span of
the three exemplar images. This requires capturing at least three images for
one object in the gallery set, which might be prohibitive in practical scenarios.
Note that in this recognition setting, there is no need for the training set; in
other words, the training set is equivalent to the gallery set.

A typical recognition setting [60], however, assumes no identity overlap
between the gallery set and the training set and often stores only one exemplar
image for each object in the gallery set. However, the training set can have
multiple images for one object. In order to generalize from the training set
to the gallery and probe sets, we note that all images in the training, gallery,
and probe sets belong to the same face class, which naturally leads to the rank
constraint.

The rank constraint

The rank constraint is motivated by subspace analysis, which assumes that
an image h is linearly spanned by basis images h;.

h=)_ fih. (4.3)
i=1

Typically, the basis images are learned by PCA [64] using the images not
necessarily illuminated from the same light source. This forces the learned
basis images to cover variations in both identity and illumination, making it
ineffective.

We impose the restriction of the same light source on the training images.
As a consequence, the basis images can be expressed as

h; = T;s. (4.4)

because the basis image is a linear combination of the training images in PCA.
Therefore, Eq. (4.3) becomes

m m
haxt =Ts = ) fihi = Y fiTis = Wauam[Emx1 @ s3x1), (4.5)

i=1 i=1

where W = [=7L, T;], £ = [|JL; f;], and ® denotes the Kronecker (tensor)
product. This leads to a two-factor bilinear analysis [214].

Because s is a free parameter, Eq. (4.5) is equivalent to imposing a rank
constraint on the T matrix: any T matrix is a linear combination of some basis
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matrices {Ty, To, ..., Tp} coming from some m basis objects.
m
Taxs = _ f17T5- (4.6)
j=1

Since the W matrix encodes all albedos and surface normals for a class of objects,
we call it a class-specific albedo-shape matrix.

With the availability of n images {hj,hg,...,h,} for different objects, ob-
served at a fixed pose illuminated by n different lighting sources, forming a
class-specific ensemble, we have

Hoxn = [:>?:1 hi] s W[:>?:1 (fi ® Sz)] = wd><3mK3m><na (47)

where K = (=, (f; ® s;)]. It is a rank-3m problem, which combines the
rank of 3 for the illumination and the rank of m for the identity.

One immediate goal is to estimate W and K from the observation matrix H.
The first step is to invoke an SVD factorization, H = UAVT, and retain the top
3m components as H = U3mA3mvg-m=W K, where W = Us,,, and K = Agmv}m.
Thus, we can recover W and K up to an 3m x 3m invertible matrix R with W = WR,
K = R™'K. Additional constraints are required to determine the R matrix. We
will use the integrability and face symmetry constraints, both related to W. In
addition, the matrix K takes a special structure, i.e., each column vector of X is
a tensor product between two vectors.

The integrability constraint

One common constraint used in SFS research is the integrability of the surface

[149, 213, 168, 75]. Suppose that the surface function is z = z(x) with x =

{(z,y), we must have a% gfl = (‘% g%. If given the unit surface normal vector

nex) = [Gx), B(X), é(x)]T at pixel x, the integrability constraint requires that
0 by _ 0 ey 43
Ox é(x) By é(x) ‘

Equivalently, with o (x) defined as an integrability constraint term,

b . 0é e . da
x) = Cx) x) _ b(X) (x) + a(x) x) _ ¢(x) huaa(c)) =0. “4.9)
Oz Ox Oy oy

If given the product of the albedo and the surface normal t(xy = [a(x), b(x)» c(x)]T

with axy = pA(X)&(X)’ by = /)(X)l;(x)’ and cx) = px)Crx), Eq. (4.9) still
holds with @, b, and ¢ replaced by a, b, and ¢, respectively. Practical algo-
rithms approximate the partial derivatives by forward or backward differences
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or other differences with the inherent smoothness assumption. Hence, the ap-
proximations based on t(x) are very rough especially at places where abrupt
albedo variations exist (e.g. the boundaries of eyes, iris, eyebrow, etc.) since
the smoothness assumption is seriously violated. We proceed to use n(x) in
order to remove this effect.

The face symmetry constraint

For a face image in a frontal view, one natural constraint is its symmetry
about the central y-axis [93, 162]:

Play) = Pl=)i Uay) = ~O(-y)i bay) = V-ay)} Cay) = E-a);
(4.10)
which is equivalent to, using x = (z, y) and its symmetric point x = (—z,y),

ax) = —a®); bx) = bx) cx) = C) (4.11)

and is further equivalent to

Btey = lag) + a@}? + {b) — b)Y + ey — e} =0. (412

We call J(x) as the symmetry constraint term.
If a face image in a non-frontal view, such a symmetry still exists but the
coordinate system should be modified to take into account the view change.

4.1.3  Separating illumination

In this section, we temporarily assume that the class-specific albedo-shape
matrix W is available and solve the problem of separating illumation, v.i.z., for
an arbitrary image h, find the illuminant vector s and the coefficient f. For
convenience in performing tasks such as recognition, we also normalize the
solution £ to the same range.

The rank constraint gives rise to the basic equationh = W (f ® s). So, we
convert the separation task to a minimization task of finding f and s to minimize
the least square (LS) cost, i.e.,

miné(£,s) = b — W (f ®s)|?, (4.13)
Note that £ and s can be recovered only up to a non-zero scalar; one can always
multiply £ by a non-zero scalar and divide s by the same scalar. Therefore,
without loss of generality, we can simply pose an additional constraint: 17f =
1, where 1,,%1 is a vector of 1’s.

One way to solve this is indicated in [84]. It is a two-step algorithm. First, k
is approximated by k = W'h, where []Jr is the Moore-Penrose pseudo-inverse.
Thenk = £ ® s is used to solve for £ and s, again using the LS approximation,
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i.e. finding f and s such that the cost ||k — f @ s||? is minimized. However, as
pointed out in [84], the above algorithm is not robust since two approximations
are involved.

Before we proceed to the actual separation algorithm, note that shadows in
principle increase the rank (for the illumination only) to infinity. However,
if those pixels are successfully excluded in our calculations, the rank for the
illumination still remains to be 3 and the overall rank is 3m.

In view of the above and considering the normalization requirement, we
modify the optimization problem as

[Problem A] rjIEliné'(f, s)=||ro(b—W(f®s))|? —I—(1Tf —1)?, (4.14)
S

where 1yx1 indicates the inclusion or exclusion of the pixels of the image h and
o denotes the Hadamard (or element-wise) product. For a pixel x, 7(x) = 1
means to include the pixel x and 7(x) = 0 means to exclude the pixel x.

Using the fact that Eq. (4.5) provides a series of sub-equations, which is
linear in £ if s is fixed and in s if £ is fixed, we can design a simple iterative
algorithm to solve the Problem A. Each iteration of the algorithm has three
steps.

m Step 1: We solve for the LS estimate of £, given s and 7.

;
W o
f:[1%}{T1h};W:ﬂiﬁdwﬁbm. (4.15)

w Step 2: We solve for the LS estimate of s, given £ and 7:
s = WL(r oh), (4.16)
where Wg can be similarly defined.

s Step 3: Given £ and s, we update 7 as follows:
T={h-W{E®s) <nl, (4.17)

where 7 is a pre-defined threshold. We typically set n = 10. The above is
a Matlab operation which performs an element-wise comparison.

Note that in Eq. (4.15) and Eq. (4.16), additional saving in computation is
possible. We can form dimension-reduced matrices w’f and Wy and vector

and apply the primed version in Eq. (4.15) and Eq. (4.16). The matrices w/f

and w’s and vector b’ are formed from W¢, Ws, and h, respectively, by discarding
those rows corresponding to the excluded pixels.
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The initial condition of s can be arbitrary. But, for fast convergence, we need
good initial values. In our implementation, we estimate s using the algorithm
presented in [170]. To initialize 7, we employ heuristics to distinguish pixels
in shadows: their intensities are close to zero. In practice, we set those pixels
whose intensities are smaller than a certain threshold as missing values. In
addition, we also set those pixels whose intensities are above a certain threshold
as missing values to remove pixels possibly in a specular region. This is only
done for initialization as we update T during iterations. This way of initializing
T is very important for deriving the final solution; an initialize of 7 = 0 always
yields a zero cost function thus one has to avoid this attraction. We empirically
found that our current way of initialization is very robust.

To test the stability of our algorithm, we perturb the initial conditions and
find that our algorithm is very stable. It always reaches the same solution (up to
the convergence error) regardless of initial conditions and generates a smaller
residual than the algorithm in [84].

4.1.4 Recovering class-specific albedos and surface normals

The recovery task is to find from the observation matrix H the class-specific
albedo-shape matrix W (or equivalently R), which satisfies both the integrability
and symmetry constraints, as well as the matrices F and S. We decompose R as

R3mx3gm = {raly Ip1,Lels Ta2, L2, Le2y - - - s Tams Ybms rcm]

and treat the column vectors {raJ, Ty, Tej3 J = 1,...,m} as our computational
‘units’. We also decompose the W matrix that comes from SVD as W = [|J¢_,

W;Ec)] where ti(xy (x = 1,2,...,d)isa3mx 1 vectorand wg{) is set to be the row

corresponding to the pixel x inW. W = [§_, (=72, [ajx), bj(x) ¢jx)l]] = WR,
it is easy to show that

aj(x) = VAV-(];{)I'aj, bj(x) = W-(E{)fbj, Ci(x) = W-(];{)rcj; j=1,...,m. (4.18)

As mentioned in Section 4.1.3, we must take into account attached and cast
shadows. After setting them as missing values, we perform SVD with missing
values [232] to find W. Other analyses dealing with missing value are available
in [259, 255, 217].

In view of the above, we formulate the following optimization problem:
Minimize over Rg;nx3ms Fmxn = [£1,£2, - - -, £5], and S« = [81, S2, - - ., Sp
the cost function £ defined as

n

E(R,F,S) = %ZZ% M) — () TR(E: © 1)}

=1 X=1
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A m d Y m d
5 DA + 5 2 Y 8w,
=1 x=1 =1 x=1
= &(R,F,8) + A&L(R) + X2&2(R), (4.19)

where 7;(x) is an indicator function which takes the value one if the pixel x
of the image h; is not in shadow and zero otherwise, o;(x) is the integrability
constraint term based only on surface normals as defined in Eq. (4.9), and 3;x,)
is the symmetry constraint term as defined in Eq. (4.12). Alternatively, one
could directly minimize the cost function over W, F, and S. This is in principle
possible but numerically difficult as the number of unknowns depends on the
image size, which can be quite large in practice.

As shown in [146], the recovered surface normal is up to a generalized bas-
relief (GBR) ambiguity. To avoid trivial solutions such as a planar object, we
normalize the matrix R by setting ||R||2 = 1 where ||.||2 is a matrix norm.
In this way, the surface normals we are recovering are versions up to a GBR
ambiguity with respect to the true physical surface normals [75]. However,
they are enough for tasks such as face recognition under illumination variation.
Another ambiguity between f ; and s; is a nonzero scale, which can be removing

by normalizing f to same range: f;-rl =1, where 1,,x1 is a vector of 1’s.
To summarize, we perform the following task:

mi% E(R,F,8) subject to||R|]2 = l,FTl =1. (4.20)

sl

An iterative algorithm can be designed to solve Eq. (4.20). While solving
for F and S with R fixed is quite easy, solving for R with F and S is very
difficult because the integrability constraint terms involve partial derivatives
of the surface normals that are nonlinear in R. Algorithms based on steepest
descent are inefficient. We propose a linearized algorithm to solve for R, which
is detailed in [95].

We now illustrate how to update F = [f1,£f3,...,£,],S = [s1,89,...,8,],
and 7 = [7,79,..., 7] with R fixed (or W fixed). First note that F, S, and 7
are only involved in the term &;. Moreover, £;, s; and 7; are related to only
the image h;. This becomes the same as the illumination separation problem
defined in Section 4.1.3. The proposed algorithm is also iterative in nature.
After running one iterative step to obtain the updated F, S, and 7, we update R
again and this process is continued on until convergence.

Again, the same issue of initializing 7 exists, that is, an initialize of 7 = 0
always yields a zero cost function and one has to avoid this situation. We
use the same heuristics to initialize 7; that corresponds to image 7. Another
issue is related to the integrability constraint. It should be noted that the inte-
grability constraint is introduced only for regularizing the solution. We make
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no claim (and there is no guarantee) that the recovered matrices {T;; j =
1,2,...,m} must satisfy the integrability constraint. Further even if the ma-
trices {T;; j = 1,2,...,m} satisfy the integrability constraint, their linear
combination >_%; f;T; does not.

To demonstrate how the algorithm works, we design the following scenario
with m = 2 so that the rank of interest is 2 x 3 = 6. To defeat the photometric
stereo algorithm, which requires one object illuminated by at least three sources,
and the bilinear analysis, which requires two fixed objects illuminated by at
least three same lighting sources, we construct eight images by taking random
linear combinations of two basis objects illuminated by eight different lighting
sources. Figure 4.2 displays the two basis objects under the same set of eight
illuminations and the synthesized images. The recovered class-specific albedo-
shape matrix is also presented in Figure 4.2, which clearly shows the two basis
objects. The quality of reconstruction is quite good except around the nose
region. The reason might be that the two basis objects have quite distinct
noses so that the nose part of their linear combinations is not visually good
(for example the last image in the third row), which propagates to the recovery
results of albedos and surface normals from these combination images. Our
algorithm usually converges within 100 iterations.

Figure 4.2. Row 1: The first basis object under eight different illuminations. Row 2: The
second basis object under the same set of eight different illuminations. Row 3: Eight images
(constructed by random linear combinations of two basis objects) illuminated by eight different
lighting sources. Row 4: Recovered class-specific albedo-shape matrix W showing the product
of varying albedos and surface normals of two basis objects (i.e. the three columns of T and
T,) using the generalized photometric stereo algorithm.

One notes that the special case m = 1 of our algorithm can be readily ap-
plied to photometric stereo (with the symmetry constraint removed) to robustly
recover the albedos and surface normals for one object.
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0 =-ground truth, x —- estimated value

519
4 511 . o

7 0f8é
o2
ag
o]
L c;m( 22
1 >4 8 15
- el &f9 .
ol
1o %13 x
0.8 o °
&éF . of7
16
084 /o0a
/
~
04— /03
/
/o2
02~ /_
/o
* head /
s
o A
a4 - 7 7 W
08 08 -0a .oz 0 o 77 -0

Figure 4.3. Right: Flash distribution in the PIE database. For illustrative purposes, we move
their positions on a unit sphere as only the illuminant directions matter. ‘0’ means the ground
truth and “x’ the estimated values.

4.2 Illumination-Invariant Face Recognition in the
Presence of a Single Light Source

This section deals with illumination-invariant face recognition in the pres-
ence of a single light source, which serves as a main evaluation tool for the
generalized photometric stereo algorithm.

We define in Section 4.2.1 recognition setting and report in Section 4.2.2
face recognition results using the PIE database.

4.2.1 Recognition setting

As mentioned earlier, we study an extreme recognition setting with the fol-
lowing features: there is no identity overlap between the training set and the
gallery and probe sets; only one image per object is stored in the gallery set;
the lighting conditions for the training, gallery and probe sets are completely
unknown.

Our recognition strategy is as follows.

n Learn W from the training set using the recovery algorithm described in
Section 4.1.4 or construct W if we have 3D face models available.

»  With W given, learn the identity signature £’s for both the gallery and probe
sets using the recovery algorithm that solves the Problem A in Eq. (4.14) as
described in Section 4.1.3, assuming no knowledge of illumination direc-
tions.
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» Perform recognition using the nearest correlation coefficient. Suppose that
a gallery image g has its signature £, and a probe image p has its signature
£, their correlation coefficient is defined as

(£p: )

CC(p, g) =T,
(fp, £p)(fg, fy)

4.21)

where (x,y) is an inner-product such as (x,y) = x! Yy with ¥ learned or
given. We use X as an identity matrix.

Compared to the approached reviewed in Chapter 2, the proposed recognition
scheme possesses the following properties: (i) It is able to recognize new objects
not present in the training set; (ii) It is able to handle new lighting conditions not
present in the training set; and (iii) No explicit 3D model and no prior knowledge
about illumination conditions are needed. In other words, we combine the
advantages of the subspace learning and reflectance model-based methods.

We use the PIE database [85] in our experiment. In particular, we use the
‘illum’ part of the PIE database that is close to the Lambertian model as in [77]
while the ‘light’ part that includes an ambient light is used in [72]). Figure 4.3
shows the distribution of all 21 flashes used in PIE and their estimated positions
using our algorithm. Since the flashes are almost symmetrically distributed
about the head position, we only use 12 of them distributed on the right half of
the unit sphere in Figure 4.3. More specifically, the flashes we used are fos,
foo, fi1-f17, and fop-fao. In total, we used 68 x 12 = 816 images in a fixed
view as there are 68 subjects in the PIE database. Figure 4.4 displays one PIE
object under the selected 12 illuminants.

Registration is performed by aligning the eyes and mouth to desired positions.
No flow computation is carried on for further alignment as opposed to [72] .
After the pre-processing step, the cropped out face image is of size 50 by 50, i.e.
d = 2500. Also, we only study gray images by taking the average of the red,
green, and blue channels of their color versions. We use all 68 images under
one illumination to form a gallery set and under another illumination to form
a probe set. The training set is taken from sources other than the PIE dataset.
Thus, we have 12 x 11 = 132 tests, with each test giving rise to a recognition
score.

4.2.2 Experiments and results

We assume that all the images have been captured in a frontal view, but we
do not assume that the directions and intensities of the illuminants are known.

Yale training set

The training set is first taken as the Yale’s illumination database [75]. There
are only 10 subjects (i.e. m = 10) in this database and each subject has 64



84 UNCONSTRAINED FACE RECOGNITION

Figure 4.4. The top row displays one PIE object under the selected 12 illuminants (from left to
right, fos, foo, f11-f17, and fag-f22) and the bottom row one Yale object under 9 lights (most
frontal lights) used in the training set.

Gly  fos  foo fuu fiz fis  fiu fis  fie  fir fao fu foo  Avg

Prb

fos - 96 96 87 66 60 46 29 22 85 78 53 65
foo 94 - 96 96 90 87 56 40 24 84 96 68 75
fi1 94 91 - 97 72 72 38 28 16 F 94 51 69
fi2 88 94 97 - 88 93 57 41 28 94 F 76 78
fis 56 87 59 85 - F 90 71 50 54 87 F 76
fia 51 85 63 93 F - 90 66 49 59 91 99 77
fis 33 40 37 49 85 88 - 93 78 32 49 97 62
fie 19 26 26 32 59 44 84 - 93 26 31 63 46
fir 14 28 19 26 50 41 68 94 - 19 26 44 39
fa0 90 85 99 97 65 69 38 26 21 - 93 53 67
f21 79 94 93 F 88 94 62 49 28 91 - 76 78
fa2 43 65 46 75 99 99 97 76 59 43 74 - 70

Avg 60 72 66 76 78 77 66 56 42 63 74 71 67

Tuble 4.1. Recognition rate obtained by the generalized photometric stereo approach using the
Yale’s database as the training set. ‘F” means 100 and * f..,” means flash no. nn.

images in frontal view illuminated by 64 different lights. We pick out images
under 9 lights (mostly frontal) in order to cover up to second-order harmonic
components [144]. Figure 4.3 shows one Yale object under r = 9 lights.

Table 4.1 lists the recognition rates for the PIE database using the Yale’s
database as the training set. Even with m = 10, we obtain quite good results,
especially when the gallery and probe sets are close in terms of their flash
positions. When the flashes of the gallery and probe sets become separated, the
recognition rate decreases. The worst performance is with the gallery set at fog
and the probe set at fi7, two most separated flashes. In general, using images
under frontal or near-frontal illuminants (e.g. foo, fi12, and fo1) as gallery sets
produces good results.

For comparison, we also implemented the ‘Eigenface’ approach (discarding
the first 3 components) and the ‘Fisherface’ approach by training the subspace
projection vectors from the same training set. The recognition rates are pre-
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Gly fos foo fu fiz fis fia fis fie fir foo fa fn Avg
Prb

fos - F 90 66 21 9 1 9 4 60 60 1 38

foo F - 72 94 59 31 10 24 13 51 84 13 50

f11 97 91 - F 29 24 13 15 10 F 94 19 54

fi2 93 97 F - 93 90 56 59 35 96 F 69 81

fi3 19 62 22 68 - 97 82 F 68 13 84 81 63

fia 9 15 12 62 F - F 84 82 12 72 F 59

fis 0 3 1 4 76 F - 74 76 1 18 F 41

fie 6 25 3 31 82 65 71 - F 3 41 57 44

fir 4 12 3 31 51 56 81 F - 3 28 59 39

fa0 88 76 F 99 28 28 15 12 16 - 99 19 53

far 84 97 97 F 96 88 57 74 46 96 - 71 82

faz 3 4 3 13 72 F F 50 57 3 24 - 39

Avg 46 53 46 61 64 62 53 54 46 40 64 54 54

Table 4.2. Recognition rate obtained by the ‘Eigenface’ approach discarding the first 3 com-
ponents using the Yale’s database as the training set. ‘F” mean 100 and * f,,,,” means flash no.

nn.

Gly f08 fog fu f12 f13 f14 f15 f16 f17 f20 f21 f22 Avg
Prb

fos - 97 97 93 63 56 29 16 9 94 85 29 61
foo 99 - 97 99 96 88 38 21 12 91 96 57 72
fu 99 96 - 99 62 63 29 16 12 F 94 41 65
fiz2 96 99 F - 93 91 40 22 13 99 F 69 75
fis 74 93 69 84 - F 71 37 16 62 87 97 72
f1a 66 88 74 93 F - 76 34 19 71 93 F 74
fis 22 34 24 35 71 66 - 82 46 28 44 99 50
fie 12 21 13 18 28 26 74 - 85 18 22 47 33
fiz 6 7 9 13 15 18 40 81 - 13 16 24 22
fa0 93 88 F 96 63 68 32 19 13 - 96 43 65
fa1 87 94 F F 93 99 51 22 15 99 - 84 77
faz 41 65 43 62 96 F F 56 29 46 71 - 64
Avg 63 71 66 72 71 70 53 37 24 65 73 63 61

Table 4.3. Recognition rate obtained by the ‘Fisherface’ approach using the Yale’s database as

the training set. ‘F” mean 100 and ‘ f,.,” means flash no. nn.

sented in Tables 4.2 and 4.3. The ‘Fisherface’ approach outperforms the ‘Eigen-
face’ approach, but both perform worse than our approach. On the average, the
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Gly fos foo fuu fiz fis fia fis fis fir fao fa fa2 Ag
Prb

fos - F 99 99 97 97 79 72 43 99 97 93 88
fos F - 99 99 99 99 97 9] 60 97 97 97 94
fir 99 99 - F F F 90 76 65 F F 99 93
fiz 99 99 F - F F F 93 76 F F F 97
fia 99 99 F F - F F F 88 99 F F 99
fia 99 99 F F F - F F 9% 99 F F 99
fis 84 94 93 F F F - F F 88 F F 96
fie 69 87 78 90 F F F - F 69 90 F 89
fir 44 60 51 71 84 91 99 F - 56 75 94 75
f2o 97 97 F F F F 90 74 68 - F 99 93
for 97 97 F F F F F 97 82 F - F 98
fa2 90 97 96 F F F F F 99 97 F - 98
Avg 89 93 92 96 98 99 96 91 80 91 96 98 93

Table 4.4. Recognition rate obtained by the generalized photometric stereo approach using the
Yale’s database (the left number in each cell) and the Vetter’s database (the right number in each
cell) as the training set. ‘F” means 100 and * f,,,,” means flash no. nn.

proposed generalized photometric stereo approach is 10% better than the *Fish-
erface’ approach. This highlights the benefit of decoupling the illumination
variation.

Vetter training set

Generalization capacity with m = 10 is rather restrictive. We now increase
m from 10 to 100 by using Vetter’s 3D face database [72]. As this is a 3D
database, we actually have W available. However, we believe that using a training
set of m = 100 from other sources can yield similar performances. Table 4.4
tabulates the recognition rates obtained by the proposed algorithm. Significant
improvements have been achieved by increasing m. This seems to suggest that
a moderate sample size of 100 is enough to span the entire face space under a
fixed view. The comparison between our approach with Blanz and Vetter [72]
is highlighted in Section 4.3.2.

Illuminant estimation

In the above process, we also achieve illuminant estimation. Figure 4.3
shows the estimated illuminant directions. It is quite accurate for estimation of
directions of flashes near the frontal pose. But when the flashes are significantly
off-frontal, accuracy slightly goes down.
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4.3  Illumination-Invariant Face Recognition in the
Presence of Multiple Light Sources
This section deals with face recognition in the presence of multiple light
sources. It turns out that the nonlinearity in the Lambert’s law is very important
to this task. We extend our earlier analysis to directly incorporate the attached
shadows rather than excluding them for computation.

4.3.1 How important is the nonlinearity in the Lambert’s
law?

o non-tincarity Shadune pixelsighored Withrsion=linearity

SE0.74, 059, 0,

SeHIS20T2.-0.45) s=HET60.55 300"

Figure 4.5. The error surfaces for the estimation of the light source direction given a face
image of known shape and albedo. The three plots correspond to the three approaches described
in the text. The lower the error is for a particular illumination direction, the darker the error
sphere looks at the point corresponding to that direction. The true and estimated values of the
illumination direction are listed along with the plots.

In general, objects like faces do not have all the surface points facing the
illumination source which leads to the formation of attached shadows. The cast
and attached shadows are often ignored from the analysis to keep the subspace
of the observed images in a three [161] or with the addition of an ambient
component [168], four dimensional linear subspace. This is also true for the
proposed generalized photometric stereo algorithm. Therefore, these generative
approaches either ignore this non-linearity completely or try to somehow ignore
the shadow pixels. Here we present a simple illustration to highlight the role
attached shadows can play.

Suppose the goal is to estimate the illumination source from a single face
image given the shape and albedo of the face. We explore three approaches for
this task: the first approach ignores the non-linearity completely, the second
one uses the linear rule but ignores the shadow pixels and the last one uses
the Lambert’s Law in its pure form. The accuracy of the global minimum and
its ambiguity on the error surface is taken as the criterion for the goodness of
the method. The analytical expressions for the error function using the three
options can be written as :

Completely linear: E(s)=||h~ pnTs 1% (4.22)
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Shadow pixels ignored: E(s)=|To(h— pnTs) % (4.23)

Non-linear rule: E(s) =l h— max(pnTs,O) 2. 4.24)

Clearly, the linear method penalizes the correct illumination at the shadow
pixels by having non-zero error values for those pixels. On the other hand,
when shadows are ignored, the illuminations which produce wrong values for
the shadow pixels do not get penalized there. As the set of all possible normals
lies on the surface of a unit sphere, we use a sphere to display the computed
error functions. Figure 4.5 shows the error surfaces for the three methods for
a given face image. The lower the error is for a hypothesized illumination
direction s, the darker the surface looks at the corresponding point on the
sphere. The global minimum is far from the true value using the first approach
but is correct up to a discretization error for the second and third approaches.
In fact, the second and third methods will always produce the same global
minimum (assuming the correct values of 7 are set), but the global minimum will
always be less ambiguous in the third case because several wrong hypothesized
illumination directions do not get penalized enough in the second approach due
to the exclusion of the shadow pixels (Figure 4.5) .

The case of multiple light sources

The above analysis implicitly assumes that there is only one distant light
source illuminating the face. Though the assumption is valid for datasets like
PIE, it does not hold for most realistic scenarios. We now explore the impact of
using the /inear Lambert’s law for images illuminated by multiple light sources.
Using the /inear Lambert’s law, an image illuminated by & different light sources
can be represented as:

k k
h= anTsi = pnT Z 8; = pnTs*, (4.25)
i=1 i=1

where s* = Zle ;. This shows that under the linear assumption, multiple
light sources can be replaced by a suitably placed single light source without
having any effect on the image. This is a bit counter-intuitive as can be seen in
a simple two-source scenario:

h= pnT31 + pnTsQ. (4.26)

Now if 81 = —s9
h= pnT(31 —s2) = 0. 4.27)

Thus the linear assumption can make the effect of light sources interfere in a
destructive manner and give strange outcomes. Please note that the negativity
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comes because of the direction and not because of the intensity of the light
source. Quite clearly, the harm done by the linearity assumption is proportional
to the angle subtended by the light sources at the surface.

Though the above discussion concludes that the Lambert’s law in its pure
form is better suited for illumination estimation than the other variants, it is
only of academic interest if inclusion of the non-linearity does not improve the
recognition results. The following section proposes a variant of the generalized
photometric approach taking the non-linearity into account. The improvement
in the recognition accuracy highlights the importance of including the attached
shadows in the analysis.

4.3.2  Face recognition in the presence of a single light
source (revisited)

Gly fos foo fuu fiz fis fie fis fie fir feo for fa2 Avg

Prb

fos - F F F 9% 97 8 72 50 F 97 8 90
fos F - F F F 99 97 9% 75 F F 97 97
fu F F - F F 97 9 78 63 F 99 94 94
fiz F F F - F F F 99 90 F F F 99
fisz 97 F F F - F F F 9% F F F 99
fia 94 F F F F - F F 99 F F F 99
fis 8 97 97 F F F - F F 97 F F 98
fis 74 9 81 93 F F F - F 76 97 F 93
fir 59 74 63 8 99 99 F F - 71 % F 87
foo 99 F F F F 99 9 8 71 - F 97 95
foi 97 F F F F F F 99 9 F - F 99
fo 93 F 99 F F F F F 99 99 F - 99
Avg 92 97 95 98 F 99 97 94 8 95 99 98 96

Table 4.5. Recognition results on the PIE dataset. f; denotes images taken with a particular
ftash ON as labeled in PIE. Each (i, j )"h entry in the table shows the recognition rate obtained
with the images from f; as gallery while from f; as probe.

We here extend the generalized photometric stereo approach to directly in-
clude attached shadows. Our main focus here is to highlight the importance of
the non-linearity in the Lambert’s law and not generalized photometric stereo.
Therefore, we generate the shape-albedo matrix W using Vetter’s 3D data for all
our experiments.

The key derivation is Eq. (4.5), where the attached shadows are not con-
sidered. / To take into account the inherent hard non-linearity present in the
Lambert’s law, we let h; = max(T;s, 0) in Eq. (4.5) instead of h; = T;s. Eq.
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(4.5) can then be written as

hax1 = i fibi = }mj fimax(T;s, 0). (4.28)

i=1 i=1

Therefore, given shape-albedo matrix W = [Ty, Tq, . .., Ty}, the recovery of
the identity vector £ and illumination s can be posed as the following optimiza-
tion problem:

m
[Problem B] r}fliné’(f, s) = b=>_ f; max(T;s,0) |* +(1T5-1)? (429
S i=1
Please note that s is not a unit vector as it contains the intensity of the illumi-
nation source also. The main difference between Eq. (4.14) and Eq. (4.29) (or
problems A and B) lies in that the shadow pixels are excluded in Eq. (4.14) but
directly modeled in Eq. (4.29).

The minimization of Eq. (4.29) is performed using an iterative approach,
fixing £ for optimizing £ w.r.t. s and fixing s for optimization w.r.t. £. In each
iteration, £ can be estimated by solving a linear least-squares (LS) problem but
anon-linear LS solution is required to estimate s. The non-linear optimization
is performed using the /sgnonlin function in MATLAB which is based on the
interior-reflective Newton method. For most faces, the function value did not
change much after 4-5 iterations. Therefore, the iterative optimization was
always stopped after 5 iterations. The whole process took about 5-7 seconds
per image on a normal desktop.

We perform recognition experiments across illumination using the frontal
faces from the PIE dataset, following the same setting as in Section 4.2.1. Ta-
ble 4.5 shows the recognition results obtained using this approach. Recognition
is performed across illumination with images from one illumination condition
from the PIE dataset forming the gallery set while images from another il-
lumination condition forming the probe set. Each gallery/probe set contains
one frontal image per subject taken in the presence of a particular light source
(there are 68 subjects in each gallery/probe). Each entry in the table shows
the recognition rate achieved for one such choice of gallery and probe. Com-
pared with Table 4.4, the recognition performance with the inclusion of the
non-linearity in the Lambert’s law is almost always better or same. The overall
average performance is up from 93% to 96%. The improvement is significant
in cases involving difficult illumination conditions (with lots of shadows) like
the flash f1~ in the PIE dataset. This shows that though the estimation becomes
slightly more difficult, the recognition rate improves with the inclusion of the
non-linearity.

As an interesting comparison, Romdhani, Blanz, and Vetter [82] also re-
ported detailed recognition rates across the illumination variation using the 3D
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morphable model. Using the ‘light’ part of the PIE database and only fi2 as
the gallery set, they recorded an average of 98% for color images. We matched
their performance, an average of 98% using f2 as the gallery, using gray im-
ages. However, we used the ‘illum’ part of the PIE database, which lacks the
ambient light source. The effect is that in our experiments, images captured
under extreme lights are almost completely dark, which makes the recognition
of these images nearly impossible. On the other hand, the challenge in the
‘light’ part is that people wear glasses. We believe that our performances can
be boosted using the color images and finer alignment. In terms of computa-
tion, our approach is much faster than [82]. In principle, there are significant
differences too. In [82] depths and texture maps of explicit 3D face models are
used, while our image-based approach uses the concepts of albedo and surface
normal and can recover the 3D models under the rank constraint.

4.3.3 Recognition in the presence of multiple light sources

One of the issues in handling multiple illumination case is the prior knowl-
edge of the number of light sources. In the absence of this knowledge, one can
hypothesize several different cases and choose the one with minimum residual
error. This can be done in a manner very similar to the approach described for
the single illumination case with the following change in the objective function:

m k
£(£,5) = b3 S max(T;s;,0) |2 +(17£ —1)%, (4.30)

i=1 j=1

where k is the hypothesized number of light sources. The objective function can
be minimized repeatedly for different values of k£ and the one with minimum
error can be taken as the correct hypothesis. Figure 4.6 shows the variation
of the error with &, for an image illuminated by three different light sources.
As can be seen, the error more or less stabilizes for £ > 3. Note that for the
linear Lambert’s law, such a curve will look more or less horizontal due to
the equivalence of the single and multi-light source scenarios (Equation 4.25)
under the linear assumption.

Ermw
ag
S

Figure 4.6. The error obtained for different hypothesized number of light sources for the face
image shown. The face was illuminated using 3 light sources.
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Though one can use this approach by varying k, it is both inelegant and
computationally intensive. In our approach, we avoid the extra computations
by making the following assumption. We assume that an image of an arbitrarily
illuminated face can be approximated by a linear combination of the images
of the same face in the same pose, illuminated by nine different light sources
placed at pre-selected positions. Lee ef al. [79] show that this approximation
is quite good for a wide range of illumination conditions. Hence, a face image
can be written as

9
h =) a;max(T;,0), (4.31)
j=1
where {&,82,...,8¢} are the pre-specified illumination directions. As pro-
posed in [79], we use the following directions for {&;, 82, ..., 80 }:
¢ =1{0,49, —68,73,77, —84, —84,82, —~50}°;
6 ={0,17,0,-18, 37,47, —47, -56, —84}°. (4.32)
Under this formulation, Eq. (4.30) changes to
m 9
[Problem C r?ing(f,a) =|| th fi Zaj max(T;$;,0) || +(1Tf—1)27
D i=1 j=1
(4.33)
where £ = [|%; fi] and agx1 = [l}?:l a;]. This way one can potentially

recover the illumination-free identity vector £ without any prior knowledge of
the number of light sources or any need to check different hypotheses for the
same.

L i L .
50 100 50 0 E: 50 100 150 200 E:
Callery D Probe I

Figure 4.7. The per-gallery and per-probe average recognition rates on the 210 doubly-
illuminated scenarios generated from the PIE dataset. The blue curve shows the performance of
the proposed approach while the red curve shows the recognition rates obtained using the linear
single light source approach.

Now the objective function is minimized with respect to £ and «. This
gives us the illumination-free identity vector £ which is used for recognition.
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The optimization is done in an iterative fashion by fixing one parameter and
estimating the other and vice-versa.
By defining a d x m matrix W¢ as

9
g = 124 (3 e max(ria;, 0),
j=1

it is easy to show that
We 1 h
= 3]0 (4.34)

where h,,; is the vectorized input face image, HT is the Moore-Penrose inverse,
1mx1 18 the m-dimensional vector of ones, included to handle scale ambiguity
between f and o.

Looking carefully at the objective function {e.g. Eq. (4.33)), one can eas-
ily observe that « too can be estimated by solving a linear LS problem (as
{81,89,...89} is known). This avoids the need for any nonlinear optimiza-
tion here. Recall that nonlinear LS was required to estimate s in the approach
proposed for the single light source case. The expression for « can be written
as:

o = th’ (4.35)
where,
m
W, = [:>j.:1 O fimax(T:8;,0))| . (4.36)
=1 dx9

For most of the face images, the iterative optimization converged within 5-
6 iterations. As there is no non-linear optimization involved, it took just 2-3
seconds to recover £ and o from a given face image on a normal desktop. As
the identity variable is estimated from an image by separating the effect of
all the light sources in the form of «, it is used as the illumination-invariant
representation for recognition across varying illumination. The correlation co-
efficient of the identity vectors is used as the similarity measure for recognition
experiments.

4.3.4 Experiments and results

To begin with, we test this algorithm by running the same experiment as we
do for the single light source approach. Though the PIE dataset is not suited to
test the ability of this algorithm to handle arbitrarily illuminated images, a good
performance here can be considered as a proof of concept. The overall average
recognition rate for the experiment obtained using this algorithm is 95% which
is higher than the generalized photometric stereo algorithm that gives 93%.

Due to the unavailability of a standard dataset containing face images with
multiple light sources ON at a time, we generate such data using the PIE and
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Figure 4.8.  The doubly-illuminated images of a subject from the Yale database. Each image
is generated by adding 2 images of the same subject illuminated by different light sources.

Yale datasets. Due to the controlled nature of the datasets, multiple images of
a subject under different illuminations but same pose, are more or less aligned.
If we ignore any camera gain, this allows us to add multiple images of a per-
son taken under different illuminations to get one with the effect of an image
captured with multiple lights ON. The images generated this way look pretty
realistic (see Figure 4.8).

We report the results of experiments on the dataset created by adding im-
ages from two illumination conditions from PIE at a time. As PIE has 21
221 ) = 210 different
doubly-illuminated scenarios. Recognition was done across all 210 scenar-
ios by taking one as the gallery and another one as the probe at a time to get
210 x 209 recognition scores. As it is difficult to show the recognition scores
by drawing a 210 x 210 table, we show only the aggregated per-gallery and
per-probe recognition rates (similar to the averages in Table 4.5) in Figure 4.7.
The blue curve on the top shows the averages obtained by the proposed ap-
proach. For comparison, we show the recognition rates obtained on this dataset
using the generalized photometric sterco algorithm that ignores shadow pixels
under the single light source assumption (red curve). For ease of use, we will
call this method as ISP-SLS (Ignores Shadow Pixels under Single Light Source
Assumption). There exists a zero in the red curve because for one gallery/probe,
the method ended up ignoring most of the pixels as shadows and thus was un-
able to recover the identity variable. The recognition rates obtained using the
proposed approach are always better or same as compared to ISP-SLS. The
increase in the recognition accuracy is more prominent for the cases where the
two illumination sources combined to generate the doubly-illuminated scenario
were far apart. This happens because the destructive interference of two light
sources (due to the linearity assumption in ISP-SLS as described in Section
4.3.1) increases with an increase in the angle between the two.

We further test the algorithm by generating a similar doubly-illuminated
data using Yale Face Database B [75]. Figure 4.9 shows the six challenging
illumination conditions used to generate fifteen different scenarios (shown in

different illumination scenarios, we get a total of (
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Figure 4.9.  The 6 illumination conditions from the Yale face Database B used to generate the
doubly-illuminated data.

Figure 4.10. The reconstructed shapes of a face using (a) the ISP-SLS approach and (b) the
proposed approach that takes into account nonlinearity. In each column, the three images display
the three components of the reconstructed surface normals for the face. Columns 1-5 correspond
to the five illumination scenarios with the number of light sources varying from 1-3, respectively.
In (a), quite clearly, the quality of the reconstructed surface obtained by the ISP-SLS approach
degrades as the number of light sources increase. In (b), we can see that there is hardly any
difference in the reconstructed surfaces across various columns (which correspond to the 5
different illuminations scenarios with the number of light sources ranging from 1-5).

Figure 4.8) by pairing two at a time. The average recognition rate achieved
on this difficult data (Figure 4.8 shows images of one subject under the 15
illumination conditions) using our algorithm is 77%. This is up by more that
25% compared to the accuracy achieved both by ISP-SLS method and the
method which takes the non-linearity into account under the single light source
assumption.

All the above experiments implicitly assume that the faces in the gallery and
probe are illuminated by the same number of light sources. Clearly, the pro-
posed algorithm does not impose any such restriction. Therefore, we perform
another experiment to test the ability of the proposed approach to generalize
across varying number of light sources. We generate five illumination scenarios
using the PIE dataset with the number of light sources (added to create each
scenario) ranging from 1-5. To avoid any bias, the combinations of the light
sources are selected randomly from the 21 illumination sets in the PIE dataset.
Recognition is performed across the five scenarios by considering one among
them as the gallery and another one as the probe at a time. As before, each
gallery/probe contains one image for each of the 68 subjects present in the PIE
dataset. While the ISP-SLS approach performs poorly in this experiment, the
proposed approach does a perfect job as shown in Table 4.6. Figure 4.10 shows
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the reconstructed surfaces for a face illuminated in the presence of the five
illumination scenarios using the two approaches. The quality of the reconstruc-
tions explains the difference in the recognition accuracy obtained using the two
methods. To confirm the authenticity of the results, we perform another similar
experiment with 10 different scenarios with the number of randomly selected
light sources (added to generate the 10 scenarios) ranging from 1-10. Here,
the proposed approach achieves average recognition accuracy of 99.7% (The
average recognition rate achieved by ISP-SLS here is 54%).

Gly I3 Fp F3 Fy Fs
Prb

F a1 -/- 100/ 100 100/ 66 100/ 26 100 /26
I3 100/ 100 -/- 100/ 62 100/28 100 /25
F3 100/93 100/91 -/- 100/72 100/ 74
Fy 100/ 62 100/ 66 100 /90 -/- 100/93
Fy 100/ 66 100/ 66 100/93 100/93 -/-

Fi={fao}; F2={fos, f22}s F3={fa0, fos, fis}; Fa = {fa1, fos, for, fos};
F5 = {fo3, f15, fos, f19, fos }.

Table 4.6. Recognition results on the multiply-illuminated data generated from the PIE dataset.
The various scenarios differ in the number of light sources. The illumination conditions from
the PIE dataset randomly selected to generate each scenario is shown in curly braces. The first
number in each entry of the table shows the recognition accuracy obtained using the proposed
approach while the second number shows the performance of the ISP-SLS method.



Chapter 5

ILLUMINATING LIGHT FIELD

State-of-the-art algorithms are not able to produce satisfactory recognition
performance when confronted by pose and illumination variations. In general,
pose variation is slightly more difficult to handle than illumination variation.
The presence of both variations further challenges the recognition algorithms.

This chapter extends the generalized photometric stereo algorithm presented
in Chapter 4 to handle pose variation. The way we handle pose variation
is through the ‘Eigen’ light approach [76]. This unified approach is image-
based, in the sense that, in the training set, only 2D images are used and no
explicit 3D models are needed. The unification is achieved by exploiting the
fact that both approaches use a subspace model for identity. The ‘Eigen’ light
field approach combines subspace modeling with light field and offers a pose-
invariant encoding of identity. The generalized photometric stereo algorithm
combines the identity subspace with the illumination model and provides an
illumination-invariant description. However, the ‘Eigen’ light field approach
assumes a fixed illumination and cannot handle illumination variations, i.., its
pose-invariant identity encoding is not invariant to variations in illumination.
The generalized photometric stereo algorithm assumes a fixed pose and cannot
easily handle pose variations, i.e., its illumination-invariant identity description
is not invariant to variations in pose. This motivates the integrated approach
for handling both pose and illumination variations using an illumination- and
pose-invariant identity signature.

Section 5.1 presents the principle of the illuminating light field approach.
It begins by describing in Section 5.1.1 the ‘Eigen’ light field approach [76]
that performs FR under pose variations, and then introduces in Section 5.1.2
our integrated approach. Section 5.1.3 presents algorithms for recovering the
identity signature that is invariant to illumination and pose. Section 5.2 presents
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our experimental results on the PIE database [85] and comparisons with other
approaches.

5.1  Principle of Illuminating Light Field
5.1.1 Pose-invariant identity signature

The light field measures the radiance in free space (free of occluding objects)
as a 4D function of position and direction. An image is a 2D slice of the 4D
light field. If the space is only 2D, the light field is then a 2D function. This is
illustrated in Figure 5.1 (also see [76] for another illustration), where a camera
conceptually moves along a circle, within which a square object with four
differently colored sides resides. The 2D light field L is a function of 6 and ¢
as properly defined in Figure 5.1. The image of the 2D object is just a vertical
line. If the camera is allowed to leave the circle, then a curve is traced out in the
light field to form the image, i.e. the light field is accordingly sampled. Even
though the light field for a 3D object is a 4D function, we still use the notation
L(8, ¢) for the sake of simplification.

/V/m_\\\\ -w‘ - }
f/ object ™, Lo !
;’; LG4 s;adial\{:a
3 e i g
5, 3 !
™, /,f‘viawpnint E
e B wl

Figure 5.1.  This figure itlustrates the 2D light-field of a 2D object (a square with four differently
colored sides), which is placed within an circle. The angles 6 and ¢ are used to relate the viewpoint
with the radiance from the object. The right image shows the actual light field for the square
object.

Starting from the light fields {L, (6, ¢); n = 1, ..., N} of the training sam-
ples, the ‘Eigen’ light field approach conducts a PCA to find the eigenvectors
{ei(0,¢); i = 1,...,m} which span a rank-m subspace. The ‘Eigen’ light field
{76] is again motivated by the similarity among the human faces. Using the
fact [50, 64] that: If Y'Y has an eigenpair (\, v), then YYT hasa correspond-
ing eigenpair (\, Yv), we know that €,(f, ¢) is just a linear combination of the
L,(0, ¢)’s, 1.e., there exist a;y,’s such that
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For an arbitrary subject, its light field L(6, ¢) lies in this rank-m subspace.
In other words, there exists coefficients f;’s such that, V(6, ¢),

L(O,6) = fie(0,¢) = e(6,0) £, (5.2)

i=1

where e(f, ¢) = [IIL; €;(6, ¢)lmx1 and £ = [J72) filmx1.

As mentioned earlier, to obtain an image h" at a particular pose v (a collection
of d pixels) one should sample the light field. Suppose that one pixel h? is the
point sample of the light field associated with the coordinate (6, ¢¥), i.c.,

hY = L(6%, ¢"). (5.3)
The image h" can be expressed as
b = [ kY] = Wiy (67, 61, (54

where (87, ¢7) is the corresponding coordinate in the light field for the pixel
hy. Substituting Egs. (5.2) into (5.4) yields

= (L, e(67, ¢¥) T]E = EVF, (5.5)

where EY = [§L, e(67, %) ] gm-

Eq. (5.5) has an important implication: f is a pose-invariant identity sig-
nature because the pose information is encoded in E¥. This is summarized in
Theorem 5.1.

THEOREM 5.1 The identity signature £ as derived in (5.5) is pose-invariant.

Constructing a light field is a practically difficult task. However, if only
some specific poses are of interest with each pose sampling a subset of the
light field, we can only focus on the portion of the light field that is equivalent
to the union of these subsets. Suppose that the K poses are of interest are
{v1,...,vK } and the corresponding images at these poses are {h",... , h"%}
with h¥* expressed as in (5.4), the portion of the light field of focus is nothing
but (U5, [U4, L(67*,¢7*)] ], which is a ‘long” Kd x 1 vector obtained by
stacking all the images at all these poses. The introduction of such a ‘long’
vector eases our computation: (i) If we are interested in a particular view v,
we just simply take out those rows corresponding to this view. (ii) In this
context, computing the ‘Eigen’ light field is equivalent to performing PCA on
the ensemble consisting of a collection of such ‘long’ vectors.

The concept of light field was introduced in the computer graphics literature
[219]. A strict assumption is that the scene be static. While characterizing
the appearances of one object at given views using the concept of light field
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is legitimate, generalizing this to many objects is questionable since the lights
fields belonging to different objects are not in correspondence, i.e. they are not
shape-free in the terminology of {52, 87]. The mismatch in correspondence
arises from differences in head sizes and locations in world coordinator system
of different objects, and so on. Typically, correspondences between different
objects are established using face normalization or registration is performed.
Unfortunately, the normalization step ruins the static scene requirement in the
light field theory. On the other hand, as argued in [52, 87], since the shape-free
appearance is amenable for linear analysis, we can pursue PCA on the shape-
free vector L, similar to the ‘Eigen’ light field approach [76]. This point is
illustrated in [78]. Following [78], we also use the term light field in a loose
sense.

5.1.2 Illumination- and pose-invariant identity signature

As mentioned earlier and in [219], the underlying assumption about the
concept of light is one of fixed illumination. We now consider the light fields
formed under varying illumination, i.e., illuminating the light field.

Clearly, the light field under a fixed illumination s, L%(6, ¢), follows the
Lambertian reflectance model:

L7(6,4) = £(8,9) s, (5.6)

where t(6, ¢) is the product of the albedo and the surface normal at a proper
pixel and does not depend on s. Combining Eq. (5.1) and Eq. (5.6) yields the
‘Eigen’ light field e (8, ¢) under the illumination s as,

¢(0,0) = 3 ainta(6,6) s = tei(0,9) s, (5.7)
where to; (6, ¢) = >, aintn(6, ). Eq. (5.2) then becomes

L5(0,6) = W%y tes(0,8) 5] £ = (0, 0)(£ @ 8), (5.8)

where W(6, @) = [= tei(8, $)]1x3m does not depend on s. This leads to a
two-factor analysis [214].

A pixel h¥® under a pose v and an illumination s is a point sample of the
light field L*(8, ¢) at coordinate (67, ¢), i.e.,

hYS = L3(6°, ¢7) = W(0®, ¢¥)(£ ® 8), (5.9)

and an image h"® under the pose v and illumination s, which traces a set of d
samples of the light field under illumination s, is

nV% = [ hYT) = [, W07, ¢D)](f @ 8) =W (0,0)(f ®s), (5.10)
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where WY(6,¢) = [I&; W(BY,6Y)]ax3m. Eq. (5.10) has an important im-
plication: The coefficient vector £ provides an identity signature invariant to
both pose and illumination because the pose is absorbed in W(f, ¢) and the
illumination is absorbed in s.

THEOREM 5.2 The identity signature £ as derived in (5.10) is illumination
and pose-invariant.

The remaining questions are how to learn the basis matrix W(6, ¢) from a
given training ensemble and how to compute the blending coefficient vector £
as well as s for an arbitrary image h¥?. The next section presents the algorithms
in detail.

5.1.3 Learning algorithms
Learning the basis matrix W(8, ¢)

Suppose that the training ensemble is given as {L5(6,¢); n=1,..N, s =
1,...,S}, where L (0, ¢) is the light field of the n'* training object under
illumination s (a Kd x 1 vector as explained in Section 5.1.1). Learning W(6, ¢)
(a Kd x mr matrix where m is the rank for the identity and r is the rank
for the illumination) from the training ensemble is detailed in [214] and is
further extended in [95] by imposing the integrability constraint. The main
difference between [214] and [95] is the following: In [214], the recovered
W(6, ¢) minimizes the approximation error in the mean square sense and not
necessarily satisfies the integrability constraint. In other words, the hypothetical
base objects inW(6, ¢) is not integrable. In{95], the recovered W(8, ¢) minimizes
the above approximation error as well as a cost function invoked by violating
the integrability constraint. As aconsequence, {214] canonly process the image
ensemble consisting of different objects under the same set of illumination (e.g.
the case considered here) while [95] can process the image ensemble consisting
of different objects under completely different illumination. Here, we follow
the approach in [214] to derive W(8, ¢) for simplicity. The basic underlying
principle is to use a two-fold SVD algorithm that is reviewed below.

The following two matrices (A-type and B-type) are first constructed by
grouping the ‘long’ vectors {L5(0,¢); n = 1,..N, s = 1,..,S} in two
ways:

A= =5 L50,9)]], B= [, (=01, L5, 9)]),  (5.11)

where A is a K Nd x S matrix whose rows stack together the light fields of
different identities under the same illumination and whose columns correspond
to different illumination and B is a K'Sd x N matrix whose rows stack together
the light fields under different illumination for the same identity and whose
columns correspond to different identities. It is obvious that we can convert
from an A-type matrix to B-type and vice versa.
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We perform the SVD for the A matrix as A = UpA AVI and keep the top

r rows of the column basis VI for the illumination, denoted by S. We do a

similar operation on the B matrix and keep the top m rows of the column basis
Vg for the identities, denoted by F. Direct SVD of the A and B matrices is
numerically inefficient or even prohibitive since they are extremely ‘tall’. Also
it is unnecessary to compute U and A as we are interested only in the V part of

the SVD result. For computational savings, we observe that Vy encodes the

eigenvectors of ATa=v AA%VI. Since the size of AT Ais only S x .S, computing

its eigenvalues is numerically stable. Therefore, we simply first compute ATa
and then perform its ‘Eigen’ decomposition to find V5. Similarly, we can
compute Vg.

We now have the matrices S and F at our disposal. To find W(8, ¢), we first

compute A’ = AST, where A" is a KNd x r matrix. Notice that A" is still an
A-type matrix, so we can convert A’ to a B-type matrix B’ following the strategy
described in Eq. (5.11), where B’ is a Krd x N matrix. Thirdly, we compute

W = B'F', where W is a Krd x m matrix. The rest is to group W to form a
Kd x mr matrix W.

Recovering the blending coefficient vector £ from an image

Given W(0, ¢) = [=1, [:>§=1 Wi (0, 0)] | kdxmr, Where W;;(6, ) denotes
the ((i — 1) * r + 7)** column of the W(6, ¢) matrix, computing £ and s for
an arbitrary image h¥® utilizes Eq. (5.10) iteratively [95]. Notice that we need
only the portion of W(#, ¢) corresponding to the pose v, denoted by W”(6, ¢) =
(=0 =521 W58, D)) laxmr-

If £ is fixed, Eq. (5.10) is linear in s and its least square (LS) solution is

s = [=]; (=72, W50, 9)1£) '™, (5.12)

where [.]! is a matrix psuedo-inverse; if s is fixed, Eq. (5.10) is linear in £ and
its LS solution is

f =

m r v T vs
=™, <[;»j=1T W6, 4)]s) ] } { b ] , (5.13)

1 1

where 1 is a vector of 1’s. To obtain Eq. (5.13), we also impose £11 =1
to normalize the solution to the same range, which facilitates the recognition
task. We iterate this process until convergence. Meanwhile, we also take into
account the pixels in shadows as in [95].
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Recovering the blending coefficient vector £ from a group of images

This iterative algorithm can be easily modified to handle a group of () images
{h¥1*1 ... h¥e@®Q} having the same £ but different s’s since multiple equations
like (5.10) can be formulated. To be specific, we have the following iterative
equations:

sq = [=fo (B Wil (0,0)]8) [Tn¥se; ¢ =1,2,...,Q, (5.14)

m 7 Yq ¥ VS
£ HL(}Q:l (=7 ([jﬁ'l Wl (6, 9)]sq) ] ] } { [%Q:llh 754 } . (5.15)

In practice, using a group of images yields a robust estimate for f.
The present of shadow pixels affects the learning algorithm. Handling shad-
ows can be performed in the same fashion as in Chapter 4.

5.2 Face Recognition across Illumination and Poses
5.2.1 PIE database and recognition setting

We present the results on the ‘illum’ subset of the PIE database [85]. This
subset has 68 subjects under 21 illumination and 13 poses. Out of 21 illumina-
tion configuration, we select 12 denoted by

F = {fi6, f15, f13, fo1, fr2, f11, fos, fos, f10, fig, fos foo}

as in [77], which typically span the set of variations. Out of the 13 poses, we
select 9 denoted by

C = {2, co2, ¢37, Co5, €27, €29, €11, C14, €34 }

, which cover from the left profile to the right profile. In total, we have
68*12%9=7344 images. Figure 5.2 displays one PIE object under illumina-
tion and pose variations.

Registration is performed by aligning the eyes and mouth to desired po-
sitions. No flow computation is carried on for further alignment. After the
pre-processing step, the used face image is of size 48 by 40, i.e. d = 1920.
Also, we only use gray scale images by taking the average of the red, green,
and blue channels of their color versions. We believe that our recognition rates
can be boosted by using color images and finer registrations. Figure 5.2 shows
some examples of the face images actually used in recognition.

We randomly divide the 68 subjects into two parts. The first 34 subjects are
used in the training set and the remaining 34 subjects are used in the gallery and
probe sets. Itis guaranteed that there is no identity overlap between the training
set and the gallery and probe sets. To form the light field, we use images at all
available poses. Since the illumination model has generalization capability, we
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SaEMC £ & B B0 B
fie fis fis fa fiz fu fe fee fio fis foa fo2

Figure 5.2. Examples of the face images of one PIE object (used in the testing stage) under
selected illumination and poses .

can select a minimum of 3 illumination in the training set. In our experiments,
the training set includes only 9 selected illumination to cover the second-order
harmonic components [144]. Notice that this is not possible in the Fisher light
field approach [77] that exhausts all illumination configurations.

The images belonging to the remaining 34 subjects are used in the gallery
and probe sets. The construction of the gallery and probe sets conforms to the
following two scenarios: (A) We use all the 34 images under one illumination sy,
and one pose v, to form a gallery set and under the other illumination s, and the
other pose v, to form a probe set. There are three cases of interest: same pose but
different illumination, different pose but same illumination, and different pose
and different illumination. We mainly concentrate on the third case with s, # s4
and v, # vg. Also our approach reduces to the ‘Eigen’ light field approach [76]
if s, = s, and to the generalized photometric stereo approach [95] if v, = v,,.
Thus, we have (9% 12)? — (9% 12) = 11, 556 tests, with each test giving rise to
arecognition score. (B) We divide C into three sets: C1 = {ca2, co2, c37 } (left-
profile views), Cy = {(205, o7, (229} (frontal views), and C3 = {(211, C14, 634}
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(right-profile views) and F into 3 sets: 1 = {fi¢, fi5, [13, fo1 } (left lights),
Py = {f12, f11, fos, fos} (frontal lights), and F3 = { f10, f18, foa, foz} (right
lights). For each of the thirty four subjects, the gallery set contains all twelve
images under the illumination in F,; and the poses in Cy and the probe set all
twelve images under the 1llum1nat10n in F, and the poses in C;. We make
sure that (Cp, Fp) # (Cy, Fy). Thus, we have (3%3)%2 — (3% 3) = T2 tests
in this scenario that has no counterpart in the Fisher light field [77]. To make
the recognition more difficult, we assume that the lighting conditions for the
training, gallery and probe sets are completely unknown when recovering the
identity signatures.
The testing strategy 1s similar to that described in Chapter 4.

1 Learn W from the training set using the bilinear learning algorithm [214, 95].
Figure 5.3 shows the W matrix obtained using the training set.

2 WithW given, learn the identity signature £’s (as well as s7s) forall gallery and
probe elements (an element is an image in Scenario A and a group of images
in Scenario B) using the iterative algorithms in Section 5.1.3. Learning £ and
s from one single image takes about 1-2 seconds in a Matlab implementation.
Figure 5.4 shows the reconstructed images using the learned £ and s.

3 Perform recognition using the nearest correlation coefficient.

Gly fie fis fiz fa fiz fir fos  fos  fio  fis  foa foz Avg
Prb

Ca2 56 41 62 68 71 71 53 65 41 44 38 21 52
Coz 71 76 76 91 88 94 94 94 85 71 50 32 77
c37 79 82 82 94 94 97 94 94 76 65 65 50 81
Co5 68 85 97 100 100 97 97 97 91 82 71 44 86
car 94 100 100 100 100 - 100 100 100 97 94 76 97
C29 74 82 91 100 100 100 97 97 94 91 88 65 90
c11 50 53 68 79 85 97 97 88 79 82 71 62 76
C14 15 24 44 71 76 82 74 82 82 74 79 56 63
C34 18 18 47 50 56 65 62 56 44 44 41 38 45
Avg 58 62 74 84 86 88 85 86 77 72 66 49 74

Table 5.1. Recognition rates for all the probe sets with a fixed gallery set (c27,f11).

5.2.2  Recognition performance
Scenario A

Table 5.1 shows the recognition results for all probe sets with a fixed gallery
set (co7,f11), whose gallery images are in a frontal pose and under a frontal
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illumination. Using this table we compare the three cases. The case of same
pose but different illumination has an average rate 97% (i.e. the average of all
11 cells on the row co7), the case of different pose but same illumination has
an average rate 88% (i.e. the average of all 8 cells on the column fi1), the
case of different pose and different illumination has an average rate 70% (i.e.
the average of all 88 cells excluding the row co7 and the column fi1). This
shows that illumination variation is easier to handle than pose illumination and
variations in both pose and illumination are the most difficult to deal with.

Gly fie fis fis fa fie fuu fos fos fio fis foa  for  Avg

Prb

C22 44 44 46 45 46 49 46 49 44 32 30 14 41
Co2 55 58 59 62 63 62 60 60 54 48 40 22 54
car 56 59 61 64 65 62 60 58 51 47 45 34 55
Co5 56 63 66 67 68 65 59 58 54 51 45 36 57
C27 62 66 69 70 70 70 65 69 68 67 65 54 66
Ca9 46 53 53 61 60 63 59 62 606 68 62 60 60
ci1 41 43 50 53 55 61 57 58 56 61 58 51 54
C14 19 24 39 49 53 58 58 61 60 61 57 48 49
C34 16 21 38 44 46 51 48 51 46 45 45 42 41
Avg 44 48 53 57 59 60 57 59 56 53 50 40 53

Table 5.2.  Average recognition rates for all the gallery sets. For each cell, say the gallery set
at (vg = 27,55 = f12), the average rate is taken over all probe sets (vp,s,) Where v, # vy
and s, # s4. For example, the average rate for (ca7, f11) is the average of the rates in Table 5.1
excluding the row cz7 and the column fi;.

We now focus on the case of different pose and different illumination. For
each gallery set, we average the recognition scores of all the probe sets with
both pose and illumination different from the gallery set. Table 5.2 shows the
average recognition rates for all the gallery sets. As an interesting comparison,
the ‘grand’ average is 53% (the last cell in Table 5.2) while that of the Fisher
light field approach [77] is 36%. In general, when the poses and illumination
of the gallery and probe sets become far apart, the recognition rates decrease.
The best gallery sets for recognition are those in frontal poses and under frontal
illumination and the worst gallery sets are those in profile views and off-frontal
illumination. As shown in Figures 1.4 and 5.2, the worst gallery sets consist of
face images almost invisible (See for example the images (co2, fo2), (¢34, fi6),
etc.), on which recognition can be hardly performed.

Figure 5.5 presents the curves of the average recognition rates (i.e. the last
columns and last rows of Tables 5.1 and 5.2) across poses and illumination.
Clearly the effect of illumination variations is not as strong as due to pose
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variations in the sense that the curves of average recognition rates across illu-
mination are flatter than those across poses. Figure 5.5 also shows the curves
of the average recognition rates obtained based on the top 3 and top 5 matches.
Using more matches increases the recognition rates significantly, which demon-
strates the efficiency of our recognition scheme. For comparison, Figure 5.5
also plots the average rates obtained using the baseline PCA. These rates are
well below ours. The ‘grand’ average is below 10% if the top 1 match is used.

Figure 5.3.  The first nine columns of the learned W matrix.

Scenario B

This test scenario is designed for face recognition based on a group of images,
which can be under different poses and different illumination. Table 5.3 lists
the recognition rates, which are much higher than those in Tables 5.1 and 5.2.
Also, similar observations can be made regarding the effects of illumination
and pose variations.

5.2.3 Comparison with the 3D morphable model

The 3D morphable model (3DMM) [72] is the state-of-the-art approach to
identify faces across illumination and poses. The proposed approach differs
from the 3DMM approach mainly as follows:
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Ci4

C34e . _ ﬁ . -
fie fis fiz fa fiz fu fos foo Sfio fis foa fo2

Figure 5.4. The reconstruction results of the object in Figure 5.2, Notice that only the £’s and
s’s for the row ca7 are used for reconstructing all the images.

Gallery  c\ry  o1ry  oyFs  CaFy GaFs OaFy OyFy CaFy  o3my  Average

Probe

R - 100 85 100 94 82 62 85 94 38
1Py 100 - 100 100 100 85 71 82 94 92
C\F3 85 97 - 88 88 91 76 62 65 82
CoyFy 97 94 71 - 100 85 71 85 76 85
CyFy 97 100 85 100 100 76 91 85 92

CGyFy 79 82 76 97 100 - 74 88 91 86

CyFy 59 59 68 85 76 71 - 100 82 75
Cyry 74 85 62 91 94 82 100 - 100 86
CyFy 88 82 62 79 79 94 85 100 - 84
Average 85 88 76 93 92 86 77 87 86 85

Table 5.3.  The recognition rates for test scenario B.
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Figure 5.5. The average recognition rates across illumination (the top row) and across poses
(the bottom row) for three cases. Case (a) shows the average recognition rate (averaging over
all illumination/poses and all gallery sets) obtained by the proposed algorithm using the top n
matches. Case (b) shows the average recognition rate (averaging over all illumination/poses for
the gallery set (ca7, fi1) only) obtained by the proposed algorithm using the top n matches.
Case(c) shows the average recognition rate (averaging over all illumination/poses and all gallery
sets) obtained by the ‘Eigenface’ algorithm using the top n matches.

n Model-based v.s. image-based. The 3DMM approach requires prior 3D
models while the proposed approach that is image-based needs only 2D
images.

Linear assumptions are used in both approaches. Two major components
in the 3DMM approach are 3D depth and texture, respectively, and two
independent linear models are assumed in both components. The major
component in the proposed approach is the product of the albedo and surface
normal and a single linear model is assumed. As in the 3DMM approach, it
seems that the dimensionality of the proposed model can be ‘decomposed’
as the product (or the addition) of the dimensionality of the surface normals
and that of the albedo field. However, empirical analysis shows [94] that
such adecomposition is not necessary and might overfit the problem, thereby
indicating that a subspace of rather low dimensionality can be used.

» Handling illumination. The Lambertian model is used in the proposed
algorithm and pixels in shadows and specular reflection regions are inferred
and excluded for consideration. The 3DMM approach uses the standard
Phong model to directly model diffuse and specular reflection on the face
surface.
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The 3DMM also takes into account inputs illuminated by colored lights using
color transformation while the proposed approach only processes inputs
illuminated by white lights.

s Handling pose. The 3DMM approach can handle images at any pose, while
the current implementation of the proposed approach can handle images
sampled from a given set of poses. In order to handle arbitrary pose other
than those listed in the given set, the system should incorporate a tool to
render novel poses using given poses.

In the proposed approach, pixels at different poses might correspond to the
same point in the physical 3D model. In the 3DMM approach, one point is
only represented once for all the poses since the 3D model is used.

m Experiments Both the 3DMM and the proposed approaches conducted ex-
periments using the PIE database. However, different portions of the PIE
database are used. The 3DMM approach worked on the ‘lights’ part, where
an ambient light source is always present. The proposed approach worked
on the ‘illum’ part with no ambient light source. As a consequence, some
images appear almost dark (refer to Figure 5.2) and there is little hope of
performing correct recognition based on these extreme images, explaining
the relatively low recognition rates compared with those produced by the
3DMM approach.

In terms of computational complexity, the proposed algorithm is more com-
putationally efficient than the 3DMM approach. The proposed fitting al-
gorithm, taking 1-2 seconds to process one input image using Matlab im-
plementation, is simply linear (rather bilinear) and has a unique minimum;
while the 3DMM approach, taking 4.5 minutes to process one input image,
invokes a gradient descent algorithm that does not guarantee a global min-
imum. Also, the proposed algorithm is able to handle face images of very
small size. In the reported experiments, gray-level images are normalized
to size of 48 x 40. The size of color images used in the 3DMM approach is
unclear, but typically much larger.



Chapter 6

FACIAL AGING

In this chapter, we focus on two research topics related to facial aging: age
estimation and face recognition across aging progression.

6.1 Age Estimation

We attack the problem of age estimation using a general technique of image
based regression (IBR). The problem of IBR is defined as follows: Given an
image x, we are interested in inferring an entity y(x) that is associated with
the image x. Since IBR is a general technique, the meaning of y(x) varies in
different applications. Figure 6.1 illustrates three IBR tasks. For example, it
could be a feature characterizing the image (e.g., the human age in the first
problem A), a parameter related to the image (e.g., the position and anisotropic
spread of the tumor in the second problem B), or other meaningful quantity
(e.g., the location of the endocardial wall in the third problem C).

(b) : (o)

Figure 6.1.  Three image based regression tasks: (a) Age estimation; (b) Tumor detection; and
(¢c) Endocardial wall delineation.

IBR is an emerging challenge in the vision literature. In the article of Wang
et al. [227], support vector regression was employed to infer the shape de-
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formation parameter. In a recent work [207], Agarwal and Triggs used the
relevance vector regression to estimate the 3D human pose from silhouettes.
However, in the above two works, the inputs to the regressors are not images
themselves, rather pre-processed entities, e.g., landmark locations in [227] and
shape context descriptor in [207].

Numerous algorithms [9] have been proposed in the machine learning liter-
ature to attack the general regression problem. Chapter 2 briefly reviewed the
data-driven regression techniques. However, it is often difficult or inefficient
to directly apply them to vision applications due to the following challenges.

Curse of dimensionality. The input (i.e. image data) is of very high dimen-
sion, which manifests the phenomenon commonly referred to as the curse of
dimensionality. Ideally, in order to adequately represent the sample space, the
number of required image samples should be exponential to the cardinality of
the input space. However, in practice, the number of training samples is often
extremely sparse, compared with the cardinality of the input space.

Varying appearance. First, there are a lot of factors that affect the appearance
of the foreground object of interest. Apart from the intrinsic differences among
the objects, extrinsic factors include the camera system, imaging geometry,
lighting conditions, makeup, etc. Second, the variation arises from the presence
of background whose appearance varies too. The third variation is caused by
alignment. The regression technique must either tolerate the alignment error (as
in the problems A) or regress out the alignment parameter (as in the problems
B and C).

Multiple output. The output variable is also of high dimensional. Most
regression approaches, such as SVR, can deal with the single-output regres-
sion problem very robustly. Extending them to the multiple-output setting is
sometime nontrivial as in the case of SVR. A naive practice of decoupling
a multiple-output problem to several isolated single-output tasks ignores the
statistical dependence among different dimensions of the output variable.

Storage and computation. Regression techniques such as NPR, KRR, and
SVR are data-driven. There are two main disadvantages of the data-driven
approaches: storage and computation. First, these techniques require storing a
large amount of training data. In NPR and KRR, all training data are stored.
In SVR, support vectors are stored. In our experiments, we found that a large
number of support vectors, often 80%-100% of the training data, are kept.
Because the training data are images, storing the training images can take a
lot of memory space. Second, evaluating the data-driven regression function
is slow because comparing the input image with the stored training images is
time-consuming,

To overcome the above challenges, we propose an IBR algorithm using boost-
ing methods [238, 240, 241, 254]. AdaBoosting is the state-of-the-art classi-
fication method. After its theoretic connection to forward stagewise additive
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modeling [241] was discovered, Friedman [242] used boosting as a greedy func-
tion approximation in a regression setting [242]. Multiple additive regression
tree (MART) [9] was proposed as a boosting tree solution to a single-output
regression problem. Duffy and Helmbold [238] also studied boosting methods
for regression for a single-output setting. However, a multiple-output regres-
sion setting is rarely studied in the literature. In this chapter, we focus on this
setting that takes images as inputs. Features of our approaches are:

1 We formulate the multiple-output regression problem in such way that an
analytic solution is allowed at each round of boosting. No decoupling of
the output dimension is performed. Also, we decrease overfitting using an
image-based regularization term that can be interpreted as prior knowledge.
In addition, the regularization allows an analytic solution.

2 We invoke the boosting framework to perform feature selection such that
only relevant local features are preserved to conquer the variations in ap-
pearance. The use of decision stump as weak learner also makes it robust
to appearance change.

3 We use the Haar-like simple features [197] that can be rapidly computed.
As a result, we do not store the training data. The knowledge of the training
data is absorbed in the weighting coefficients and the selected feature set.
Also, we evaluate the regression function almost in no time.

4 We propose an efficient implementation to perform boosting training, which
is usually a time-consuming process if a truly greedy feature selection pro-
cedure is used. In our implementation, we select the features incrementally
over the dimension of the output variable.

6.1.1  Regression using boosting method

We now define the loss function and the regularization term that are ap-
propriate for our purpose of developing regression algorithm using boosting
method. "

We focus on the L2 loss function. To allow a general treatment and to deal
with the scaling effort of different data dimensions, we use the normalized error
cost:

[y(x) — g(x)] T Aly(x) — g(x)]
ly(x) — )l (6.1)

L(y(x),g(x))

where Agx is a normalization matrix that must be positive definite.
Regularization exists in various forms. We focus on the following data-driven
regularization term || p—g(x)|| %, where By is a normalization matrix that must
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be positive definite. This regularization term has a subspace interpretation with
1 being the mean and B™! being the covariance matrix.
Hence, it boils down to the following cost function to be minimized.

N N
Je) = > ly(xa) —gx)li + 2D ln—ex)lf
n=1

n=1

N N
= D lea)ld + A Isxa) 3
n=1 n=1

= tr{ARRT} + tr{BSST}
= [R|IF + Alls|I, (6.2)

where r(x) = y(x) — g(x) is the approximation error, s(x) = u — g(x) is the
deviation error, and the matrices Ryx v and Sy v are, respectively, defined as
follows R = [r(x1), r(x2),...,r{xn)], S = [s(x1),s(x2), ..., s{xN)].

We now resort to the influential framework of boosting to derive an analytic
solution.

Boosting

In boosting method for regression, the regression output function g(x) :
R® — RY is assumed to take a linear form:

T
g(x) = > auhy(x); hy(x) € H, (6.3)

t=1

where each h;(x) is a weak learner (or weaker function) and g(x) is a strong
learner (or strong function). Further, it is assumed that a weak function h(x) :
R?* — RY lies in a dictionary set or weak function set .

Boosting iteratively approximates the target function y(x) by adding one
more weak function using the additive form:

g'(x) = g(x) + ah(x). (6.4)

At each round of boosting, we select the function h and its weight coefficient &
that mostly decreases the cost function. In other words, the following problem
is attacked.

&,h) = arg min J(g+ oh). 6.5
(G, h) gmheH(g ah) (6.5)

THEOREM 6.1 By adding a function ah(x) to the output function g(x) as in
Eq. (6.4), the new cost function J(g') maximally decreases the cost function
J(g) by a factor of (1 — €*(h)), with |e(h)| < 1.
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Proof: The cost function of J(g’) is computed as

J(g)

N
Z, 1y Gen) — & Gen)llg + XD e — 8 (e 13

n=1

N
= Z ly(xn) — g(xn) — ah(xn)HIZ\ +
n=1

N 5
Al — g(xn) — ah(xn) |13

n=1

= Z x(xn) — ah(x, HA + A Z lls(xn) U‘h(xn)”%

n=1 n=1

= tr{A[R — oH|[R — aH]"} + Atr{B[S — oH][S — oH '}

= (tr{8RRT} + Mr{BSST}) — 2a(tr{ARH' } + Mr{BSH'})
+o?(tr{AHH' } + Atr{BHH'})

— J(g) — 2a tr{(AR + ABS)H'} + o?|H3, 8

— J(g) — 2atr{DH"} + o2[H|2, (6.6)

where C = A+ AB,D = AR + ABS, and Hyx ny = [h(xl),h(x2), <, h(N)
With the function h fixed, the cost function J(g') is quadratic in « so that

there is a unique minimizer &(h). By letting ﬁ = (0, simple algebra yields

that

tr{DH'}  tr{(AR + ABS)H'}

a(h) = = (6.7)
[aAlF IElI} A8
The minimum cost J(g') is then calculated as
tr2{DHT
IE) = I(8) — " = )1 - Ew), (68)
C
where
G(h)y/[IH|1Z T
c tr{DH' } (6.9)

T IR SR IR IR + AlSTE

It is obvious that le(h)] < 1 since the cost functions J(g') and J(g) is
nonnegative. < E.O.F. >

In practice, we can always assume e(h) > 0 because, if e(h) < 0, we simply
change the sign of the function k. Therefore, in the sequel, the absolute symbol
.| is removed. Correspondingly, we have &(h) > 0 because &(h) and e(h)

have the same sign.
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Therefore, each boosting round aims at finding the function h such that
the cost function is maximally reduced. Equivalently, the value of e(h) is
maximized.

. tr{DHT}

h = arg maxe(h) = arg max ————. 6.10
& hen ( ) & heH ”HH% ( )

Note that the term 4/ ||RH% + )\||S]|f3 does not depend on H and hence can be

ignored in the above. The corresponding value of « is &(h). Finally, the cost
J(g') maximally decreases the cost J(g) by a factor of (1 — ¢(h)2).

Shrinkage

Shrinkage [235, 242] is another measure for reducing the effect of overfitting.
The idea is very simple: at each round of boosting, simply shrink the newly
selected function ah(x) by a shrinkage factor 1 € [0,1]. The new updating
rule is

g'(x) = g(x) + nén(x), (6.11)

where & and h are the optimal solutions found above. In practice, we found
that a modest choice of = 0.5 gives good results.
Figure 6.2 summarizes the regression algorithm using boosting method.

1 Initialization ¢ = 0.
(a) Set the fixed parameter values: p (the mean vector), A and B (the normalization matri-
ces), A (the regularization coefficient), and 7 (the shrinkage factor).

(b) Set the values related to the stopping criteria: Trmaz (the maximum number of itera-
tions), Jmin (the minimum cost function), €,p, and cnin.

(c) Set initial values for ¢t = 0: g,(x) = 0, ro(z) = y(x), and so(x) = p.
2 lterationt = 1,...,Thax
(a) Findh, = arg maxyc,, ¢;(h) and its corresponding & (h,) and €, (h;).
(b) Form the new function g, (x) = g, _, (x) + nd:hy (x).
(c) Evaluate the approximation error ry(x) = y(x) — g, (x) and the deviation error s,(x) =
B g (x).
(d) Evaluate the cost function J(g,).

(e) Check convergence, e.g. seeif J(g,) < Jmin, &t < Qmin, € < €min, OF combination
of them.

Figure 6.2.  Regression algorithm using boosting method.
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6.1.2 Image based regression

The image-related entity is the dictionary set H, whose every element is
based on the image x. Intuitively, this function set must be sufficiently large
such that it allows rendering, through a linear combination, highly complex
output function y(x). Following the work of Viola and Jones [197], we use
one-dimensional decision stumps as primitives to construct the weak function
set H. The advantages of using decision stumps include (i) that they are robust
to appearance variation; (ii) that they are local features; (iii) that they are fast
to evaluate using the so-called integral image [197]; and, most importantly, (iv)
that they allows an incremental feature selection scheme that will be addressed
later.

Weak function set

A one-dimensional (1D) decision stump h(x) is associated with a Haar filter
feature f(x), a decision threshold 6, and a parity direction indicator p that takes
a binary value of either +1 or —1.

h(x) :{ +1 if pf(x) > pb

—1 otherwise (6.12)

Each Haar filter f(x) has its own attributes: type, window position, and window
size. Given a moderate size of image, one can generate a huge number of Haar
filters by varying the filter attributes. See [197] for details. Denote the number
of Haar filters by M. By adjusting the threshold 8 (say K even-spaced levels),
for every Haar filter, one can further create K decision stumps. In total, we have
2K M 1-D decision stumps. Note that the number 2K M can be prohibitively
large so that it can even create difficulty in storing all these decision stumps
during training.

A weak function is constructed as a ¢-dimensional (¢-D) decision stump h(x)
that simply stacks g 1D decision stumps.

h(x)gx1 = [h1(x), ha(x), ..., hy(x)] .

Note that each h;(x) in the above may be associated with a different parameter.
Hence, one can construct a sufficiently large weak function set that contains
(2K M )7 weak functions!

Feature selection

Boosting operates as a feature selection oracle. Ateachround ofboosting, the
features that can maximally decrease the cost function are selected. However,
to transform the boosting recipe in Figure 6.2 into an efficient IBR algorithm,
there is a computational bottleneck, that is Step (2a). This step necessitates
a greedy feature selection scheme that is too expensive to evaluate because,
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in principle, it involves evaluating (24 N K)? decision stumps, a formidable
computational task in practice.

One possible way is to break the ¢-D regression problem into q independent
1D regression problems, leading to an independent feature selection scheme.
Consequently, only 2¢M N K decision stumps are evaluated at each round of
boosting. However, the independence assumption is too strong to be hold in
real situations.

We propose an incremental feature selection scheme by breaking the ¢-D
regression problem into q dependent 1D regression problems. Using the incre-
mental vector

B (x)ix1 = (h1(x), ha(x), o hi(x)] T = 1) T, ha(x)] T,

and the incremental matrices C%, DY, and H',
i ci-l il . [t o [a
AP S
we define the incremental coefficient as
e'(h) = tr{DiHiT}/ HE|2,. (6.13)

Therefore, we learn a 1D decision stump h;(x) at one time.

hi = “(h).
i = argmaxc'(h)

In terms of computation, the incremental selection scheme requires evaluat-
ing 2qM N K decision stumps, the same as the independent selection scheme.
Of course, compared with the independent scheme, there are overhead compu-
tations needed in the incremental scheme because we calculate matrix quanti-

ties like tr{DiHiT} and ||H!||2;; whereas in the independent feature selection

scheme, the counterparts are vector inner products. Fortunately, there exist
reusable computations. For example, it is easy to show that

. . T
2 = [l 2o + 2] B ¢ g oy T,
tr{D"HiT} = tr{ni—lﬂi—lT} . (6.14)

Although the incremental selection scheme in principle yields a suboptimal
solution, it is better than the independence selection scheme because it utilizes
the dependence among the output data dimensions to some extent. In fact,
there exists special cases when the incremental feature selection yields the
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same solution as the greedy selection scheme. One such case is that when
C = BI (e.g. when A = B = I). This makes the denominator term ||H||2, in
Eq. (6.13) a constant value of 732, which does not vary with different choices
of h functions. Therefore, €!(h) only depends on tr{DiHiT}. But, according to
Eq. (6.14), maximizing tr{DiHiT} can be done by maximizing the term d h;
in each incremental step.

To improve robustness and remove bias, we randomly permutate the order of
the dimensions of the output variable. Other tricks to improve computational
efficiency include: (i) randomly sampling the dictionary set, i.e. replacing M
by a smaller M’; and (ii) randomly sampling the training data set, i.¢., replacing
N by a smaller N'.

Figure 6.3 presents the incremental feature selection scheme.

1 Initialization.
m  Create a random permutation of {1,2,...,q}, yielding {< 1 >, < 2>,..., < ¢>}.
2 Tteration over the dimension of the output variable ¢ = 1,2,...,q

® (optional) Sample M’ Haar filters from the dictionary set and form the reduced set of
weak functions 7'

m (optional) Sample N’ data points from the training set.

8 Loop over the filter index m = 1,2,..., M’ and the threshold level index & =
1,2,...,K tofind hejs = arg maxpepr €< (h).

®  Form the new vector h<*> = [h<i*l>T,h<i>]T'

® Compute reusable quantities tr{D<i>H<i>T} and tr{[JH<"7 2205 )

Figure 6.3.  Incremental feature selection.

6.1.3 Experiments

We tested the proposed IBR algorithm on the the problem of age estimation,
For results on the other two problems mentioned in the beginning of the chapter,
refer to [260]. For comparison, we also implemented NPR, KRR and SVR, all
using the RBF kernel function. We used 5-fold cross-validation as the evalua-
tion protocol and tuned the RBF kernel width for empirical best performance.
Because SVR only works for the single-output regression problem, we decou-
pled the multiple-output regression problem to isolated single-output ones. For
IBR, we simply set A = B = I and stopped learning after a maximum number
of boosting rounds is reached.

Table 6.1 shows the error statistics and computational time for evaluating
regression outputs of all testing images belonging to the 5 testing subsets used
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in the 5-fold cross validation. We used different error measurement that is
meaningful to the data of interest. We collected the error statistics for all testing
images and reported their mean, 25% percentile, median, and 75% percentile.
We used C++ programs on a PC with 2.4GHz dual CPUs and 3GB memory to
record the computational time.

Age estimation

Aging modeling [136] is important for face analysis and recognition. In this
experiment, we focused on estimating the human age.

Data statistics: We used the FGnet aging database [42]. There are 1002
facial images in the database. Five random divisions with 800 for training and
202 for testing are formed. The age ranges from 0 to 69. Normalization was
done by first aligning 68 landmark points provided by [42] and then performing
a zero-mean-unit-variance operation. However, we kept sufficient number of
background pixels.

Input/output: The input x is a 60 x 60 image; the output y is his/her nor-
malized age. We converted the actual age to y = log(y -+ 1) to avoid negative
regressor output.

Variation: The face images involve all possible variations including illumi-
nation, pose, expression, beards, moustaches, spectacles, etc. Figure 6.4 shows
sample images of one subject at different ages and with various appearance
variations.

Performance: We computed the absolute age difference as the error measure-
ment. The proposed IBR approach (with 500 weak functions, the regularization
coefficient A = 0.1 and the shrinkage factor 1 = 0.5) achieves the best perfor-
mance and runs fastest. In [136], age estimation is performed on a smaller set
with mostly frontal-view images. The reported mean absolute error in years is
7.48 using a pure appearance based regressor.

Figure 6.4.  Sample images (before and after normalization) of one subject at different ages.
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NPR KRR SVR IBR

mean etr. 8.44 13.56 6.60 5.81

25% per. err. 2.54 3.99 1.38 1.26

median err. 5.50 10.80 4.39 3.15

75% per. err. 10.87 17.99 9.04 7.79
testing time(s) - 3.6s 3.6s 3.3s 0.016s

Table 6.1.  Comparison of different regressors for age estimation.

6.2  Face Recognition across Aging Progression

How does age progression affect facial similarity across a pair of images of
an individual? Studying the above would have direct implications in passport
renewal. Passports need to be renewed once in every 10 years and upon renewal,
passports feature the individual’s most recent image. Thus given a pair of
age separated face images of an individual, what is the confidence measure in
verifying his identity?

Our database comprises of 465 pairs (younger and most recent) of face images
retrieved from the passports of many individuals. Table 6.2 summarizes the
database. The individuals in our database ranged from 20 years to 70 years in
age. Since passport images are taken generally under controlled environments,
the pose of most of the face images were frontal. But there were quite a few
passport images where we observed an uneven distribution of illumination.
Moreover, age separated face images of an individual invariably differed in the
nature of illumination. Thus to study the aging effects on face recognition,
it would be crucial to reduce variations due to illumination and pose. We
circumvent non-uniform illumination across the passport images by assuming
facial symmetry and representing the face by just one half of the face that is
better illuminated. We address this half as the ‘PointFive’ face[80].

Age Difference 1-2 yrs 3-4yrs 5-7 yrs 8-9 yrs

# of pairs 165 104 81 115

Table 6.2. Database of passport images.

We formulate two approaches to studying facial similarity across time. The
first one is a classifier based on a Bayesian framework and the second one is a
direct similarity function across different age groups.
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10 yem:s 1 year

4 years yﬂears 4 years I year
Figure 6.5. Age progressed images of individuals

6.2.1 Age difference classifier

We present a Bayesian age-difference classifier that is built on a probabilis-
tic eigenspaces framework [56]. The classification based on age-differences,
comprises of two stages. The first stage of classification deals with establishing
the identity between a pair of age separated face images. In the second stage,
the pairs of age separated face images across which identity has been estab-
lished, are further classified based on their age differences. Since the dataset
comprises of pairs of face images retrieved from passports, the age difference
across each pair ranged from a year to 9 years. We consider the following four
age difference categories in our formulation: 1 — 2 yrs, 3 — 4 yrs, 5 — 7 yrs,
8 —9yrs.

Bayesian framework

LetIyy,I19,1I01,I29, ... , Iar1, Ingo be the set of N x 1 vectors formed by
the lexicographic ordering of pixels in each of the M pairs of ‘PointFive’ faces.
The intra-personal image differences {x;} %_1 are obtained by the difference of

two ‘PointFive’ faces of the same individual.
x; = Iy — Lia (6.15)

Given the training data {x;} i\i 1» its KL'T basis vectors span the intra personal
space €2y which in turn can be decomposed into two mutually exclusive and
complementary subspaces F, the feature space (spanned by & basis vectors
{@i}le the variance along each of which is maximum, extracted by principle
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component analys1s) and F, the orthogonal complement space (spanned by the
basis vectors {®}V ket 1)-

We assume that the intra-personal image difference samples are Gaussian
distributed. The likelihood function for the data is estimated as :

Pxl9y) = exp(—4(xX— —) T (x— %)  exp(-130, A

B <27r>”/"‘&2\”2 RS ThIBY
exp(=33°7 5 exp (-2
@I A NARR DGR
= Pp(x|Qr) . Pr(x|Qr) (6.16)

where y; = &7 (x — X) are the principal components,); are the eigenvalues,
A(x) = NN y? = |R2|| — 2K, y? is the PCA reconstruction error and p,
the estimated variance along each dimension in the orthogonal subspace is p =
ﬁ SN 41 Ai. The sum SN 11 A is estimated by means of extrapolation
of the cubic spline fit on the computed eigenvalues {Ade .

The extra-personal image differences {yzl} — are obtained by the difference
of two ‘PointFive’ faces of different individuals.

zi=In—1Ijp, j#1,1<j<M (6.17)

Again, the KLT basis on training data {zi}f\il spans the extra-personal space
Qg which can be decomposed into two complementary spaces : the feature
space and the orthogonal space. The density in the feature space is modeled
using a mixture of Gaussians. We estimate the likelihood for the data as

P(z|Qg) = P(y|©*) . Pr(z|QE) (6.18)
where
N,
P(y©) = > wiN(y; pi> %) (6.19)
M
©* = argmax [H P(yﬁ@)} (6.20)
i=1

N(y; i, %) is Gaussian with parameters (u;,%;) and w; correspond to the
mixing parameters such that >, w; = 1. We solve the estimation problem
using the Expectation-Maximization algorithm.

During the first stage of the classification, we use the above formulation in
building a classifier that establishes the identity between a pair of face images.
Given a pair of age separated face images, we extract the ‘PointFive’ faces
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I, and Iy and compute the difference image x = I; — I,. The a posteriori
probability P(€2r|x) is computed using the Bayes rule.

P(x|) P(Qr)
(x|Qr) P(Qr) + P(x|Qg)P(QE)

The classification of the image difference as intra-personal or extra-personal
is based on a maximum a posteriori (MAP) rule. For operational conditions,
P(Qy)and P(Qg) are set equal and the difference image x is classified as intra
personal if P(Q|x) > 1.

During the second stage of classification, those pairs of face images that
were classified as intra-personal, are further classified based on their intra age
differences using the underlying formulation. Let 27 Q29 ,Q3 ,£24 be the space
of intra personal difference images for age difference categories 1 — 2 yrs,
3 —4yrs,5—7yrsand 8 — 9 yrs respectively. We assume the underlying
distribution of samples from each of the intra-personal spaces to be Gaussian.

Given a difference image x that has been classified as one belonging to the
intrapersonal space ), we compute the a posteriori probability P(Q;|x) with
i=1,2,3,4as:

P(Slx) = 5 (6.21)

P(x|) P ()
31 P(x|) P ()
For operational conditions, P(£);) were set equal. Thus if P(;|x) >

P(Q;l|x) foralls # j, 4,5 =1,2,3,4, then Q; is identified to be the class to
which the difference image x belongs. Figure 6.6 illustrates the classifier.

Compute P({|z) intra — personal
n i=1,2,3,4 frnage puirs €
j = arg max; P(Qz) ™ age dif ference
category

P(y]x) = (6.22)

Select

T'nagel
PointFive

CF

T'mage2

face

12
extre — personal
image puirs

Figure 6.6. Age Difference Classifier

Experimental results

We selected pairs of ‘PointFive’ faces of 200 individuals from our database.
We computed the intra personal difference images from the selected pairs and
created the intra-personal subspace 2. We computed the extra personal differ-
ence images (by randomly selecting two images of different individuals from



Facial Aging 125

the 200 pairs of images) and created the extra-personal subspace ¥. Thus hav-
ing created the two spaces, we created two sets of image differences : Set I
comprised of intra-personal difference images computed from the 465 image
pairs from our database and Set II comprised of 465 extra-personal difference
images computed by the random selection of ‘PointFive’ faces of different in-
dividuals from our database. The results of the first stage of classification are
as below :

» During the first stage of classification, 99 % of the difference images from
Set I were correctly classified as intra-personal.

= 83 % of the difference images from Set Il were correctly classified as extra-
personal.

m [t was observed that the image pairs from Set I that were misclassified as
extra-personal differed from each other significantly either in facial hair or
glasses. Moreover, their average age difference was 7.4 years.

During the second stage of classification, 50 pairs of ‘PointFive’ face images
from each of the following age-difference categories 1 — 2 yrs, 3 — 4 yrs,
5—7yrs and 8 — 9 yrs were randomly selected and their corresponding
difference image subspaces namely €21, 9, (23, {24 were created. The image
pairs from Set [ that were classified as intra-personal were further classified into
one of the above four age-difference categories using the formulation discussed
in the previous subsection. The classification results are tabulated in Table 6.3.
The bold entries in the table correspond to the percentage of image pairs that
were correctly classified to their age-difference category.

O Qa Qs Q4
Q 51 % 2 % 9% 38 %
Qo 17 % 37 % 11 35%
Qs 6 % 1 % 61 % 32%
Q4 1% 1% 12% 86 %

Table 6.3.  Age-difference classifier results.

s When the image pairs from Set I that were correctly classified as intra-
personal were classified further based on age-differences, it was observed
that image pairs with little variations due to factors such as facial expressions,
glasses and facial hair were more often classified correctly to their respective
age-difference category.
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» Image pairs belonging to age difference categories 1 — 2 yrs or 3 — 4 yrs
or 5 — 7 yrs with significant differences in facial hair or expressions or
glasses, were misclassified under the category 8 —9 yrs. The above trend is
likely since €24, the subspace of difference images from the age difference
category 8 — 9 yrs, spans more intra pair variations than compared with
other three age difference categories.

Thus, in applications such as passport renewal where the age difference
between the pair of images is known apriori, if a pair of images are classified
as intra-personal and further classified to their corresponding age-difference
category, the identity across the image pair could be verified with low probability
of error.

6.2.2 Similarity measure

We created an eigenspace using 200 ‘PointFive’ faces retrieved from the
database of passport images. The 465 pairs of ‘PointFive’ faces were projected
onto the space of eigenfaces and were represented by the projections along
the eigenfaces that correspond to 95% of the variance. Since illumination
variations and pose variations across each pair of ‘PointFive’ faces is minimal,
the similarity score between each pair would be affected by factors such as
age progression, facial expression variations and occlusions due to facial hair
and glasses. We divided our database into two sets : the first set comprised of
those images where each pair of passport images had similar facial expressions
and similar occlusions if any, due to glasses and facial hair. The second set
comprised of those pairs of passport images where differences due to facial
expressions or occlusions due to glasses and facial hair were significant.

The distribution of similarity scores across the age-difference categories
namely 1 — 2 yrs, 3 — 4 yrs, 5 — 7 yrs and 8 — 9 yrs is plotted in Figure
6.7. The statistical variations in the similarity scores across each age-difference
category and across each set of passport images are tabulated in Table 6.4.

Age Difference First Set Second Set
Expression Glasses Facial Hair
I o’ I o* 7 o’ I o’
1-2 yrs 0.85 0.02 0.70 0.021 0.83 0.01 0.67 0.04
3-4 yrs 0.77 0.03 0.65 0.07 0.75 0.02 0.63 0.0t
5-7 yrs 0.70 0.06 0.59 0.01 0.72 0.02 0.59 0.10
8-9 yrs 0.60 0.08 0.55 0.10 0.68 0.18 0.55 0.10

Table 6.4. Similarity Measure
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Figure 6.7. Age Difference Category

» From Figure 6.7 we note that as the age difference between the pairs of
images increases, the proportion of images with high similarity scores de-
creases.

= While the distribution of similarity scores has a strong peak for category
1 — 2yrs, it flattens out gradually as the age difference increases.

= From Table 6.4 we note that as the age difference increases, across both the
sets of images and across all the variations such as expression, glasses and
facial hair, the mean similarity score drops gradually and the variance of the
similarity scores increases.

= Within each age-difference category, we see a notable drop in similarity
scores when variations due expressions and facial hair are more pronounced.
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FACE RECOGNITION VIA KERNEL LEARNING



Chapter 7

PROBABILISTIC DISTANCES IN REPRODUCING
KERNEL HILBERT SPACE

Probabilistic distance measures, defined as the distances between two proba-
bility distributions, are important quantities and find their uses in many research
areas such as probability and statistics, pattern recognition, information theory,
communication and so on. In statistics, the probabilistic distances are often used
in asymptotic analysis. In pattern recognition, pattern separability is usually
calibrated using probabilistic distance measures [5] like Chernoff distance and
Bhattarchayya distance because they provide bounds for probability of error
in a pattern classification problem. In information theory, mutual information,
a special example of Kullback-Leibler divergence or relative entropy [4] is a
fundamental quantity related to the channel capacity. In communication, di-
vergence and Bhattarchayya distance measures are used for signal selection
[244].

Direct evaluation of probabilistic distances is nontrivial since they involve
integrals. Only within certain parametric distributions, say the widely-used
Gaussian density, we have analytic expressions for probability distances. How-
ever, the Gaussian density employs only up to second-order statistics and its
modeling capacity is linear and hence rather limited when confronted with a
nonlinear data structure. By nonlinear data structure, we mean that if conven-
tional linear modeling techniques such as fitting the Gaussian density are used,
the responses are inadequately approximated. To absorb the nonlinearity, mix-
ture models or non-parametric densities are used in practice. For such cases, one
has to resort to numerical methods for computing the probabilistic distances.
Such computation is not robust in nature since two approximations are invoked:
one in estimating the density and the other in evaluating the numerical integral.

In this chapter, we model the nonlinearity through a different approach:
kernel methods. The essence of kernel methods is to combine a linear algorithm
with a nonlinear embedding, which maps the data from the original vector space
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to the reproducing kernel Hilbert space (RKHS). But, we need not require any
explicit knowledge of the nonlinear mapping function as long as we can cast
our computations into dot product evaluations. Since a nonlinear function is
used, albeit in an implicit fashion, we realize a new approach to study these
distances and investigate their uses in a different space.

Clearly, our computation depends on the assumption that the data is Gaussian
in RKHS. This assumption has been implicitly used in many kernel methods
such as [263, 272]. In[272], PCA operates on the RKHS. Even though it seems
that PCA needs only the covariance matrix without the Gaussianity assumption,
it is the deviation of the data from Gaussianity in the original space that drives
us to search for the principal components in the nonlinear feature space. In
[263], discriminant analysis is performed in the feature space. Even for LDA,
it is well known that it has ties to the optimal Bayesian classifier for a two-
class problem, which assumes that each class is distributed as Gaussian with
a common covariance matrix. Recently, the Gaussianity is directly adopted in
the literature {261, 262, 266]. In [261, 262], it is used to compute the mutual
information between two Gaussian random vectors in RKHS. In [266], it is
used to construct the so-called Bhattacharyya kernel. In fact, the validity of this
assumption boils down to a Gaussian process argument [266]. However, since
the induced RKHS is certainly limited by the number of available samples, a
regularized covariance matrix is needed in [261, 262]. We also propose a way
to regularize the covariance matrix in this chapter.

This chapter is organized as follows. Section 7.1 introduces several proba-
bilistic distances often used in the literature and Section 7.2 presents a method
for estimating the first- and second-order statistics for the data in RKHS. Section
7.3 elaborates the derivations of the probabilistic distances in the RKHS and
their limiting behavior. Section 7.4 demonstrates the feasibility and efficiency
of the proposed measures using experiments on synthetic and real examples.

7.1 Probabilistic Distances in R¢

Consider a two-class problem and suppose that class 1 has prior probability
1 and class-conditional density p; (x) and class 2 has prior probability 7o and
class-conditional density py(x), both defined on R¢. Table 7.1 defines a list of
probabilistic distance measures often found in the literature [5].

It is obvious that (i) the Bhattacharyya distance is a special case of the
Chernoff distance with o = 1/2; (ii) the Hellinger distance is related to the
Bhattacharyya distance as follows:

Jr = {2[1 — exp(—Jp)]}"/%; (7.1)

and (iii) the Kolmogorov distance is a special case of the Lissack-Fu distance

with @ = 1. Some interesting properties of these distances can be found in
[5, 244]
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Distance Type Definition

Chernoff distance [234] Jo(pi,p2) = log{f jo% 2 ! (x)dx}
Bhattacharyya distance [233] Je(p1,p2) = — l()g{[ [p1(x pg(x)]l/zdx}
Matusita distance [250] Jr(p1,p2) = f [V pL(X pa2(x dX}1/2
Patrick-Fisher distance [252] Jp(p1,p2) = f [;Dl x)m P2(X)7T2] dx}l/2
Lissack-Fu distance [247) Jr(p,p2) = [, 1p1( pz(x)ﬂzl(’l 2 (x)dx
Kolmogorov distance [230] Ji (p1,p2) = f( |p1 X)m (x)m2idx

KL divergence [4] Jr(p1llp2) = f p1(x log{%(%}dx

Symmetric KL divergence [4] Jp(p1,p2) = f [p1(x) — p2(x)] log Z:(g dx

W< a,a < landay +ag =1,

Table 7.1. A list of probabilistic distances and their definitions.”

In particular, the symmetric divergence is of great interest in the information
theory literature [4] and has a close connection with the famous Kullback-
Leibler (KL) divergence [13]. The KL divergence or relative entropy between
two densities pi (x) and pa2(x) is given by

pnlx
Taorlp2) = [ o1 g2 (.2
JX pa(x) :
However, the KL divergence is not a true metric because neither the symmetry

constraint nor the triangle inequality is satisfied. The symmetric divergence,
which is symmetric, is equal to

Jp(p1,p2) = Jr(p1lip2) + Jr(p2|lp1). (7.3)

As mentioned earlier, computing the above probabilistic distance measures
is nontrivial. Only within certain parametric distributions, say the Gaussian
density, we know how to analytically compute some of the distance measures
defined above. Suppose that N(x; 1, %) is a multivariate Gaussian density de-
fined as

NG 4, %) = < exp{ 5 ) S k- ), ()
(2my®

where x € R%and |.| denotes the matrix determinant. With p(x) = N(x; 1, £1)
and pa(x) == N(x; g2, o), Table 7.2 lists analytic expressions of some proba-
bilistic distances between two Gaussian densities. When the covariance matri-
ces for two densities are same, i.e., £ = 3o = ¥, the Bhattacharyya distance
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and the symmetric divergence reduce to the Mahalanobis distance [249]:

Jy = Jp = 8Jp.
Distance Type Analytic Expression
Chernoff distance Jo(p1,p2) = %alaz(ul — ,u,g)T[alEl + (1222]"1(u1 — [2)
+ PPN o134+,
3 OB ST,
Bhattacharyya distance Ju(pi,p2) = § (i — ug)TE*I(m — p2)
i 1Z] .
+ 3 log e
Patrick-Fisher distance Jr(p1,p2) = [(2r)¢25, ]2 + [(2m)2|28,) /2
= 2(2m)" 28] 2 exp{— £ (1 — ) T(25) 7 (a — i) s
KL divergence Tr(i]ip2) = (u1 — u2) V27 (1 — pa) + § log 1221

-+ étr[Elzgl — Id]

Symmetric KL divergence  Jp(p1,p2) = = {(p1 ~ ;Az)T(Zl“l + 227 ) (1~ p2)
+ étr[Ef 29+ 22*121 - 2]'.(1]
Mahalanobis distance I (pr,p2) = (1 — uz)TE“l(/u — p2)

o% = (8 + ¥a)/2.

Table 7.2.  Analytic expressions of probabilistic distances between two normal densities.®

7.2  Mean and Covariance Marix in RKHS
7.2.1 First- and second-order statistics

Computing the probabilistic distance measures requires first- and second-
order statistics in the RKHS, as shown in Section 7.1. In practice, we have to
estimate these statistics from a set of training samples.

Suppose that {x,x2,...,xy} are given observations in the original data
space R4 We operate in the RKHS R/ induced by a nonlinear mapping
function ¢ : R% — RS, where f > d and f could even be infinite. The training
sa;nples in RS are denoted by Qi = (b1, D2, ..., On], where ¢, = ¢(xp) €
RI.

Using the maximum likelihood estimate (MLE) principle, the mean y and
the covariance matrix > are estimated as

1 X 1 ¥
= D blm) = e T = = 3 (b)) = 233T@T = wu,
n=1

N
(1.5)

n=1
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where the weight vector ey <1 = N1 with1 being a vector of 1’s, ¥ = &J,
and Jis an IV x N centering matrix given as

J=N"V21y —e1l). (7.6)

7.2.2  Covariance matrix approximation

The covariance matrix Y in Eq. (7.5) is rank-deficient since f > N. Thus,
inverting such a matrix is impossible and an approximation to the covariance
matrix is necessary. Later in Section 7.3 we show a limiting behavior of this
approximation.

Such an approximation S should possess the following features:

» [t keeps the principal structure of the covariance matrix . In other words,
the dominant eigenvalues and eigenvectors of 3 and S should be the same.

s [tis compact and regularized. The compactness is inspired by the fact that
the smallest eigenvalues of the covariance matrix are very close to zero. The
regularity is always desirable in the approximation theory.

u [t is easy to invert.
We proposed to the following approximation form [276]:

Tel

S = pI; +®JQQ" J = pI; + PADT, (7.7)

where Qisan N X r matrix, A = J QQTJ T, and p > (s a pre-specified constant.
Typically, ¢ << N << f. Firstly, when
Q=V,(I, ~ pA; ")/ R,

where V, and A, encode the top ¢ eigenvectors and eigenvalues of the K matrix,
the top g eigenpairs of 2. are maintained and R is any g x q orthogonal matrix, i.e.,
RTR=RR! = I,. Without loss of generality, we set R = I,. Hence, if p = 0,
we exactly maintain the subspace containing the top ¢ eigenpairs. Secondly, S
is regularized and its compactness is achieved through the Q matrix. Finally, S
can be easily inverted by using the Woodbury formula [8],

s = (pIy W) = p NIy W) = o1 - BBET), (7.8)
where B = JQM~1Q T 3T and the matrix Myxq iS
M= pI, +W W= pI, +QKQ. (1.9)
After obtaining Q, it is easy to check that the following equations hold:

q
M=Ag, M=Ag =[N, M =A7% [8|=p/"9A, L. (7.10)
i=1
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A=JV, (I, pAq—l)vqTJT, B= V(A — pAq—Q)vIJT. (7.11)

tr[AK] = tr[Ay] — pg, tr[BK]=¢— ptr[Aq_l]. (7.12)

7.3  Probabilistic Distances in RKHS

Since the probabilistic distances involve two densities py and p2, we need two
sets of training samples: ®; for p; and ®4 for po. For each density p;, we can
find its corresponding e;, J;, i, 24, Ki, Si, Vi is Aq“i = D[)\l,ia )\271', Ceey )‘(h,i]’
A;, By, etc., by keeping the top ¢; principal components. In general, we can have
q1 # g2 and Ny # Ny with N; being the number of samples for the ith density.
In addition, we define the following dot product matrix:

(I)I 1 By) = ‘I)-lr(l)l @I‘;DQ _ { Ki1 Ki2 ] (7.13)
o] o], o] @, Koi Ko |’

where K;; = @ICDj and Kop = KL

7.3.1  The Chernoff distance and the Bhattarchayya
distance

As mentioned before, the Bhattarchayya distance is a special case of Chernoff
distance with v = 1/2. Hence, we focus only on the Chernoff distance.
The key quantity in computing the Chernoff distance is a1S; + 282 with
@y + ag = 1. We now analyze this in detail.
- T T
181 + a8 = al{pr +O18,D; } + az{plf + ®ohoDy }

= ply+ 1P Ay ‘I)-lr + QQ(I)QAQ(b;—

-
= P1f+[@1‘1)2]{a10A1 0 }[@l}

2hg @;I"
T.T T
JlQlQl Jl 0 @1
= pl +[(D1‘I)2][al }[
d 0 aZJQQQQ-QrJ;- (I)-Qr
(I,T
= ply+[®1 oAy qﬁ' ; (7.14)
2

where the matrix A, is rank-deficient since A, = PP! with

o1 J1Qy 0
PN+ M) x (1 g2) = [ \/—o S0 } . (7.15)
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Therefore, the matrix 157 + «2S9 is of such a form that we can easily find its
determinant and inverse.
The determinant |a1S1 + aoSs| is given by

q1+q2

a1+ asSa| = pf T OFR) o1, 4o, 1) = @ T (75 +p), (7.16)
i=1
where {7;; i = 1,...,q1 + g2} are the eigenvalues of the L matrix. The L
matrix is given by
L — pl o] o, dp=p1 | K1 K2
(ntae)x(ata) — (I)'Qr [©1 PofP = Koy Koo

[ OélQ-lrJ-HKqu% \/QIQZQIJIK1232Q2 }
'\/alaQQ-QrJ-ngmlel azQ-ng-erszQQ

B car{Ag 1 —ply} Vva1aali2 (7.17)
Vatmlly,  aa{fga—ply} |0
with Lip = QIJTKHJQQQ.
The inverse {81 + a3S;} ! is given by
-1 —1 ‘I’I T
{a1S1 + 982} = p {Iy — [®1 $2|Bes, o7 P (7.18)
2
where

Bep, = P(pTg4qy + L)L (7.19)

We now show how to compute the following two terms needed for evaluating
the Chernoff distance as shown in Table 7.2.

-
_ _ ®

M;r{a1s1 FagSe} = e;l'@;l'p HIf— (@1 P2JBey [ q)lr ]}q’jej
2

_ Ki;
= p 1{e;rKi]‘ej — e;r[Kﬂ Kz‘Q]Bch [ K;J :| ej}
J

= p ', (7.20)
+92 q1+q2
|81 + a8y 9 p+Ti p+Ti
log ————— =q lo, + « lo , 7.21
& |Sl|a1 |S2|a2 1 ; & )\i,l 2 ; & )\i,Q ( )

where {\;i1;¢ = 1,2,...,q1} and {\;2;i = 1,2,...,q2} are eigenvalues for
S1 and S, respectively. Notice that (i) {Xi1;¢ = ¢1 + 1,...,q1 + ¢2} and
{Mi2;1=qa+1,...,q1+¢2},all equal to p’s, are introduced only for notational
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convenience; (ii) the infinite dimensionality f in Eq. (7.20) and Eq. (7.21)
disappeared as needed; and (iii) all calculations are based on the Gram matrix
defined in Eq. (7.13).

Finally, we compute the Chernoff distance as follows (with oy = 1 — « and
a2 = Q)

q1+q2 o+
2Jo(p1,p2) = p lonoa{ln +E&n — 2} oy Y log )\,ll +
i=1 i
qL+q2
p+ T
. 1 . 7.22
g Z 8 (7.22)
i=1 ’

7.3.2 The KL divergence and the symmetric divergence
Computing the KL divergence in the RKHS is done by collecting terms like
,u;rsj_l,uk and tr{SiSj“l}.

,Jsj—luk = e;ri);rp_l(lf — (Dijé[);r)(I)kek
= P_l(e;rKikek - e;rKiijKjkek) =p Wi (7.23)
g-l1 ADT (1, — ®.B. BT
tr[8;8;7] = tr{(®iA®; +pIp)p (I — B;B;®;)] (7.24)

= p‘ltr[q),'Aifb;r] — p‘ltr[(DiAi@Ifbij@}-]
+f — tx[®;8;2]]
P~ er[AKii] — p er[AKi B Ky + f — tr(BjKy)
= pler[Ag] — @ — p T er[AK;BK;i]
+f +prrlAg - g
pHrr[Ag, i) — M)} + Ptr[Aq_]}j] +f = (g + ),

I

where
Nij = tr[A.iKiijKji] .

Finally, we obtain the KL divergence and the symmetric divergence in the
RKHS by substituting Egs. (7.23) and (7.24) into the analytic expressions listed
in Table 7.2 with d replaced by f,

2Jr(pillp2) = p {6121 + Oaon — G109 — o1}
+{log |Ag, 2| — log|Ag 1]}
a1 —g2) log p+ p Hrex[Ag 1] — M2}
+oler[Ag ]} — (a1 + a2)- (7.25)
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2Jp(p1,p2) = p {6111 + Ora1 + B2z + Oono
— 0112 — G122 — 0211 — 0221}
+pH {er[Ag 1] 4 tr[Ag, o] — 2 — nan}
tp{er[Agh] +tr[Ag L]} — 2(a + ). (7.26)

7.3.3  The Patrick-Fisher distance

Given the above derivations in Sections 7.3.1 and 7.3.2, computing the
Patrick-Fisher distance Jp(p1,p2) can be easily done by combining related
terms.

q1 q2
Jp(pr,p2) = [22m)fpf~n H /\i,l]Al/Q + [2(2m)/ pl H Nig] 7L/
i=1 i=1
q1+q2
~22(2m) R T (o 7)] 2
i=1
exp{—p '(E11 + & — 2812) ). (7.27)
where {7;;i = 1,2,...,q1 + g2} are the eigenvalues of the L matrix defined in

Eq. (7.17) with o = 1/2.

7.3.4 Limiting behavior

It is interesting to study the behavior of the distances when p approaches to
Zero.
First,

, S i L O )
lim &= &= JV,V; 37, })%B_B—JVQA(I v, 30, (7.28)

Then,

. R T . , . .
;I_)H(l) Oije = Osjx = ey Kikek‘e;rKiijKjkeka ;1_% M = fij = tr[BiKsjA Kyl

(7.29)
Similarly,
. c - Ky;
lim &j = 6,']' == e;rKijej — e;r[K“ KiZ]Bch |: Klj' :| e, (7.30)
p—0 2j
where B, = lim,_o Beg.
Finally, .
})E%PJC(PIJD) = Jo(p1,p2), (7.31)

limy pTr(p1lp2) = Jr(p1llp2), (7.32)
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;i_r’l(l)p']D(phpQ) = jD(p17p2)7 (733)

where

2Jo(p1,p2) = a1 — ) {11 + Eog — 2612}, (7.34)

2Jr(p1]lp2) = 121 + oo — B1on — ba21 + tr[Ag, 1] — e, (7.35)

2jD(p1ap2) = é111 + é121 + §212 + é222 - 9112 - 9122 - égn - éggl
+tr[Ag 1] + trAg,1] = iz = far (7.36)

When « = 1/2, we obtain the limiting distance for the Bhattacharyya distance

2jB(p17P2) = %{511 +ém— 2512} (7.37)

The limiting behavior of the Patrick-Fisher distance Jp(p1, p2) is not inter-
esting since it involves f, thus we omit its discussion.

As mentioned earlier, when p = 0 and ¢1 = ¢3 = ¢, we actually use
the subspace of the RKHS containing the top ¢ cigenpairs. Therefore, the
derived limiting distances calibrate the pattern separability on this subspace of
the RKHS and carry many optimal features their original counterparts possess,
yet additionally equipped with a nonlinear embedding.

7.3.5 Kernel for set

A set here is a collection of observations. A kernel for set is a two-input
kernel function that takes the two sets as inputs and satisfies the requirement of
positive definiteness.

Several kernels for set have emerged in the literature. In [275], Wolf and
Shashua proposed the kernel principal angle. The principal angle is defined
as the angle between the principal subspaces of the two input sets and then
‘kernelized’. In [265], Jebara and Kondor showed that the Bhattacharyya co-
efficient [244] that operates the probability distribution defined on the original
data space is a kernel. In [266], they extended the Bhattacharyya kernel to
operate the probability distribution defined on the RKHS. In [269], Moreno et.
al. proposed a kernel function based on the Kullback-Leibler divergence in the
original data space.

It is obvious that our probabilistic distance measures can be adapted as kernel
functions for set. First, the Bhattacharyya kernel defined in [265] differs from
the Bhattacharyya distance by — log(.). Secondly, the adaptation can be in the
sense of [269]. Other ways are possible by utilizing the construction rule of
kerne! functions.
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Figure7.1. 300i.i.d. realizations of four different densities with the same mean (zero mean) and
covariance matrix (identity matrix). (a) 2-D Gaussian. (b) ‘O’-shaped uniform.(c) ‘D’-shaped
uniform. {d) ‘X’-shaped uniform.

Figure7.2. (a) The symmetric divergence Jp (o, q) and (b) the Bhattacharyya distance J 5 (o,9)
between the 2-D Gaussian and the ‘O’-shaped uniform as a function of ¢ and q.

7.4  Experimental Results

_ In the following experiments, we use only the limiting distances, namely
Jo(p1, p2) (or JB(p1, p2)), Jr(p1]lp2), and Jp(pi, p2), since they do not de-
pend on the choice p, which frees us from the burden of choosing p. Also, we
setgr =q2 =gq.
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7.4.1  Synthetic examples

To fail the KL distance between two Gaussian densities in the original space,
we designed four different 2-D densities sharing the same mean (zero mean) and
covariance matrix (identity matrix). As shown in Figure 7.1, the four densities
are 2-D Gaussian, and ‘O’-, ‘D’-, and ‘X’-shaped uniform densities, where say
the ‘O’-shaped uniform density means that it is uniform in the ‘O’-shaped region
and zero outside the region. Figure 7.1 actually shows 300 i.i.d. realizations
sampled from these four densities. Due to identical first- and second-order
statistics, the probabilistic distance between any of two densities in the original
space is simply zero. This highlights the virtue of a nonlinear mapping that
provides us information embedded in higher-order statistics.

Obviously, the probabilistic distances depend on g, the number of eigenpairs,
and o, the RBF kernel width. Figure 7.2 displays Jp and Jp as a function of
q and 0. The effect of o is biased: It always disfavors a large ¢ since a large o
tends to pool the data together. For example, when ¢ is infinite, all data points
collapse to one single point in the RKHS and become inseparable. Generally,
it is not necessary that a large ¢ (or equivalently using a nonlinear subspace
with a large dimension) yields a large distance. A typical subspace yielding the
maximum distances is of low-dimensional.

Table 7.3 lists some computed values of the probabilistic distances. It is
interesting to observe that when the shapes of two densities are close, their
distance is small. For example, ‘O’ is closest to ‘D’ among all possible pairs.
The closest density to the 2-D Gaussian is the ‘O’-shaped uniform.

JAR(])[sz) Gau ‘0’ ‘D’ X’
Gau - .0740 0782 .0808
‘0’ .0584 - .0281 0523
‘D’ .0670 .0295 - .0436
X 0944 0505 0417 -
()
Je(pL,p2) Gau 0’ ‘D’ X’
Gau - .0033 .0037 .0048
‘0’ .0033 - 0021 .0099
‘D’ .0037 0021 - .0086
X .0048 0099 .0086 -
(b)

Table 7.3.  (a) The KL distances in the RKHS with o = 1 and ¢ = 3. (b) The Bhattacharyya
distances in the RKHS with ¢ = 0.5 and ¢ = 1. p1 is listed in the first column and ps in the
first row.
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7.4.2  Face recognition from a group of images

The gallery set consists of 15 sets (one per person) while the probe set consists
of 15 new sets of the same people (one per person). In these sets, the people can
move their heads freely so that pose and illumination variations abound. The
existence of these variations violates the Gaussianity assumption of the original
data space used in [118]. Figure 7.3 shows some example faces of the in the 4
gallery person, the 9" gallery person, and the 4" probe person (whose identity
is same as the 4*" gallery person). The 32 x 32 face images are automatically
cropped from video sequences (courtesy of [109]) using a flow-based tracking
algorithm.

Symmetric divergence Bhattacharyya distance
J(p1,p2) in the RKHS 13/15 13/15
J(p1,p2) in the original space R* 11/15 11/15

Table 7.4.  The recognition score obtaining using the symmetric divergence and Bhattacharyya
distance.

A generic PCA is performed to reduce the dimensionality to 300. Figure
7.3 also plots the first three PCA coefficients of the 4" gallery person, the 9"
gallery person, and the 4** probe person. Clearly, the manifolds are highly
nonlinear, which indicates a need for nonlinear modeling.

Table 7.4 reports the recognition rates. The top match with the smallest
distance is claimed to be the winner. For comparison, we also implemented
the approaches using the symmetric divergence [118] and the Bhattacharyya
distance in the original space. 'Clearly, using the distances in RKHS yields
better result. Out of 15 probe sets, we successfully classified 13 of them. In
fact, Figure 7.3 shows a misclassification example in [118], where the 4*" probe
person is misclassified as the 9** gallery person, while our approach corrects
this error.
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NLE

al @

Figure 7.3.  Examples of face images in the gallery and probe set. (a) The 4" gallery person
in 10 frames (every 8 frames) of a 80-frame sequence. (b) The 9" gallery person in 10 frames
(every 10 frames) of a 105-frame sequence.(a) The 4 probe person in 10 frames (every 6
frames) of a 60-frame sequence. (d) The plot of first three PCA coefficients of the above three
sets.



Chapter 8

MATRIX-BASED KERNEL SUBSPACE ANALYSIS

Subspace methods are widely used in the face recognition literature due to
the influential ‘Eigenface’ approach [64]. However, as mentioned in Chapter
??, subspace analysis in the original data space is very limited. Kernel method
is one way to enhance its modeling capability.

It is a common practice that a matrix, the de facto image representation, is
first converted into a vector before fed into subspace analysis or kernel method;
however, the conversion ruins the spatial structure of the pixels that defines the
image. In this chapter, we propose two kernel subspace methods that are di-
rectly based on the matrix representation, namely matrix-based kernel principal
component analysis (matrix KPCA) and matrix-based kernel linear discrimi-
nant component analysis (matrix KLDA). We derive their principles in sections
8.1.1 and 8.1.2, respectively. Correspondingly, we call the vector-based ker-
nel principal component analysis as vector KPCA and the vector-based linear
discriminant analysis as vector KLDA.

We further show in section 8.2.1 that the matrix KPCA and matrix KLDA
generalize the vector KPCA [272] and vector KLDA [263, 268]. In particular,
the Gram matrix used in the vector KPCA and vector KLDA can be derived
from the one used in the matrix KPCA and matrix KLDA. Therefore, matrix-
based methods provide richer representations than vector-based counterparts.
Our experiments in section 8.2.2 also demonstrate the advantages of matrix-
based methods. Another advantage of the matrix-based methods is that they
enable us to study the spatial statistics in the matrix.

To facilitate our analysis, we introduce the following quantity ‘kernelized
matrix’.
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Kernelized matrix

For a matrix Xpxq = [=7_; x;], we define its kernerlized matrix ¢(X) as

P(X) fxq = =iz (=)l

which maps each column of the matrix X to the nonlinear feature space. Note
that the kernelized matrix is a hypothesized quantity introduced for analysis:
we do not really compute this in practice. The dot product matrix K, of two
kernelized matrices X and Y is given as

K(X, Vgxq = (%) T6(1) = Ly [0y ke, y,)] ]
Similarly, for the block matrix Xpxnq = [=7-, X;] and its kernelized matrix
H(X) fxng = [Zim1 d(X4)],

we can compute the dot product matrix K,,gxnq of the two kernerlized block
matrices ¢(X') and () as

K(X,Y) = () T9(V) = Wy (=7 K& Y] -
The matrix Kpgxng is also a block matrix.
8.1 Matrix KPCA and Matrix KLDA
8.1.1  Matrix KPCA

Given a matrix X, and its kernelized version ¢(X) x4, the matrix KPCA
attempts to find the projection matrix Uy, i.e.,

Zoxg = Ur(X) pxan (8.1)

such that the variation of the output matrix Z,, is maximized.
In the above definition, we note the following:

m  We assume that the mean of the data (i.e. (X)) is removed; otherwise, it
contributes only a constant matrix to the output matrix Z in Eq. (8.1).

» Because each column is lifted from R? to RS, we will call the above matrix
KPCA as column-lifted matrix KPCA. To obtain a row-lifted matrix KPCA,

we simply replace X with xT.
Zps = {V (K1) pp} | = (X)) T

= For one projection direction, the column-lifted matrix KPCA outputs a prin-
cipal component vector whose dimensionality equals the number of the
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columns of the input matrix. In comparison, the vector KPCA [272] out-
puts a principal component value for one projection direction.

We start by finding the first project direction uy 1 such that the variation of

the output vector matrix z| 4 = uch(Y) is maximized. Mathematically, we
have the following optimization problem:

max ||z — E[z]||? = uTZu,
Ifufl=1

where
21 = E[{6(X) - E[XR)]}{#(X) — El60)]} ]
is the total scatter matrix. It is easy to show that the optimal vector u is the
leading eigenvector of 3 corresponding to the largest eigenvalue.
In practice, we learn the projection vector u based on a training set X' =
[=%_; X;] that is kernelized to ¢(X) fxng = [=7; ¢(Xi)]. The mean E[¢(X)]
is estimated as :

T 1 = 1+ 300 = 9(X) (e B T,)
i=1

where e, x1 = [1,1,..., 1]T is a column vector of 1’s, and the total scatter
matrix 3 is estimated as
N v NEveas T anT
r= n2{¢(xz) (X Ho(hi) — oK)} = d(X)TT (X))  (82)
i=1

where Jngxnq plays the role of data centering.

1
anan = ﬁ‘] ® I(I7 Jnxn = In - EeeT.

It remains to show how to compute the eigenvector of the 3. matrix. Usually,
the matrix 3 is rank deficient because the cardinality of the nonlinear feature
space is quite large. In the case of the RBF kernel, f is infinite. We follow the
standard method given in [64] to calculate the leading eigenvectors for a rank
deficient matrix.

Define the matrix Kyqxnq as

K=7Tex) o7 = 7TK(x,2)7,

where (X, X) is the Gram matrix that is computable in practice. Suppose
that (), v) is an eigenpair of the matrix K, i.e., vnqx1 is an unit eigenvector with
the corresponding eigenvalue A or Kv = Av. Because

H(X)TKv = Lp(X)Tv = Ap(X) T,
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the vector uyy; = ¢(X)Jv is an eigenvector of the matrix 33 with the corre-
sponding eigenvalue A. To obtain a normalized vector u, we note that

wWu=vl 7T To(X)Tv = AT v = A (8.3)

Therefore, (A, u = \%d)(./\,’ )Jv) is an eigenpair of the matrix 3.
For a given matrix Y,x, = [=7_, y,], its principal component vector z g =
qu)(Y) is computed as

L T,T T 1
z=—v J X Y) = —
7 (X) " o(Y) 7
Similarly, we first obtain the top r eigenpairs {(\i,v;); i = 1,...,7} that
are associated with the matrix K and then convert them to those of the matrix
Y. In a matrix form, the eigenvector matrix is given as

Upsr = [Zieg W = P(X)TVATL2,

VI KK YL (84

where Vygxr = [=]_; v;] encodes the top m eigenvectors v; of the matrix K
and A is a diagonal matrix whose diagonal elements are {\;; ¢ = 1,...,7r}
The matrix for all principal component vectors is

Zrcg = Wiy 2] = A2V T T T, R (X, V)],
The column-lifted matrix KPCA is summarized in Figure 8.1. It should

be noted that when the kernel function is k(x,y) = xTy, then matrix KPCA
reduces to matrix PCA [66]. However, the ‘kernel trick’ substantially enhances
the modeling capacity of the matrix PCA that is linear in nature.

8.1.2 Matrix KLDA
The matrix KLDA attempts to find the projection matrix Uy, i.e., Zrxq =

UT¢(X), such that the within-class variation of the matrix Z is minimized while
the between-class variation of the matrix Z is maximized. Again this is a
column-lifted definition.

We only show how to find the first project direction u 1 ; the rest just follows.
Mathematically, we have the following optimization problem:

uTEBu
max ,
=1 u TS pu

where Yy is the within-class scatter matrix and X g the between-class scat-
ter matrix. The optimal vector is the leading eigenvector corresponding to a
generalized eigenvalue problem,

Ypu= ALwyu. 8.5)
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[Training]

= Compute the centering matrix J, the Gram matrix (X, X'), and
the matrix K.

» Find the leading r eigenpairs {(\;, v;); ¢ = 1,2, ..., r} of the matrix
K.

~

m The leading r eigenpairs for the matrix X s
{(, ﬁ(ﬁ(‘)()jvi); i=12..,r}

[Projection)
s For an arbitrary input matrix Y, find its i** principal component

vector using Eq. (8.4), that is z; = ﬁviTJT[ 71 K(X;, Y)).

Figure 8.1.  Summary of matrix KPCA.

It is easy to show [7] that the total scatter matrix X can be written as ¥ =
Yw + Xp. Therefore, Eq. (8.5) is equivalent to

Ypu = AXu, (8.6)

except that there is a difference in the eigenvalue.

We assume that the training set is given as X = [=7_, X;] and each data
point X; has its class label function h(X;), taking a value in the class label set
{1,2,...,C?}. In section 8.1.1, we showed that the matrix 3 can be estimated
as 3 = ¢(X)JJT¢(X)T, e.g., Eq. (8.2). We now derive the estimate for the
matrix ¥, denoted by .

Without loss of generality, we further assume that the data points are already
ordered by class labels. The number of data points belonging to the class c is
given as n, = Y. ; Ih(X;) = ], where I[.] is an indicator function.

The mean for the class ¢ is estimated as

Yoy ¢(X)I[M(X;) = ]
o Ih(X) = d

Cbc(x) =

- «zs(X)niC(ec 9 1,),

where e, is a column vector of size n x 1 given as e, = [J7y I[h(X;) = ¢]].
The between-class scatter matrix X g is estimated as

C
Sp =203 {300 — SO HE®) — 90} = p(X)We(A)T,
c=1
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where Whygxng = Wnxn ® I and

Wi = Z{ S 2 }{(— -2y

It is easy to show that W, x,, = JnX’ananan where
1

nz Im

Baxn =

n¢ Ino
Therefore,
W = (JBJ) ® Iy = TngxngBrgxnqgTngxnq>
where
jnqan = Jpxn &® qu Bnqan =Buxn ® Iq-
Combining the above derivations together, we have

A

S5 = ¢(X)TBI p(x)T. (8.7)

Substituting the ensemble estimators of the scatter matrices, i.e., Eqs. (8.2)
and (8.7), into Eq. (8.6) yields

B(X)TBITT¢(2)Tu = M(X)T T o) T, ®8)
The eigenvector uyyq of Eq. (8.8) is in the form of
= G(X) v,
where vygx1 is the leading eigenvector that satisfies
K(X, X)BK(X, X)v = AK(X, X)K(X, X)v.
To normalize the eigenvector u, we obtain

u= %aﬁ(x)yv, £=vIKW@, X)v = v TTE(X, )T v.

For an arbitrary matrix Y« its discriminative vector is computed as

Zixqg = uT¢(Y) TJT[ i -1K Xsz)]

v@
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8.2  Discussions and Experimental Results
8.2.1 Discussions

It is insightful to compare the (column-lifted) matrix KPCA with the vec-
tor KPCA. This is especially important because the current practice usually
vectorizes a matrix to a vector.

The vector KPCA [272] is based on the Gram matrix K(X, X'),x, whose
i3t element is k(vec(X;), vec(X;)), i.e.,

KX, X)nxn = Uiy ]2 k(vee(Xs), vee(X;))] ],
whereas the block Gram matrix
KX, X)ngxng = imy [=720 KX, X)) ]

is used in the matrix KPCA. First, these two Gram matrices have different sizes.
The matrix K has a much bigger size than the matrix K. As a consequence, the
vector KPCA finds maximally (n — 1) eigenpairs, whereas the matrix KPCA
has maximally (n — 1)q eigenpairs. Also, the vector KPCA outputs a vector
of maximum size (n — 1) x 1 while the matrix KPCA outputs a matrix of
maximum size (n — 1)g % ¢. In term of training complexity, matrix KPCA is
more computationally involved than vector KPCA. Table 8.1 summarizes the
above comparisons.

Vector KPCA Column-lifted matrix KPCA
Input pq % 1 vector P X q matrix
Number of training samples n n
Gram matrix size nxn ng X ng
Maximum # of principal components (n—1) (n—1)q
Output of maximum size (n — 1) x 1 vector (n — 1)g x ¢ matrix

Table 8.1. Comparison between vector KPCA and matrix KPCA.

Second, the two Gram matrices are closely related. We compare the i5*
clement of K(X, X), or k(vec(X;), vec(X;)), with the 5" block of K(&, X),
orK(X;,X;). For convenience, we letX; = A = =], ajJandX; =B = [=]_;
bj]. Using the RBF kernel k(a,b) = exp{—67!|la — b|?}, the quantities
k(vec(a), vee(B)) (or k(4,B) in short) and K(A, B)4 x4 are computed as follows.

q
k(A,B) = H k(a;,b;), K(A,B) =] g:l [:>;I':1 k(ahbj)]]'
i=1

The scalar k(vec(A), vec(B)) is just the product of the diagonal elements of the
matrix K(A,B)gxq. The Gram matrix K(X', X'), ., can be completely derived
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from the block Gram matrix (X, X Jngxng. In general, the above relationship
between the two Gram matrices holds. Because the mapping from K(X, X)
to K(X, X) is many-to-one, the block matrix (&X', X') contains more infor-
mation than the matrix K(X', X'). Thus, the matrix KPCA provides a richer
representation than the vector KPCA.

More importantly, K(A, B) can be viewed as encoding the column-wise statis-
tics, because its 15 element k(a;, bj) compares two columns. Spatial statistics
of higher order between columns are somewhat captured. However, this prop-
erty is typically lost in k(vec(A},vec(B)). For example, in the RBF kernel,
there is no comparison between the two columns a; and b; when ¢ # j.

Another advantage of the matrix KPCA is that in the matrix KPCA we can
interchange the role of row and column. This can be done by simply replacing
a matrix X by its transpose xT. Alternatively, we can perform the following
recursive procedure.

Xpxq (1) Yrxqg = U}-xr¢(x)f><q
"_“’(2) Zpxg = w(YT)}-xTVsz - w<¢(X)TU)TV7 (89)

where ‘— 1y’ means the column-lifted matrix KPCA and ‘+— 5y’ means the
row-lifted matrix KPCA. Through the above procedure that is similar to bilinear
analysis [214], we essentially perform the matrix KPCA first along the column
and then along the row to capture both column-wise and row-wise statistics of
higher order.

Similar observations can be made when comparing the matrix KLDA and
the vector KLDA.

8.2.2 Experimental results

In this section, we show two applications of the kernel methods developed
above.

Visualization

We applied the matrix KPCA to 200 images of the digit ‘three’. Figure 8.2(a)
shows ten example images of size 16 x 16. The digit ‘three’ manifests a spatially
nonlinear pattern. To capture it, methods able to handle both nonlinearity and
spatial statistics are required.

The column-lifted matrix KPCA is first applied along the column direction
using the kernel function k(x,y) = exp{—3271||x — y||?}. We kept only the
top 16 principal components that are displayed in Figure 8.2(b). Note that each
output matrix is again of size 16 x 16. Next, we further applied the row-lifted
matrix KPCA, with a different kernel function k(x,y) = exp{—||x — y||*},
along the row direction (of those in Figure 8.2(b)), Again, we kept only the
top 16 principal components. The outputs are shown in Figure 8.2(c). It is
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interesting to observe that there is a distinctive white line characterizing all
these images.

We adopted the local linear embedding (LLE) [251] to visualize the data in
different representations. Figure 8.2(d) visualizes the original images, where
a triangle structure appears. In Figure 8.2(e), the vector KPCA representation,
obtained using the kernel function k(x,y) = exp{—128~1||x — y||?}, is dis-
played. Note that the structure in Figure 8.2(e) is only slightly tighter than that
in Figure 8.2(d), meaning that vector KPCA does not change the distribution
of the data too much.

Figure 8.2(f) visualizes the data representation after the column-lifted matrix
KPCA with the kernel function k(x,y) = exp{—||x — y||?} is applied along
the column vector. The data becomes very clustered. The row-lifted matrix
KCPA with the same kernel function is further applied along the row direction
and its output is visualized in Figure 8.2(g). The data is even more clustered
after high-order row and column statistics are somewhat captured. However, it
is not fully captured because the data still form a tight nonlinear manifold. It
should be noted that changing the kernel function does not affect the structure
presented in the figure.

Face recognition

One main application of subspace analysis is face recognition [64, 65, 66, 29].
We also tested the matrix KPCA and KLDA for this task. In particular, we
focused on variations in pose and illumination.

The AT&T database has 40 subjects with 10 images for each subject. Figure
8.3(a) shows one subject at 10 poses. While pose variations ruin the pixel
correspondence required for vector-based method, matrix-based methods are
relatively immune to this problem. We randomly divided 10 images of one
subject into two sets, M images for training and N images for testing (M +N =
10). Such arandom division was repeated for every subject. Table 8.2(a) shows
the average recognition rate of 10 simulations. Here ‘Matrix (¢ = n)’ means
the following: When ¢ = 2 for example, the image is converted to a matrix
with 2 columns, the first column for the left part of the image and the second
column for the right part. Hence in this case we can characterize the statistical
dependence between the left and right parts of the face image.

We repeated the same experiment for the PIE database [85] that consists of
68 subjects. Here we focused only on the illumination variation and selected
12 lighting conditions. Figure 8.3(b) shows one subject under these 12 illumi-
nation conditions. As PCA is known to be inadequate in handling illumination
variation, we only considered LDA [44]. For comparison, we implemented the
illumination subspace approach [144] that is physical-model-based and hence
effective for modeling illumination variations. In [144], a separate linear sub-
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Figure 8.2. (a) Ten images of digit ‘three’. (b) The matrix KPCA along the column direction.
(c) The matrix KPCA along the column and row directions. LLE visualization: (d) The original
data. (e) The vector KPCA. (f) The matrix KPCA along the column direction. (g) The matrix
KPCA along the column and row directions.
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Figure 8.3.  (a) Images at different poses in the AT&T database. (b) Images under different
illumination conditions in the PIE database. All images are downsampled to 12 x 12.

space is learned for each subject. Table 8.2(b) presents the recognition rates for
the PIE database.

From Table 8.2, we make the following observations:
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The matrix-based analysis almost always outperforms the vector-based anal-
ysis, highlighting the virtue of the matrix KPCA and matrix KLDA.

The matrix KLDA consistently outperforms the matrix KPCA because the
former is a supervised approach.

Using more samples in the training set increases the recognition perfor-
mance.

Kernel methods almost always outperforms their non-kernel counterparts.

When dealing with the illumination variation, the matrix KLDA algorithm
that is learning-based even outperforms, in small-sample cases, the illumi-
nation approach that is physical-model-based and needs more data to learn

the model.

Polynomial kernel M=2 M=3 M =4 M=5
(0 =1,d=3) N =8 N=7 N=6 N=5
matrix KPCA (q = 4) 73.4+2.6 75.7+2.0 78.1+1.4 80.6+2.6
matrix KPCA (¢ = 2) 71.2+£3.1 72.4+19 75.9+2.4 78.342.9
vector KPCA (g = 1) 65.943.1 68.5+2.5 75.3+2.4 78.3+£1.8
matrix KLDA (¢ = 4) 73.6£2.5 82.1+3.0 87.4+3.0 89.84+34
matrix KLDA (g = 2) 76.0+2.5 83.91+3.7 88.1+2.6 92.0£2.9
vector KLDA (¢ = 1) 76.0+3.0 82.7+2.8 87.54+3.2 90.5+2.4
(a)
Polynomial kernel M=2 M=4 M=6 M =8 M =10
(6 =1,d=23) N =10 N =8 N=6 N =4 N=2
matrix KLDA (¢ = 2) 55.4+2.1 82.6+2.4 93.0+1.5 96.5£1.5 98.2+1.1
vector KLDA (¢ = 1) 64.3+3.7 81.3+£25 81.2+2.6 80.2+2.2 71.0+£4.3
vector LDA (¢ = 1) 49.2+3.7 66.1£3.5 74.8+£1.9 80.0+3.3 83.6+2.7
[lumination subspace 53.1£25 85.0+2.2 92.3+1.5 96.1£1.3 98.5+1.1
(b

Table 8.2. Face recognition rates for (a) the AT&T database and (b) the PIE database.
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FACE TRACKING AND RECOGNITION FROM VIDEOS



Chapter 9

ADAPTIVE VISUAL TRACKING

Particle filtering [179, 245, 248, 237, 6] is an inference technique [3, 20]
for estimating the unknown motion state, #;, from a noisy collection of ob-
servations, y;;, = {y;,...,¥,} arriving in a sequential fashion. A state space
time series model is often employed to accommodate such a time series. As
mentioned in Chapter 2, two important components of a time series are state
transition and observation models.

The state transition model characterizes the motion change between frames.
In a visual tracking problem, it is ideal to have an exact motion model governing
the kinematics of the object. In practice, however, approximate models are used.
There are two types of approximations commonly found in the literature. (i) One
is to learn a motion model directly from a training video [183, 189]. However
such a model may overfit the training data and may not necessarily succeed
when presented with testing videos containing objects arbitrarily moving at
different times and places. Also one cannot always rely on the availability of
training data. (ii) Secondly, a fixed constant-velocity model with fixed noise
variance is fitted as in [174, 198, 208, 129].

O = 0;_1 + v + 1wy, (CRY

where 14 is a constant velocity, i.e. v, = 1y, and u; has a fixed noise variance
of the form u; = ry % ug with ry a fixed constant measuring the extent of
noise and ug a ‘standardized’ random variable/vector Consider the scalar case
for example. If u; is distributed as N(O,(r2), we can write u; = oug where
v is standard normal N(0, 1). This also applies to multivariate cases. Since
a constant v has difficuity in handling arbitrary movement, 1y is typically
set to be g = 0. If ry is small, it is very hard to model rapid movements;
if ry is large, it is computationally inefficient since many more particles are
needed to accommodate the large noise variance. All these factors make such a
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model ineffective. In this chapter, we overcome this by introducing an adaptive-
velocity model.

While contour is the visual cue used in many tracking algorithms [183],
another class of tracking approaches [180, 192, 129] exploits an appearance
model A;. In its simplest form, we have the following observation equation.

For the sake of simplicity, we denote: z; = 7 {y,; 6}, zgj) = T{y,; 0?)}, 54 =
T {y,;0:}. Also, we can always vectorize the 2-D image by a lexicographical
scanning of all pixels and denote the number of pixels by d.

ze = T{y; 0} = A+ vy, (9.2)

where z; is the image patch of interest in the video frame y,, parameterized
by 6;. In [180], a fixed template, A; = A, is matched with observations to
minimize a cost function in the form of sum of squared distance (SSD). This is
equivalent to assuming that the noise v; is a normal random vector with zero
mean and a diagonal (isotropic) covariance matrix. At the other extreme, one
could use a rapidly changing model [192], say, A; = 2;_1, i.e., the ‘best’ patch
of interest in the previous frame. However, a fixed template cannot handle
appearance changes in the video, while a rapidly changing model is susceptible
to drift. Thus, it is necessary to have a model which is a compromise between
these two cases. In [185], Jepson et. al. proposed an online appearance model
(OAM) for a robust visual tracker, which is a mixture of three components.
Two EM algorithms are used, one for updating the appearance mode! and the
other for deriving the tracking parameters.

Our approach to visual tracking is to make both observation and state tran-
sition models adaptive in the framework of a particle filter, with provisions for
handling occlusion. The main features of our tracking approach are as follows:

m Appearance-based. The only visual cue used in our tracker is the 2-D ap-
pearance; i.e., we employ only image intensities, though in general features
derived from image intensities, such as the phase information of the filter
responses [185] or the Gabor feature graph presentation [111], are also ap-
plicable. No prior object models are invoked. In addition, we only use gray
scale images.

= Adaptive observation model. We adopt an appearance-based approach. The
original OAM is modified and then embedded in our particle filter. There-
fore, the observation model is adaptive as the appearance A; involved in (9.2)
is adaptive.

n Adaptive state transition model. Instead of using a fixed model, we use an
adaptive-velocity model, where the adaptive motion velocity v is predicted
using a first-order linear approximation based on the appearance difference
between the incoming observation and the previous particle configuration.
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We also use an adaptive noise component, i.¢, u; = 7y *ug, whose magnitude
r¢ 1s a function of the prediction error. It is natural to vary the number of
particles based on the degree of uncertainty r, in the noise component.

m Handling occlusion. Occlusion is handled using robust statistics [11, 180,
173]. We robustify the likelihood measurement and the adaptive velocity
estimate by downweighting the ‘outlier’ pixels. If occlusion is declared, we
stop updating the appearance model and estimating the motion velocity.

This chapter is organized as follows. We examine the details of an adaptive
observation model in Section 9.1.1, with a special focus on the adaptive ap-
pearance model, and of an adaptive state transition model in Section 9.1.2 with
a special focus on how to calculate the motion velocity. Handling occlusion is
discussed in Section 9.1.3, and experimental results on tracking vehicles and
human faces are presented in Section 9.2.

9.1 Appearance-Adaptive Models
9.1.1 Adaptive observation model

The adaptive observation model arises from the adaptive appearance model
A;. We use a modified version of OAM as developed in [185]. The differences
between our appearance model and the original OAM are highlighted below.

Mixture appearance model

The original OAM assumes that the observations are explained by different
causes, thereby indicating the use of a mixture density of components. In the
original OAM presented in [185], three components are used, namely the W-
component characterizing the two-frame variations, the S-component depicting
the stable structure within all past observations (though it is slowly-varying),
and the L-component accounting for outliers such as occluded pixels.

We modify the OAM to accommodate our appearance analysis in the fol-
lowing aspects. (i) We directly use the image intensities while they use phase
information derived from image intensities. Direct use of image intensities is
computationally more efficient than using the phase information that requires
filtering and visually more interpretable. (ii) As an option, in order to further
stabilize the tracker one could use an F-component which is a fixed template
that one is expecting to observe most often. For example, in face tracking this
could be just the facial image as seen from a frontal view. In the sequel, we
derive the equations as if there is an F-component. However, the effect of this
component can be ignored by setting its initial mixing probability to zero. (iii)
We embed the appearance model in a particle filter to perform tracking while
they use the EM algorithm. (iv) In our implementation, we do not incorporate
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the L-component because we model the occlusion in a different manner (using
robust statistics) as discussed in Section 9.1.3.

We now describe the mixture appearance model. The appearance model at
time ¢,

Ay = {W;, 84, Fi},

is a time-varying one that models the appearances present in all observations up
to time t — 1. It obeys a mixture of Gaussians, with W;, S, F; as mixture centers
{pti4; i = w, s, f} and their corresponding variances {a;{t; i =w,s, f}and
mixing probabilities {m;+; ¢ = w, s, f}. Notice that

2 .
(e, pig, 05g; 1= w, s, f}

are ‘images’ consisting of d pixels that are assumed to be independent of each
other.

In summary, the observation likelihood is written as
d
(3,100 = pzelfe) = [T{ D0 maeli)N(ze(s); min(9), 024(3))}, (93)
J=1 i=w,s,f
where N(x; 1, o?) is a normal density

x—p

N(z; 1, 0%) = (2m0%) /% exp{—p( n,mmzéﬁ- (9.4)

ag

Model update

To keep the chapter self-contained, we show how to update the current ap-
pearance model A; to A,y after z; becomes available, i.e., we want to compute
the new mixing probabilities, mixture centers, and variances for time ¢ + 1,

2 .
{mi,t—H; Hit+15 041415 L =W, S, f}‘

It is assumed that the past observations are exponentially ‘forgotten’ with
respect to their contributions to the current appearance model. Denote the
exponential envelop by a exp(—7~1(t — k)) for k < ¢, where 7 = ny,/ log 2,
ny, is the half-life of the envelope in frames, and & = 1 — exp(—771) to
guarantee that the area under the envelope is 1. We just sketch the updating
equations as follows and refer the interested readers to [ 185] for technical details
and justifications.

The expectation maximization (EM) algorithm [236] is invoked. Since we
assume that the pixels are independent of each other, we can deal with each
pixel separately. The following computation is valid for j = 1,2,. .., d where
d is the number of pixels in the appearance model.
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First, the posterior responsibility probabilities are computed as

Oi,t(j) & mi,ﬁ(j)N( (]) Hi, t( ) zf(])); i=w,s, f, & Z Oi,t(j) =1
i=w,s,f
9.5)
Then, the mixing probabilities are updated as

mip1(f) = @ oit(f) + (1 — ) miy(j); i =w,s, f, (9.6)
and the first- and second-moment images {M,, ;+1; p = 1, 2} are evaluated as
My er1(7) = @ 2{(§)oss(§) + (1 — ) Mpe(4); p=1,2. 9.7
Finally, the mixture centers and the variances are updated as:

Ser(f) = s () = 21l oy MeenUG)

ms)t+1(j)’ Us,t-l—l ms,t+1(j) s,t+1
(9.8)
Wer1(5) = b1 (F) = 2¢(5), 051(F) = 05.1(), 9.9)
Fer1(f) = ppuri () =F1(§), 0Fe1 () =0F.10). (9.10)

Model initialization

To initialize A;, we set Wy = S; = Fy = T¢ (with Ty supplied by a detection
algorithm or manually), {mi,haﬁl; i = w,s f}, and M1; = m,12p and
My1 = TTLSJUEJ + T%.

9.1.2 Adaptive state transition model

The state transition model we use incorporates a term for modeling adaptive
velocity. The adaptive velocity is calculated using a first-order linear prediction
method based on the appearance differences between two successive frames.
The previous particle configuration is incorporated in the prediction scheme.

Construction of the particle configuration involves the costly computation of
image warping (in the experiments reported here, it usually accounts for about
half of the computations). In a conventional particle filtering algorithm, the
particle configuration is used only to update the weight, i.e., computing weight
for each particle by comparing the warped image with the online appearance
model using the observation equation. But, our approach in addition uses
the particle configuration in the state transition equation. In some sense, we
‘maximally’ utilize the information contained in the particles (without wasting
the costly computation of image warping) since we use it in both state and
observation models.

In [193], random samples are guided by deterministic search. Momentum
for each particle is computed as the sum of absolute difference between two
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frames. If the momentum is below a threshold, a deterministic search is first
performed using a gradient descent method and a small number of offsprings
is then generated using stochastic diffusion; otherwise, stochastic diffusion is
performed to generate a large number of offsprings. The stochastic diffusion
is based on a second-order autoregressive process. But, the gradient descent
method does not utilize the previous particle configuration in its entirety. Also,
the generated particle configuration could severely deviate from the second-
order autoregressive model, which clearly implies the need for an adaptive
model.

Adaptive velocity

With the availability of the sample set ©,_; = {9@1 }3’21 and the image
)
¢

patches of interest Z;_1 = {z;7;} 3—’:1, for a new observation y,, we can predict

the shift in the motion vector (or adaptive velocity) vy = 8y — By using a
first-order linear approximation [172, 180, 186, 188], which essentially comes
from the constant brightness constraint, i.e., there exists a 8, such that

T{y; 0} ~ 241 (9.11)

Approximating 7 {y,; 0} using a first-order Taylor series expansion around
0; (we set 0, = 0,_1) yields
T{y; 01} ~ T{y;0:} + Ce(6, — 0;) = T{y,; 6:} + Cyms, (0.12)

where C; is the Jacobian matrix.
Combining (9.11) and (9.12) gives

21~ T{y; 0} + Corn, (9.13)
ie., . ~
vy =0y — 0p ~ —By(T {y;; 0} — 26-1), 9.14)

where B; is the pseudo-inverse of the C; matrix, which can be efficiently esti-
mated from the available data ©,_, and Z;_1.

Specifically, to estimate B; we stack into matrices the differences in motion
vectors and image patches, using 6, and 2;_ as pivotal points:

501 = [0, = b1, ..., 8) — b,y 9.15)

62,1 =121 21, .., 27— (9.16)

The least square (LS) solution for By is

By = (5®t~16211)(5zt~1522-—1)_1' (0.17)
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However, it turns out that the matrix § Zt_l(sth_l is very often rank-deficient
due to the high dimensionality of the data (unless the number of the particles at
least exceeds the data dimension). To overcome this, we use the SVD as

§Z,_, = UAVT (9.18)

It can be easily shown that

B, = 60,_1VA~ U T. (9.19)
To gain some computational efficiency, we can further approximate

T

By = 00y_1V,A;'U, (9.20)

by retaining the top ¢ components. Notice that if only a fixed template is used
[186], the Bmatrix is fixed and pre-computable. But, in our case, the appearance
is changing so that we have to compute the B; matrix in each time step.

In practice, one may run several iterations till 2, = 7 {y; 6, + vy} stabilizes,
i.e., the error ¢; defined below is small enough.

2 205) — 1i )
321 L %:gfmzt J)P(W—)}- (9.21)

€t = ¢(Z¢,Ar) =
In (9.21), €; measures the distance between T{y,;f; + v} and the updated
appearance model A;. The iterations proceed as follows: We initially set étl =
ét_l. For the first iteration, we compute utl as usual. For the k" iteration, we
use the predicted éf = éf oy uf'l as a pivotal point for the Taylor expansion
in (9.12) and the rest of the calculation then follows. It is rather beneficial
to run several iterations especially when the object moves very fast in two
successive frames since 6;_ might cover the target in y, in a small portion.
After one iteration, the computed »; might be not accurate, but indicates a good
minimization direction. Using several iterations helps to find v, (compared to
6 . 1) more accurately.

We use the following adaptive state transition model

Or =01 + e +ws, (9.22)

where v is the predicted shift in the motion vector. The choice of u; is discussed
below. One should note that we are not using (9.22) as a proposal function to
draw particles, which requires using (2.11) to compute the particle weight.
Instead we directly use it as the state transition model and hence use (2.8) to
compute the particle weight. Our model can be easily interpreted as a time-
varying state model.
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It is interesting to note that the approach proposed in [196] also uses motion
cues as well as color parameter adaptation. Our approach is different from
[196] in that: (1) We use the motion cue in the state transition model while they
use it as part of observations; (ii) We only use the gray images without using
the color cue which is used in [196]; and (iii) We use an adaptive appearance
model which is updated by the EM algorithm while they use an adaptive color
model which is updated by a stochastic version of the EM algorithm.

Adaptive noise

The value of ¢; determines the quality of prediction. Therefore, if ¢; is small,
which implies a good prediction, we only need noise with small variance to
absorb the residual motion; if €, is large, which implies a poor prediction, we
then need noise with large variance to model the potentially large jumps in the
motion state.

To this end, we use u; of the form u; = r; * ug, where r; is a function of ¢;.
Since €; defined in (9.21) is a ‘variance’-type measure, we use

ry = max(min{rov/es, Tmaz ) Pmin ) (9.23)

where 7,,;,, is the lower bound to maintain a reasonable sample coverage and
T'maz 18 the upper bound to constrain the computational load.

Adaptive number of particles

If the noise variance 7 is large, we need more particles, while conversely,
fewer particles are needed for noise with small variance ;. Based on the
principle of asymptotic relative efficiency (ARE) [3], we adjust the particle
number J; in a similar fashion, i.e.,

Jt = JQTt/T(). (9.24)

Fox [239] also presents an approach to improve the efficiency of particle
filters by adapting the particle numbers on-the-fly. His approach is to divide the
state space into bins and approximate the posterior distribution by a multinomial
distribution. A small number of particles is used if the density is focused on a
small part of the state space and a large number of particles if the uncertainty
in the state space is high. In this way, the error between the empirical distribu-
tion and the true distribution (approximated as a multinomial in his analysis)
measured by Kullback-Leilber distance is bounded. However, in his approach,
since the state space (only 2D) is exhaustively divided, the number of particles
is at least several thousand, while our approach uses at most a few hundred.
Our attempt is not to explore the state space (6-D affine space) exhaustively,
but only regions that have high potential for the object to be present.
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Comparison between the adaptive velocity model and the zero velocity
model

We demonstrate the necessity of the adaptive velocity model by comparing
it with the zero velocity model. Figure 9.1 shows the particle configurations
created from the adaptive velocity model (with J; < Jy and 7y < rg computed
as above) and the zero velocity model (with J; = Jy and ry = 7). Clearly, the
adaptive-velocity model generates particles very efficiently, i.e, they are tightly
centered around the object of interest so that we can easily track the object at
time ¢; while the zero-velocity model generates more particles widely spread to
explore larger regions, leading to unsuccessful tracking as widespread particles
often lead to a local minimum.

Tracking resultat¢ — 1 Particle configuration at ¢ Tracking result at ¢

Figure 9.1. Particle configurations from (top row) the adaptive velocity model and (bottom
row) the zero-velocity model.

9.1.3 Handling occlusion

Occlusion is usually handled in two ways. One way is to use joint probabilis-
tic data associative filter (JPDAF) [2, 191]; and the other one is to use robust
statistics [11]. We use robust statistics here.

Robust statistics

We assume that occlusion produces large image differences which can be
treated as ‘outliers’. Qutlier pixels cannot be explained by the underlying pro-
cess and their influences on the estimation process should be reduced. Robust
statistics provide such mechanisms.

We use the p function defined as follows:

1,2 ;
AN ) 3% if |z|<e¢
P(z) { cr — %02 if |zl>¢’ 9.2
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where x is normalized to have unit variance and the constant ¢ controls the
outlier rate. In our experiment, we take ¢ = 1.435 based on experimental
experience. If |z| > ¢ is satisfied, we declare the corresponding pixel as an
outlier.

Robust likelihood measure and adaptive velocity estimate

The likelihood measure defined in Eq. (9.3) involves a multi-dimensional
normal density. Since we assume that each pixel is independent, we consider
the one-dimensional normal density. To make the likelihood measure robust,
we replace the one-dimensional normal density N(zx; i, o) by

(@i, 0%) = (2mo®) ™2 exp(—p(—L)). (9.26)

Note that this is not a density function any more, but since we are dealing with
discrete approximation in the particle filter, normalization makes it a probability
mass function.

Existence of outlier pixels severely violates the constant brightness constraint
and hence affects our estimate of the adaptive velocity. To downweight the
influence of the outlier pixels in estimating the adaptive velocity, we introduce a
d x d diagonal matrix L; with its i*" diagonal element being L; (i) = n(x;) where
x; is the pixel intensity of the difference image (7 {y; ;} — 2;_1) normalized
by the variance of the OAM stable component and

_Lldp@) _ (1 if fal<e
10 = 0 = ot if s e 027
Eq. (9.14) becomes
vy —Bf,Lt(T{yt; ét—l} — 2t—1)~ (9.28)

This is similar in principle to the weighted least square algorithm.

Occlusion declaration

If the number of the outlier pixels in 2; (compared with the OAM), say
dout, €xceeds a certain threshold, i.e., dgy: > Ad where 0 < A < 1 (we take
A = 0.15), we declare occlusion. Since the OAM has more than one component,
we count the number of outlier pixels with respect to every component and take
the maximum.

If occlusion is declared, we stop updating the appearance model and esti-
mating the motion velocity. Instead, we (i) keep the current appearance model,
i.e., A;41 = A¢ and (i) set the motion velocity to zero, i.e., 14 = 0 and use the
maximum number of particles sampled from the diffusion process with largest
variance, i.c., 't = Pz, and Jy = Jpaz.

The adaptive particle filtering algorithm with occlusion analysis is summa-
rized in Figure 9.2.
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Initialize a sample set Sg = {9(()] ), 1/ Jo)}ji1 according to prior distribution p(fg).
Initialize the appearance model A;.
Set OCCrrag = 0 to indicate no occlusion.
Fort=1,2,...
f(OCCrLag == 0)
Caleulate the state estimate 6y 1 by Eq. (2.9) or (2.10), the adaptive velocity v, by Eq.
(9.14), the noise variance vy by Eq. (9.23), and the particle number Jy by Eq. (9.24).
Else
Tt = Tmaz, Jt = Jmaz, vt = 0.
End
Forj=12,...,J;
Draw the sample usj ) Sfor ug with variance 4.
Construct the sample 09 = 0,1 v, + u¥ by Fq. (9.22).
Compute the transformed image zgj ),
Update the weight using wE]) = p(y,,]@f/”) =p( zE]) |0§J)).
End (4) () J (4)
Normalize the weight using wﬂ = wy /Ejzl w,”.
Set OCCr a¢; according to the number of the outlier pixels in Z,.
If(OCCrLac ==0)
Update the appearance model Ay | using zy.
End
End

Figure 9.2. The proposed visual tracking algorithm with occlusion handling.

9.2  Experimental Results on Visual Tracking

In our implementation, we used the following choices. We consider affine
transformation only, i.e., the motion is depicted by 8 = (a1, az, as, a4, tz, ty)
where {a1, ap, a3, a4} are deformation parameters and {¢,¢,} denote the 2-
D translation parameters. Even though significant pose/illumincation changes
are present in the video, we believe that our adaptive appearance model can
easily absorb them and therefore for our purposes the affine transformation is
a reasonable approximation. Regarding photometric transformations, only a
zero-mean-unit-variance normalization is used to partially compensate for con-
trast variations. The complete image transformation 7 {y; #} is implemented as
follows: affine transform y using {a;, a2, a3, aq }, crop out the region of interest
at position {¢, ¢, } with the same size as the still template in the appearance
model, and perform zero-mean-unit-variance normalization.

We demonstrate our algorithm by tracking a disappearing car, a moving tank
acquired by a camera mounted on a micro air vehicle, and a moving face under
occlusion. Table 9.1 summarizes some statistics about the video sequences and
the appearance model size used.

We initialize the particle filter and the appearance model with a detector
algorithm (we actually used the face detector described in [197] for the face
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Video Car Tank Face
# of frames 500 300 800
Frame size 576x768 240x360 240x360
A, size 24x30 24x30 30x26
Occlusion No No Yes (twice)
‘adp’ o o X
‘fa’ o o X
‘fm’ X X X
‘b’ X X X
‘adp & occ’ 0 0 0

Table 9.1. Comparison of tracking results obtained by particle filters with different configu-
rations. ‘A, size’ means pixel size in the component(s) of the appearance model. ‘0’ means
success in tracking. ‘x’ means failure in tracking.

sequence) or a manually specified image patch in the first frame. ry and Jj are
also manually set, depending on the sequence.

9.2.1 Car tracking

We first test our algorithm to track a vehicle with the F'-component but
without occlusion analysis. The result of tracking a fast moving car is shown
in Figure 9.3 (column 1). The tracking result is shown with a bounding box.
We also show the stable and wandering components separately (in a double-
zoomed size) at the comer of each frame. The video is captured by a camera
mounted on the car. In this footage the relative velocity of the car with respect to
the camera platform is very large, and the target rapidly decreases in size. Our
algorithm’s adaptive particle filter successfully tracks this rapid change in scale.

Figure 9.4(a) plots the scale estimate (calculated as \/ (a?+ a3 +ak +a3)/2)
recovered by our algorithm. It is clear that the scale follows a decreasing trend
as time proceeds. The pixels located on the car in the final frame are about 12
by 15 in size, which makes the vehicle almost invisible. In this sequence we
set Jop = 50 and ry = 0.25. The algorithm implemented in a standard Matlab
environment processes about 1.2 frames per second (with Jy = 50) running on
a PC with a PIII 650 CPU and 512M memory.

9.2.2 Object tracking in an aerial video

Figure 9.5 shows our results on tracking a tank in an aerial video with de-
graded image quality due to motion blur. Also, the movement of the tank is very
jerky and arbitrary because of platform motion, as seen in Figure 9.4(b) which
plots the 2-D trajectory of the centroid of the tracked tank every 10 frames,
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Frame 1

Frame 100

Frame 300

Frame 500

Figure 9.3.  The car sequence. Notice the fast scale change present in the video. Column 1:
the tracking results obtained with an adaptive motion model and an adaptive appearance model
(‘adp’). Column 2: the tracking results obtained with an adaptive motion model but a fixed
appearance model (‘fa’). In this case, the corner shows the tracked region. Column 3: the
tracking results obtained with an adaptive appearance model but a fixed motion model (‘fm’).

covering from the left to the right in 300 frames. Although the tank moved
about 100 pixels in column index in a certain period of 10 frames, the tracking
is still successful.

Figure 9.4(c) displays the plot of actual number of particles J; as a function
of time ¢. The average number of particle is about 83, where we set Jj to be
100, which means that in this case we actually saved about 20% in computation
by using an adaptive .J; instead of a fixed number of particles.

To further illustrate the importance of the adaptive appearance model, we
computed the mean square error (MSE) invoked by two particle filter algorithms,
one (referred as ‘adp’ in Section 9.2.4) using the adaptive appearance model
and the other (referred as ‘fa’ in Section 9.2.4) using a fixed appearance model.
Computing the MSE for the ‘fa’ algorithm is straightforward, with Tg denoting
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Figure 9.4. (a) The scale estimate for the car. (b) The 2-D trajectory of the centroid of the
tracked tank. “*’ means the starting and ending points and ‘.’ points are marked along the
trajectory every 10 frames. (c) The particle number .J, against time ¢ obtained when tracking
the tank. (d) The MSE invoked by the ‘adp’ and ‘fa’ algorithms. (e) The scale estimate for the
face sequence.

Frame 31 Frame 49

Frame 116 Frame 228 Frame 300

Figure 9.5.  Tracking a moving tank in a video acquired by an airborne camera.

the fixed template,

MSEg(t) =d™ > (2:(4) — To(4))* (9.29)
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Computing the MSE for the ‘adp’ algorithm is as follows:

d
MSE,p(t) =d™ > { D7 min(2(j) — mia())*} (9.30)

Jj=1 i=w,s,f

Figure 9.4(d) plots the functions of M S Ej,(t) and M .S Eqq,(t). Clearly, using
the adaptive appearance model invokes smaller MSE for almost all 300 frames.
The average MSE for the ‘adp’ algorithm is 0.1394while that for the ‘fa’ algo-
rithm is 0.3169! Note that the range of MSE is very reasonable since we are
using image patches after the zero-mean-unit-variance normalization not the
raw image intensities.

9.2.3  Face tracking

We present one example of successful tracking of a human face using a hand-
held video camera in an office environment, where both camera and object
motion are present.

Figure 9.6 presents the tracking results on the video sequence featuring the
following variations: moderate lighting variations, quick scale changes (back
and forth) in the middle of the sequence, and occlusion (twice). The results are
obtained by incorporating the occlusion analysis in the particle filter, but we did
not use the F’-component. Notice that the adaptive appearance model remains
fixed during occlusion.

Figure 9.7 presents the tracking results obtained using the particle filter with-
out occlusion analysis. We have found that the predicted velocity actually ac-
counts for the motion of the occluding hand since the outlier pixels (mainly
on the hand) dominate the image difference (7 {y,;0;} — 2; 1). Updating the
appearance model deteriorates the situation.

Figure 9.4(c) plots the scale estimate against time ¢. We clearly observe a
rapid scale change (a sudden increase followed by a decrease within about 50
frames) in the middle of the sequence (though hard to display the recovered
scale estimates are in perfect synchrony with the video data).

9.24 Comparison

We illustrate the effectiveness of our adaptive approach (‘adp’) by comparing
the particle filter either with (a) an adaptive motion model but a fixed appearance
model (‘fa’), or with (b) a fixed motion model but an adaptive appearance model
(‘fm’); or with (c) a fixed motion model and a fixed appearance model (‘{b”).
Table 9.1 lists the tracking results obtained using particle filters under the above
situations, where ‘adp & occ’ refers to the adaptive approach with occlusion
handling. Figure 9.3 also shows the tracking results on the car sequence when
the ‘fa’ and ‘fm’ options are used.
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Frame 145 Frame 148

Frame 470

Frame 517

Frame 685 Frame 695 Frame 800

Figure 9.6. The face sequence. Frames 145, 148, and 155 show the first occlusion. Frames
470 and 517 show the smallest and largest face observed. Frames 685, 690, and 710 show the
second occlusion.

Frame | Frame 145 Frame 148

Frame 155 Frame 170 Frame 200

Figure 9.7. Tracking results on the face sequence using the adaptive particle filter without
occlusion analysis.

Table 9.1 seems to suggest that the adaptive motion model plays a more
important role than the adaptive appearance model since ‘fa’ always yields
successful tracking while ‘fm’ fails, the reasons being that (i) the fixed motion
model is unable to adapt to quick motion present in the video sequences, and
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(ii) the appearance changes in the video sequences, though significant in some
cases, are still within the range of the fixed appearance model. However, as
seen in the videos, ‘adp’ produces much smoother tracking results than ‘fa’,
demonstrating the power of the adaptive appearance model.



Chapter 10

SIMULTANEOUS TRACKING AND RECOGNITION

Following [60], we define a still-to-video scenario: the gallery consists of
still facial templates and the probe set consists of video sequences containing the
facial region. Denote the galleryas G = {g,, g, - . . , v}, indexed by the iden-
tity variable r, which lies in a finite sample space N’ = {1,2,..., N}. Though
significant research has been conducted on the still-to-still face recognition
problem, research efforts on still-to-video recognition, are relatively fewer due
to the following challenges [29] in typical surveillance applications: poor video
quality, significant illumination and pose variations, and low image resolution.
Most existing video-based recognition systems [103] attempt the following:
the face is first detected and then tracked over time. Only when a frame sat-
isfying certain criteria (size, pose) is acquired, recognition is performed using
still-to-still recognition technique. For this, the face part is cropped from the
frame and transformed or registered using appropriate transformations. This
tracking-then-recognition approach attempts to resolve uncertainties in tracking
and recognition sequentially and separately.

There are several unresolved issues in the tracking-then-recognition ap-
proach: criteria for selecting good frames and estimation of parameters for
registration. Also, still-to-still recognition does not effectively exploit tempo-
ral information. A common strategy that selects several good frames, performs
recognition on each frame and then votes on these recognition results for a final
solution is rather ad hoc.

To overcome these difficulties, we propose a tracking-and-recognition ap-
proach, which attempts to resolve uncertainties in tracking and recognition
simultaneously in a unified probabilistic framework. To fuse temporal infor-
mation, the time series state space model is adopted to characterize the evolving
kinematics and identity in the probe video. Three basic components of the model
are:
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® a motion equation governing the kinematic behavior of the tracking motion
vector,

® an identity equation governing the temporal evolution of the identity vari-
able,

® an observation equation establishing a link between the motion vector and
the identity variable.

Using the SIS [179, 183, 237, 245, 248] technique, the joint posterior distribu-
tion of the motion vector and the identity variable, i.c., p(n:, 6¢|y,.,). is esti-
mated at each time instant and then propagated to the next time instant governed
by motion and identity equations. Note that here for notational convenience,
e.g. in (10.5) and (10.6), we introduce in this chapter a dummy variable y,,.
The marginal distribution of the identity variable, i.e., p(ns|y,..), is estimated to
provide a recognition result. An SIS algorithm is presented to approximate the
distribution p(n|yy.,) in the still-to-video scenario. It achieves computational
efficiency over its CONDENSATION counterpart by considering the discrete nature
of the identity variable.

It is worth emphasizing that (i) our model can take advantage of any still-
to-still recognition algorithm [44, 47, 51, 64] by embedding distance measures
used therein in our likelihood measurement; and (ii) it allows a variety of im-
age representations and transformations. Section 10.2.4 presents an enhance-
ment technique by incorporating the sophisticated appearance-based models in
Chapter 9. The appearance models are used for tracking (modeling inter-frame
appearance changes) and recognition (modeling appearance changes between
video frames and gallery images), respectively. Table 10.1 summarizes the
proposed approach and others, in term of using temporal information.

Process Operation Temporal information

Visual tracking Modeling the inter-frame Used in tracking
differences

Visual recognition Modeling the difference between Not applicable
probe and gallery images

Tracking-then-recognition Combining tracking and Used only in tracking
recognition sequentially

Tracking-and-recognition Unifying tracking and Used in both tracking
recognition and recognition

Table 10.1. Use of temporal information in various tracking/recognition processes.

The organization of the chapter is as follows: Section 10.1 introduces the
time series state space model for recognition and establishes the time-evolving
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behavior of p(n¢|y.,). Section 10.1.3 briefly reviews the SIS principles from
the viewpoint of a general state space model and develops a SIS algorithm
to solve the still-to-video recognition problem, with special emphasis on its
computational efficiency. Section 10.2 describes the experimental scenarios
for still-to-video recognition and presents results using data collected at UMD,
NIST/USF, and CMU (MoBo database) as part of the DARPA HumanID effort.

10.1  Stochastic Models and Algorithms for Recognition
from Video

In this section, we present the details on the propagation model for recogni-
tion and discuss its impact on the posterior distribution of identity variable.

10.1.1  Time series state space model
Motion equation

In its most general form, the motion model can be written as
O = £(01,0); t2>1, (10.1)

where u; is noise in the motion model, whose distribution determines the motion
state transition probability p(6;6:_1). The function g(.,.) characterizes the
evolving motion and it could be a function learned offline or given a priori. One
of the simplest choice is an additive function, i.e., 8; = 6;_1 + 1, which leads
to a first-order Markov chain.

Choice of 0, is application dependent. Affine motion parameters are often
used when there is no significant pose variation available in the video sequence.
However, if a 3-D face model is used, then the 3-D motion parameters should
be used accordingly.

Identity equation

ng =mng—1; t2>1, (10.2)

assuming that the identity does not change as time proceeds.

Observation equation

By assuming that the transformed observation is a noise-corrupted version
of some still template in the gallery, the observation equation can be written as

zt =T{y; 0t} =g, +vi; t>1, (10.3)

where v; is observation noise at time t, whose distribution determines the ob-
servation likelihood p(y,|n¢, 8:), and T {y,; 6;} is a transformed version of the
observation y,. This transformation could be either geometric or photometric
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or both. However, when confronting sophisticated scenarios, this model is far
from sufficient. One should use the complicated likelihood measurement as
shown in Section 10.2.2.

We assume statistical independence between all noise variables and prior
knowledge on the distributions p(f|y,) and p(no|y,). Using the overall state
vector x; = (ng, 6;), Eq. (10.1) and (10.2) can be combined into one state
equation (in a normal sense) which is completely described by the overall state
transition probability

p(xelxe-1) = p(ne|ne—1)p(0el01-1) . (10.4)

Given this model, our goal is to compute the posterior probability p(n]y..)-

It is in fact a probability mass function (PMF) since n; only takes values from

N ={1,2,..., N}, as well as a marginal probability of p(n, 6:|y,.,), which is

a mixed-type distribution. Therefore, the problem is reduced to computing the
posterior probability.

10.1.2  Posterior probability of identity variable

The evolution of the posterior probability p(n:|y,.,) as time proceeds is very
interesting to study as the identity variable does not change by assumption, i.e.,
p(nging—1) = d(ny — ny—1), where d(.) is a discrete impulse function at zero.

Using time recursion, Markov properties, and statistical independence em-
bedded in the model, we can easily derive:

P(no:t, 04]¥0.t) (10.5)
p(y;|ne, 0)p(ne|ni—1)p(04]01-1)
p(¥elyo.i-1)
t
ns,es ns ns— 0 03_
__ p(n0’00|y0) H p(ys| )p( I 1)p( S| 1)
s=1 p( |YO'9 1)

= p(not-1,00:t-1]¥0:e—1)

— 0 pYS|nS’ ) (n — Mg 1)p(95|08—1).
plmolyolp(folso) Hl AL

Therefore, by marginalizing over 6y.; and ng.;—1, we obtain

1,65)p(6s|6
p(ne = Uyg.) = plyg) / / {(Bolyo) H AR 10— l)dat...d%.
y |y09 1)
(10.6)

Thus p(n: = l|y,..) is determined by the prior distribution p(ng = lly,) and
the product of the likelihood functions, [T5_; p(y,|,8s). If a uniform prior is
assumed, then [T¢_; p(y,|l, 85) is the only determining factor.

In the appendix, we show that, under some minor assumptions, the posterior
probability for the correct identity I, p(n: = I|y,.,), is lower-bounded by an
increasing curve which converges to 1.
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To measure the evolving uncertainty remaining in the identity variable as
observations accumulate, we use the notion of entropy [4]. In the context of
this problem, conditional entropy H (n4|y,.,) is used. However, the knowledge
of p(y..) is needed to compute H (n:|y,.,). We assume that it degenerates to
an impulse at the actual observations ¥., since we observe only this particular
sequence, i.e., p(¥o,) = 0(¥o.r — Jou)- Thus,

N
H(mlyge) = — Z p(nt]Fo.4) loga p(ne|30.4)- (10.7)
'ru:l
Under the assumptions listed in the appendix, we expect that H (n¢|y.,) de-
creases as time proceeds since we start from an equi-probable distribution to a
degenerate one.

10.1.3 SIS algorithms and computational efficiency

Consider a general time series state space model fully determined by (i) the
overall state transition probability p(x¢|x:—1), (ii) the observation likelihood
p{y,|x¢), and (iii) prior probability p(x¢) and statistical independence among
all the noise variables. We wish to compute the posterior probability p(x¢|y.)-

If the model is linear with Gaussian noise, it is analytically solvable by a
Kalman filter which essentially propagates the mean and variance of a Gaussian
distribution over time. For nonlinear and non-Gaussian cases, an extended
Kalman filter (EKF) and its variants have been used to arrive at an approximate
analytic solution [1]. Recently, the SIS technique or particle filter algorithm,
a special case of Monte Carlo method, [183, 237, 245, 248] has been used
to provide a numerical solution and propagate an arbitrary distribution over
time. However, since we are dealing with a mixed-type distribution, additional
properties are available to be exploited when developing the SIS algorithms.

First, two following two lemmas are useful.

LEMMA 10.1 Whenw{(z) is a PMF defined on afinite sample space, the proper
sample set should exactly include all samples in the sample space.

LEMMA 10.2 [fa set of weighted random samples {(x\™), y(™) () }M_
is proper with respect to w(x,y), then a new set of weighted random sam-
ples {(¥®),w' CNYE | which is proper with respect to w(y), the marginal of
7(x,y), can be constructed as follows:

1) Remove the repetitive samples from { Y™ YM_, to0 obtain {y WY where
all y/(’“) s are distinct;

2) .(S‘L)tm the weight w\™ belonging to the same sample v &) 10 obtain the weight
w'®, e,

M
W0 Z $° gy _ ) (108)

m=1
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In the context of this framework, the posterior probability p(ng, 6:|yg.) is
represented by a set of indexed and weighted samples

Sy = {(n{™ o™ w{™M_ (10.9)

with n; as the above index. By Lemma 10.2, we can sum the weights of
the samples belonging to the same index n; to obtain a proper sample set
{n¢, Bn, }nNL —1 with respect to the posterior PMF p(n¢]y;.,).

A straightforward implementation of the particle filter algorithm (Figure
10.1) for simultaneous tracking and recognition is not efficient in terms of its
computational load. Since A" = {1,2,..., N} is a countable sample space, we
need N samples for the identity variable n; according to Lemma 10.1. Assume
that, for each identity variable n¢, J samples are needed to represent 6;. Hence,
we need M = J* [N samples in total. Further assume that one resampling step
takes T} seconds (s), one predicting step T, s, computing one transformed image
T; s, evaluating likelihood once 7; s, one updating step 7}, s. Obviously, the
bulk of computation is J* N * (T7. + T, + T +T}) s to deal with one video frame
as the computational time for the normalizing step and the marginalizing step is
negligible. 1tis well known that computing the transformed image is much more
expensive than other operations, i.e., Ty >> max(T,, Tp, T}). Therefore, as the
number of templates N grows, the computational load increases dramatically.

Initialize a sample set Sy = {(n{™,05™ , 1)}M_., according to prior distributions

p(nolyq) and p(folyo)-

Fort=1,2,...
Form=12,...,M
Resample S, 1 = {(n{™,0i™) w{™WNM_| 1o obtain a new sample

('n,,/(lrf), 915—"?? 1. , ’
Predict a sample by drawing (n{™, ()Em))ﬁ‘om p(n, |nt(:'1)) and p(9L|0L£T'I)).
Compute the transformed image z.™ = T {y,;6{™}.

Update the weight using o{™ = p(y,|n{™,6{™).
End
Normalize each weight using w(™ = o™/ nyle o™,
Marginalize over 0, to obtain the weight 3, for n,.
End

Figure 10.1.  The conventional particle filter algorithm for simultaneous tracking and recogni-
tion.

There are various approaches in the literature to reduce the computational
cost of the conventional particle filter algorithm. In [193], random particles
are guided by deterministic search. Assumed density filtering approach [231],
different from particle filter, is even more efficient. Those approaches are
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general and do not explicitly exploit the special structure of the distribution in
this setting: a mixed distribution of continuous and discrete variables. To this
end, we propose the following algorithm.

As the sample space A is countably finite, an exhaustive search of sample
space AV is possible. Mathematically, we release the random sampling in the
identity variable n; by constructing samples as follows: for each Ht(J ),

1,6, wi), (2,67, (N0 w).
We in fact use the following notation for the sample set,

St = {(957)7 wf( ’wrgyl)? wi(‘J2)v .

wE‘Q), .

.,th)}] 1 (10.10)
with w Zn 1 w,7) The proposed algorithm is summarized in Figure
10.2.

Initialize a sample set Sp = {(9[()7), N,1,.., 1)}JJ:1 according to prior distribution
p(fo]20).
Fort=1,2,...
Forj=1,2,...,J
Resample S,_, = {(0,(])1,111,(])1)}‘-’ to obtain a new sample

(9/,(—]171:1”/,{—]3,1,

- L(J)

(5 (4)
w, 71 ), where w,"’ ln=w?,

/'w(]) forn=1,2,...,N.

Predict a sample by drawing (61) from p(9,,|0,,(_]i)‘

Forn=1,...,N

Compute the transformed image zﬁ"”

=T{y;6{™}.

Update the welght using oz(’) w,(q » * (v In, ﬁt(j)).

End
End
Normalize each weight using w,(J,)1 = EJ,),/ En L ZJ . aSJ,{ nd
) N ‘
wi?) = D et wEJr)L
Marginalize over 0, to obtain the weight 3, for n;.
End

Figure 10.2. 'The computationally efficient particle filter algorithm for simultaneous tracking
and recognition.

The crux of this algorithm lies in the fact that, instead of propagating random
samples on both motion vector and identity variable, we can keep the samples
on the identity variable fixed and let those on the motion vector be random.
Although we propagate only the marginal distribution for motion tracking, we
still propagate the joint distribution for recognition purposes.

The bulk of computation of the proposed algorithm is J * (T;. + T}, + T3) +
J * N x T} s, a tremendous improvement over the conventional particle filter
when dealing with a large database since the majority computational time J T
does not depend on N.
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10.2  Still-to-Video Face Recognition Experiments

In this section we describe the still-to-video scenarios used in our experiments
and their practical model choices, followed by a discussion of experiments.
Three databases are used in the still-to-video experiments.

Database-0 was collected outside a building. Subjects walked straight to-
wards a video camera in order to simulate typical scenarios in visual surveil-
lance. Database-0 includes one face gallery, and one probe set. The images in
the gallery are listed in Figure 10.3. The probe contains 12 videos, one for each
individual. Figure 10.3 gives some frames in a probe video.

In Database-1, we have video sequences with subjects walking in a slant
path towards the camera. There are 30 subjects, each having one face template.
There are one face gallery and one probe set. The face gallery is shown in
Figure 10.4. The probe contains 30 video sequences, one for each subject.
Figure 10.4 gives some example frames extracted from one probe video. As
far as imaging conditions are concerned, the gallery is very different from the
probe, especially in lighting. This is similar to the 'FC’ test protocol of the
FERET test [60]. These images/videos were collected, as part of the HumaniD
project, by National Institute of Standards and Technology and University of
South Florida researchers.

Database-2, Motion of Body (MoBo) database, was collected at the Carnegie
Mellon University {105] under the HumanlD project. There are 25 different
individuals in total. The video sequences show the individuals walking on a
tread-mill so that they move their heads naturally. Different walking styles have
been simulated to assure a variety of conditions that are likely to appear in real
life: walking slowly, walking fast, inclining and carrying an object. Therefore,
four videos per person and 99 videos in total (with one carrying video missing)
are available. However, the probe set we use in this section includes only 25
slowWalk videos. Some example images of the videos (slowWalk) are shown
in Figure 10.5. Figure 10.5 also shows the face gallery in Database-2 with face
images in almost frontal view cropped from probe videos and then normalized
using their eye positions.

Table 10.2 summaries the features of the three databases.

10.2.1 Results for Database-0

We consider an affine transformation. Specifically, the motion is charac-
terized by 8 = (a1, a2, a3, a4,ts,ty) where {ai, a2, a3, a4} are deformation
parameters and {¢g,t,} are 2-D translation parameters. It is a reasonable ap-
proximation since there is no significant out-of-plane motion as the subjects
walk towards the camera. Regarding the photometric transformation, only
zero-mean-unit-variance operator is performed to partially compensate for con-
trast variations. The complete transformation 7 {y; 8} is processed as follows:
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Database Database-0 Database-1 Database-2
No. of subjects 12 30 25
Gallery Frontal face Frontal face Frontal face
Motion in probe Walking straight Walking in an angle Walking
towards the camera towards the camera on tread-mill
H{lumination variation No Large No
Pose variation No Slight Large

Table 10.2.  Summary of three databases experimented.

Figure 10.3. Database-0. The Ist row: the face gallery with image size being 30 x 26. The
2nd and 3rd rows: 4 example frames in one probe video with image size being 320 x 240 while
the actual face size ranges approximately from 30 x 30 in the first frame to 50 x 50 in the last
frame. Notice that the sequence is taken under a well-controlled condition so that there are no
illumination or pose variations between the gallery and the probe.

affine transform y using {ay, as, az, a4}, crop out the interested region at posi-
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Figure 10.4. Database-1. The Ist row: the face gallery with image size being 30 x 26. The
2nd and 3rd rows: 4 example frames in one probe video with image size being 720 x 480 while
the actual face size ranges approximately from 20 x 20 in the first frame to 60 x 60 in the last
frame. Notice the significant illumination variations between the probe and the gallery.

tion {t;, ¢, } with the same size as the still template in the gallery, and perform
zero-mean-unit-variance operation.

Prior distribution p(fg|y,) is assumed to be Gaussian, whose mean comes
from the initial detector and whose covariance matrix is manually specified.

A time-invariant first-order Markov Gaussian model with constant velocity
is used for modeling motion transition. Given the scenario that the subject is
walking towards the camera, the scale increases with time. However, under
perspective projection, this increase is no longer linear, causing the constant-
velocity model to be not optimal. However, experimental results show that as
long as the samples of 6 can cover the motion, this model is sufficient.
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&

Figure 10.5. Database-2. The Istrow: the face gallery with image size being 30 x 26. The 2nd
and 3rd rows: some example frames in one probe video (slowWalk). Each video consists of 300
frames (480 x 640 pixels per frame) captured at 30 Hz. The inner face regions in these videos
contain between 30 x 30 and 40 x 40 pixels. Notice the significant pose variation available in
the video.

The likelihood measurement is simply set as a ‘truncated’ Laplacian:

p1(yelme, 0) = Lap(| T {y; 0:} — g, 1501, 71) (10.11)

where, ||.||1 is sum of absolute distance, o1 and A are manually specified, and

o lexp(—z/o) if 2 <710
Lap(w;o,7) = { o~ exp(—7) otherwise (10.12)

Gaussian distribution is widely used as a noise model, accounting for sensor
noise, digitization noise, etc. However, given the observation equation: v; =
T{y;; 0¢} — g, the dominant part of v; becomes the high-frequency residual
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if 6; is not proper, and it is well known that the high-frequency residual of
natural images is more Laplacian-like. The ’truncated’ Laplacian is used to
give a “surviving’ chance for samples to accommodate abrupt motion changes.

Figure 10.6 presents the plot of the posterior probability p(n¢|y.), the con-
ditional entropy H (n+|y,.,) and the minimum mean square error (MMSE) es-

timate of the scale parameter sc = \/ (0% + a% + a2 + a%)/2, all against t. In
Figure 10.3, the tracked face is superimposed on the image using a bounding
box.

Suppose the correct identity for Figure 10.3 is [. From Figure 10.6, we can
easily observe that the posterior probability p(n; = l]y,.,) increases as time
proceeds and eventually approaches 1, and all others p(n; = j|yg,;) for j # 1
go to 0. Figure 10.6 also plots the decrease in conditional entropy H (n4|y.)
and the increase in scale parameter, which matches with the scenario of a subject
walking towards a camera.

Table 10.3 summarizes the average recognition performance and computa-
tional time of the conventional and the proposed particle filter algorithm when
applied to Database-0. Both algorithms achieved 100% recognition rate with
top match. The proposed algorithm is much more efficient than the conven-
tional one. It is more than 10 times faster as shown in Table I. This experiment
was implemented in C-++ on a PC with P-III 1G CPU and 512M RAM with the
number of motion samples .J chosen to be 200, the number of templates in the
gallery N to be 12.

Algorithm Conventional algorithm Efficient algorithm
Recognition rate within top | match 100% 100%
Time per frame Ts 0.5s

Tuble 10.3.  Recognition performance of algorithms when applied to Database-0.

10.2.2  Results for Database-1
Case 1: Tracking and Recognition using Laplacian Density

We first investigate the performance using the same setting as described in Sec-
tion 10.2.1. In other words, we still use the affine transformation, first-order
Markov Gaussian state transition model, ‘truncated’ Laplacian observation like-
lihood, etc.

Table 10.4 shows that the recognition rate is very poor, only 13% are correctly
identified using top match. The main reason is that the "truncated’ Laplacian
density is far from sufficient to capture the appearance difference between the
probe and the gallery, thereby indicating a need for a different appearance mod-
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Figure 10.6.  Posterior probability p(n.]y,.,) against time ¢, obtained by the CONDENSATION
algorithm (top left) and the proposed algorithm (top right). Conditional entropy H(n.|y,.,)
(bottom left) and MMSE estimate of scale parameter sc (bottom right) against time ¢. The
conditional entropy and the MMSE estimate are obtained using the proposed algorithm.

eling. Nevertheless, the tracking accuracy is reasonable with 83% successfully
tracked because we are using multiple face templates in the gallery to track the
specific face in the probe video. After all, faces in both the gallery and the
probe belong to the same class of human face and it seems that the appearance
change is within the class range. To count the tracking accuracy, we manually
inspect the tracking results by imposing the MMSE motion estimate on the final
frame as shown in Figs. 10.3 and 10.4 and determine if tracking is successful
or not for this sequence. This is done for all sequences and tracking accuracy
is defined as the ratio of the number of sequences successfully tracked to the
total number of all sequences.

Case 2: Pure Tracking using Laplacian Density

In Case 2, we measure the appearance change within the probe video as well as
the noise in the background. To this end, we introduce a dummy template T,
a cut version in the first frame of the video. Define the observation likelihood
for tracking as

p2(y4|0:) = Lap(||7{y;; 6:} — Toll; 02, 72), (10.13)
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where o9 and 7, are set manually. The other setting, such as motion parameter
and model, is the same as in Case 1. We still can run the CONDENSATION algorithm
to perform pure tracking.

Table 10.4 shows that 87% are successfully tracked by this simple tracking
model, which implies that the appearance within the video remains similar.

Case 1 Case 2 Case 3 Case 4 Case 5

Tracking accuracy 83% 87% 93% 100% NA
Recognition w/in top 1 match 13% NA 83% 93% 57%
Recognition w/in top 3 matches 43% NA 97% 100% 83%

Tuble 10.4. Performances of algorithms when applied to Database-1.

Case 3: Tracking and Recognition using Probabilistic Subspace Density

Asmentioned in Case 1, we need a new appearance model to improve the recog-
nition accuracy. As reviewed in Chapter 2, there are various approaches in the
literature. We decided to use the approach suggested by Moghaddam et al. [57]
due to its computational efficiency and high recognition accuracy. However,
in our implementation, we model only intra-personal variations instead of both
intra/extra-personal variations for simplicity.

We need at least two facial images for one identity to construct the intra-
personal space (IPS). Apart from the available gallery, we crop out the second
image from the video ensuring no overlap with the frames actually used in probe
videos. Figure 10.7 (top row) shows a list of such images. Compare with Figure
10.4 to see how the illumination varies between the gallery and the probe.

We then fit a probabilistic subspace density [58] on top of the IPS. It proceeds
as follows: a regular PCA is performed for the IPS. Suppose the eigensystem
for the IPS is {(\;, e;) }%_;, where d is the number of pixels and A\; > ... > g
Only top s principal components corresponding to top s eigenvalues are then
kept while the residual components are considered as isotropic. We refer the
reader to the original paper [58] for the full details. Figure 10.7 (middle row)
shows the eigenvectors for the IPS. The density is written as follows:

zp(— Zzl)\,) zp(~5;)

Qrps(x) = {( ) T 1/2}{(27”))((1 Py

7k (10.14)
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where o; (the i** principal component of ), 2 (the reconstruction error), and
the coefficient p are defined as follows:

s 1 d
ai:eiTx; € = Hx||2—Za?; p:dT( Z Ai).
i=1 7 =511

It is easy to write the likelihood as follows:

p3(yine, 01) = Qres(T{y; 0:} — g,,,) (10.15)

Table 10.4 lists the performance by using this new likelihood measurement.
It turns out that the performance is significantly better that in Case 1, with 93%
tracked successfully and 83% recognized within top 1 match. If we consider
the top 3 matches, 97% are correctly identified.

Figure 10.7. Database-1. Top row: the second facial images for estimating probabilistic den-
sity. Middle row: top 10 eigenvectors for the IPS. Bottom row: the facial images cropped out
from the largest frontal view.

Case 4: Tracking and Recognition using Combined Density

In Case 2, we have studied appearance changes within a video sequence. In
Case 3, we have studied the appearance change between the gallery and the
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probe. In Case 4, we attempt to take advantage of both cases by introducing a
combined likelihood defined as follows:

pa(yi|ne, 0t) = p3(ylne, 0¢)pa(y,|0t) (10.16)

Again, all other setting is the same as in Case 1. We now obtain the best
performance so far: no tracking etror, 93% are correctly recognized as the first
match, and no error in recognition when top 3 matches are considered.

Case 5: Still-to-still Face Recognition

To make a comparison, we also performed an experiment on still-to-still face
recognition. We selected the probe video frames with the best frontal face view
(i.e. biggest frontal view) and cropped out the facial region by normalizing with
respect to the eye coordinates manually specified. This collection of images
is shown in Figure 10.7 (bottom row) and it is fed as probes into a still-to-still
face recognition system with the learned probabilistic subspace as in Case 3. It
turns out that the recognition result is 57% correct for the top one match, and
83% for the top 3 matches. The cumulative match curves for Case 1 and Cases
3-5 are presented in Figure 10.8. Clearly, Case 4 is the best among all. We
also implemented the original algorithm by Moghaddam et al. [58], i.e., both
intra/extra-personal variations are considered, the recognition rate is similar to
that obtained in Case 5.

10.2.3  Results for Database-2

The recognition result for Database-2 is presented in Figure 10.8, using the
cumulative match curve. We still use the same setting as in Case 1 of section
10.2.2. However, due to the pose variations present in the database, using one
frontal view is not sufficient to represent all the appearances under different
poses and the recognition rate is hence not so high, 56% when only the top
match is considered and 88% when top 3 matches are considered. We do not
use probabilistic subspace modeling for this database because such modeling
requires manually cropping out multiple templates for each individual. Also,
pre-selecting video frames from the same probe video and ensuring that they
do not overlap with the probe frames is time-consuming. What is desirable
is to automatically select such templates from different sources other than the
probe video. Since we have multiple videos available for one individual in
Database-2, this motivates us to obtain more representative views for one face
class, leading to the discussions in [124].

10.2.4 Enhanced results

Visual tracking models the inter-frame appearance differences and visual
recognition models the appearance differences between video frames and gallery
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Figure 10.8.  Cumulative match curves for Database-1 (left) and Database-2 (right).

images. Simultaneous tracking and recognition provides a mechanism of jointly
modeling inter-frame appearance differences and the appearance differences be-
tween video frames and gallery images. Asin Section 10.2.2, this joint modeling
of appearance differences in both tracking and recognition in one framework ac-
tually improves both tracking and recognition accuracies over approaches that
separate tracking and recognition as two tasks. The more effective the model
choices are, improved performance in tracking and recognition is expected. We
explore this avenue by incorporating the models used in Chapter 9.

We use the same adaptive-velocity motion model (9.22) and the same identity
equation (10.2). The observation likelihood is modified to combine contribu-
tions (or scores) from both tracking and recognition in the likelihood yields the
best performance in both tracking and recognition.

To compute the tracking score po(y,|f:) which measures the inter-frame
appearance changes, we use the appearance model introduced in Section 9.1.1
and the quantity defined in (9.3) as p,(y,|0:).

To compute the recognition score which measures the appearance changes
between probe videos and gallery images, we assume the same model as in
(10.3), i.e., the transformed observation is a noise-corrupted version of some
still template in the gallery, and the noise distribution determines the recognition
score pr, (y,!ne, 6). We will physically define this quantity below.

To fully exploit the fact that all gallery images are in frontal view, we also
compute below how likely the patch z; is in frontal view and denote this score
by ps(y,|0:). Ifthe patch is in frontal view, we accept a recognition score; other-
wise, we simply set the recognition score as equiprobable among all identities,
i.e., 1/N. The complete likelihood p(y,|n:, ;) is now defined as

p(yeIne, 0¢) o pa {ps pn+ (1 —ps) N7} (10.17)

Model components in detail

w A. Modeling inter-frame appearance changes
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Inter-frame appearance changes are related to the motion transition model
and the appearance model for tracking, which were explained in Sections
9.1.1and 9.1.2.

» B. Being in frontal view

Since all gallery images are in frontal view, we simply measure the extent
of being frontal by fitting a probabilistic subspace (PS) density on the top
of the gallery images [56, 58], assuming that they are 11D samples from the
frontal face space (FFS). pf(y,|0:) is written as follows:

ps(¥:10) = Qrrs(zi), (10.18)
where the density ¢(.) is defined same as that in (10.14) and z; = 7 {y,; 6;}.

8 C. Modeling appearance changes between probe video frames and gallery
images
We adopt the MAP rule developed in [58] for computing the recognition
score pn(y;|ne, 0;). Two subspaces are constructed to model appearance
variations. The IPS is meant to cover all the variations in appearances
belonging to the same person while the EPS is used to cover all the variations
in appearances belonging to different people. More than one facial image
per person is needed to construct the IPS. Apart from the available gallery,
we crop out four images from the video ensuring no overlap with frames
used in probe videos. The above PS density estimation method is applied
separately to the IPS and the EPS, yielding two different eigensystems. The
recognition score p,,(y,|nt, 8;) is finally computed as, assuming equal priors
on the IPS and the EPS,

Qrprs(zt — &)
Qips(zt — 8,,) + Qrrs(z: — g,,)

Pn(yiine, ) = (10.19)

D. Proposed algorithm

We adjust the particle number J; based on the following considerations. (i)
The first issue is same as (9.24) based on the prediction error. (ii) As shown
above, the uncertainty in the identity variable n, is characterized by an entropy
measure Hy for p(n¢|y,..) and H; is a non-increasing function (under one weak
assumption). Accordingly, we increase the number of particles by a fixed
amount J g, if H; increases; otherwise we deduct Jy;, from .J;. Combining
these two, we have

Jy = JU% 4 Jpig # (— 1yl <Healy (10.20)

where i[.] is an indication function.
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Initialize a sample set Sg = {Géj ) R w(()j b =1 / Jg)}fi | according to prior distribution p(6g).

Set Bo,1 = 1/N. Initialize the appearance mode A .
Fort=1,2,... .
Calculate the MAP estimate 0,_1, the adaptive motion shift v, by Eq. (9.14), the noise
variance vy by Eq. (9.23), and particle number Jy by Eq. (10.20).
Forj =1,2,...,J;
Draw the sample u; () for ug with variance R,.

Construct the sample 9(]) by Eq. (9.22).

Compute the transformed image z(J )

Forl=1,2,.,N
Update the weight using a(]) = [3t,1,1p(y,5|l,9£])) = [St,l,m(zy)\l,ag])) by

Eq. (10.17).
End
End
Normalize the weight using w (7) 7/ Z e and compute w Z w! , ) and
By = Z]‘ 11)5?}.
Update the appearance model A¢4 1 using zy.
End

Figure 10.9. The visual tracking and recognition algorithm.

The proposed particle filtering algorithm for simultaneous tracking and recog-

nition is summarized in Figure 10.9, where w(] ) is the weight of the particle

(ng =1,0, = 05’7) ) for the posterior density p(nt, Bily1.0)s wg 7 is the weight of

the particle 8; = 9§j ) for the posterior density p(6;|y,.,); and 3;; is the weight
of the particle n¢ = [ for the posterior density p(n:|y;.). Occlusion analysis
can also be included in Figure 10.9.

HAE&!

Figure 10.10. Row 1-3: the gallery set with 29 subjects in frontal view. Rows 4, 5, and 6: the
top 10 eigenvectors for FFS, IPS, and EPS, respectively.
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Experimental results on visual tracking and recognition

We have applied our algorithm for tracking and recognition of human faces
captured by a hand-held video camera in office environments. There are 29
subjects in the database. Figure 10.10 lists all the images in the galley set
and the top 10 eigenvectors for FFS, IPS, and EPS, respectively. Figure 10.11
presents some frames (with tracking results) in the video sequence for ‘Subject-
2’ featuring quite large pose variations, moderate illumination variations, and
quick scale changes ( back and forth toward the end of the sequence).

Frame 290

Frame 690 Frame 750 Frame 800

Figure 10.11. Example images in ‘Subject-2’ probe video sequence and the tracking results.

Tracking is successful for all video sequences and 100% recognition rate
is achieved, while early approaches fail to track in several video sequences
due to its inability to handle significant appearance changes caused by pose
and illumination variations. The posterior probabilities p(n|y;.,.) with n; =
1,2,...N obtained for the ‘Subject-2’ sequence are plotted in Figure 10.12(a).
We start from a uniform prior for the identity variable, i.e., p(ng) = NI for
ng = 1,2,...N. It is very fast, taking about less than 10 frames, to reach above
0.9 level for the posterior probability corresponding to ‘Subject-2°, while all
other posterior probabilities corresponding to other identities approach zero.
This is mainly attributed to the discriminative power of the MAP recognition
score induced by IPS and EPS modeling. The previous approach [129] usually
takes about 30 frames to reach 0.9 level since only intra-personal modeling is
adopted. Figure 10.12(b) captures the scale change in the ‘Subject-2’ sequence.

10.3  Appendix
Derivation of the lower bound for the posterior probability of identity
Suppose that the following two assumptions hold:
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Figure 10.12. Results on the ‘Subject-2’ sequence. (a) Posterior probabilities against time ¢
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Scale estimate against time ¢.

= (A) The prior probability for each identity is same,

p(no = jly,) = 1/N; jeEN, (10.21)

a (B) for the correct identity [ € A/, there exists a constant 7 > 1 such that,

p(yelne = 1,6¢) = mp(yglne = 4,6:); t>1LjeN,j#L  (10.22)

Substitution of Eq. (10.21) and (10.22) into Eq. (10.6) gives rise to

p(ne = Ulyg.)
= %/eomfetp(@ob'o) f[ Dly[ns ;l[j(iiljgsws_l)det...d00
= N/ao / (folyo) H w y9|nq(;9]|;08 1() s105-1) dé;...dbg
= %/00.../& 60|zo)pr9;n‘*( 7|’y02 i? /05— 1)d9t“_d00
= 7'p(ne = jlyon); JENG#L (10.23)

where 1t = [Tiy 7.
More interestingly, from Eq. (10.23), we have

N
(N = Dp(ng = llygs) 2 ' Z p(ns = jlyo.e) = n' (L= p(ne = Uyge)),
J=1j#l
(10.24)
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1.e.,
p(nt = llYo:t) > h(nv t)v (1025)

where ;

.
h(n,t) = TN T (10.26)

Eq. (10.25) has two implications.

1 Since the function h(n, ) which provides a lower bound for p(n: = l}y,.,)
is monotonically increasing against time ¢, p(n; = |y,.,) has a probable
trend of increase over ¢, even though not in a monotonic manner.

2 Sincen > land p(n: = llyy,) <1,
lim p(nt = l|yg,) = 1, (10.27)
t—00 v

implying that p(n; = l|y,.,) degenerates in the identity ! for some suffi-
ciently large ¢.

However, all these derivations are based on assumptions (A) and (B). Though
it is easy to satisfy (A), difficulty arises in practice in order to satisfy (B) for all
the frames in the sequence. Fortunately, as we have seen in the experiment in
Section 10.2, numerically this degeneracy is still reached even if (B) is satisfied
only for most but not all frames in the sequence.

More on assumption (B)
A trivial choice for 7 is the lower bound on the likelihood ratio, i.e.,
pyine =1,6;)

= inf —_ 10.28
T~ 1if0ee Pyl = J,0) ( )

This choice is of theoretical interest. In practice, how good is the assumption
(B) satisfied? Figure 10.13 plots against the logarithm of the scale parameter,
the *average’ likelihood of the correct identity,

1
N Z p(gn|n7 6)7
neN

and that of the incorrect identities,
1
I TEVEEERY Y plgnln.9),
N(N - 1) meN neN,m#n

of the face gallery as well as the *average’ likelihood ratio, i.e., the ratio between
the above two quantities. The observation is that only within a narrow "band’ the
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condition (B) is well satisfied. Therefore, the success of SIS algorithm depends
on how good the samples lie in a similar *band’ in the high-dimensional affine
space. Also, the lower bound 7 in assumption (B) is too strict. If we take the
mean of the ’average’ likelihood ratio shown in Figure 10.13 as an estimate
of n ( roughly 1.5), Eq. (10.25) shows that, after 20 frames, the probability
p(l|yy.,) reaches 0.99! However, this is not reached in the experiments due to
noise in the observations and incomplete parameterization of transformations.

— correet
0.9 = = lincarrect

o~

likelihood
o © o
likelihood ratio
w e o

~

0.5 0 05 ER ] -0.5 ] 0.5 1
log of scale parameter tog of scale parameter

Figure 10.13.  Left: The "average’ likelihood of the correct hypothesis and incorrect hypotheses
against the log of scale parameter. Right: The ’average’ likelihood ratio against the log of scale
parameter.



Chapter 11

PROBABILISTICIDENTITY CHARACTERIZATION

Even though a lot of research has been carried out, state-of-the-art face
recognizers still yield unsatisfactory results especially when confronted with
pose and illumination variations. Another aspect is the nature of input to the
face recognition system. While single-still-image based face recognition has
been investigated for a long time, there is a growing trend of using multiple still
images or video sequences as input. In addition, the recognizers are further
complicated by the registration requirement as the images that the recognizers
process contain transformed appearances of the object. Below, we simply use
the term ‘transformation’ to model all the variations due to misregistration, or
pose and illumination variations.

In the literature, these covariants are treated rather independently. In this
chapter, we propose a general framework called probabilistic identity charac-
terization to unify the different approaches to face recognition. The unified
framework possesses the following features:

m [t processes either a single image or a group of images. Here a group of
images include two types. In terms of the transformations embedded in the
group or the temporal continuity between the transformations, the group can
be either independent or not. Examples of the independent group (I-group)
are face databases that store multiple appearances for one object. Examples
of the dependent group are video sequences. If the temporal information is
stripped, video sequences reduce to I-groups. In this chapter, whenever we
mention video sequences, we mean dependent groups of images.

» [t handles the localization problem, illumination and pose variations.

» The identity description could be either discrete or continuous. The contin-
uous identity encoding typically arises from subspace modeling.
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» [t is probabilistic and integrates all the available evidence.

In Section 11.1 we introduce the generic framework which provides a proba-
bilistic characterization of the object identity. In Section 11.2 we address issues
and challenges arising in this framework. In Section 11.3 we focus on how
to achieve an identity encoding which is invariant to localization, illumination
and pose variations. In Section 11.3.2, we present some efficient computational
methods. In Section 11.3.3, we present experimental results.

11.1  Principle of Probabilistic Identity Characterization

Suppose « is the identity signature, which represents the identity in an
abstract manner. It can be either discrete- or continuous- valued. If we
have an N-class problem, « is discrete taking value in {1,2,...,N}. If we
associate the identity with image intensity or feature vectors derived from
say subspace projections, « is continuous-valued. Given a group of images
yir = {y1, Y9, .-, ¥y} containing the appearances of the same but unknown
identity, probabilistic identity characterization is equivalent to finding the pos-
terior probability p(a|y.1).

As the image only contains a transformed version of the object, we also
need to associate it a transformation parameter €, which lies in a transformation
space ©. The transformation space © is usually application dependent. Affine
transformation is often used to compensate for the localization problem. To
handle illumination variation, the lighting direction is used. If pose variation is
involved, 3D transformation is needed or a discrete set is used if we quantize
the continuous view space.

We assume that the prior probability of « is 7(«x), which is assumed to be,
in practice, a non-informative prior. A non-informative prior is uniform in the
discrete case and treated as a constant, say 1, in the continuous case.

The key to our probabilistic identity characterization is as follows:

plalyy) o m(a)p(y.rle)
= 7(a) ./0 NP(Yl:T 1.1, a)p(Br.7)dOr.1

l T
= (a) /9 T1 p(3:16, @)p(6|61.0-1)dbr.r, (11.1)

)

where the following rules, namely (a) observational conditional independence
and (b) chain rule, are applied:

T
(@) p(yrplb1r, @) = [[ p(y,l6:, @); (11.2)
t=1
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(b) p(Or.7) = Hp(otwm p(61]60) = p(61). (11.3)

Eq. (11.1)involves two key quantities: the observation likelihoodp(y, |0, &)
and the state transition probability p(0;]01..—1). The former is essential to a
recognition task, the ideal case being that it possesses a discriminative power in
the sense that it always favors the correct identity and disfavors the others; the
latter is also very helpful especially when processing video sequences, which
constrains the search space.

We now study two special cases of p(6;]61.¢—1).

11.1.1  Independent group (I-group)
In this case, the transformations {6;; t = 1, ..., T} are independent of each
other, i.e.
p(0101:4-1) = p(64). (11.4)
Eq. (11.1) becomes

T
plalyrr) & n(0) [ /0 p(y, |60, 0)p(6,)dby. (11.5)
t=1"Yt

In this context, the probability p(6;) can be regarded as a prior for 8y, which is
often assumed to be Gaussian with mean 6 or non-informative.

The most widely studied case in the literature is T = 1, i.e. there is only a
single image in the group. Dueto its importance, sometimes we will distinguish
it from the I-group (with T" > 1) depending on the context. We will present in
Section 11.2 the shortcomings of many contemporary approaches.

It all boils down to how to compute the integral in Eq. (11.5) in real appli-
cations. In the sequel, we show how to efficiently approximate it.

11.1.2  Video sequence

In the case of video sequence, temporal continuity between successive video

frames implies that the transformations {6;; ¢t = 1,...,T} follow a Markov
chain. Without loss of generality, we assume a first-order Markov chain, i.e.
p(0:161:6—1) = p(0e|0:—1). (11.6)

Eq. (11.1) becomes

plalypy) x m(a / Hp ¥,164, @)p(0416,—1)db1.7. L7

lltl

The difference between Eq. (11.5) and Eq. (11.7) is whether the product
lies inside or outside the integral. In Eq. (11.5), the product lies outside the
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integral, which divides the quantity of interest into ‘small’ integrals that can be
computed efficiently; while Eq. (11.7) does not have such a decomposition,
causing computational difficulty.

11.1.3  Difference from Bayesian estimation

Our framework is very different from the traditional Bayesian parameter
estimation setting, where a certain parameter 3 should be estimated from the
i.i.d. observations {x1, x2, ..., x7 } generated from a parametric density p(x|5).
If we assume that 3 has a prior probability 7((3), then the posterior probability
p{B|x1.7) is computed as

T
p(Blx1.r) o m(B)p(x17|B) = m(B) [ [ p(xI8) (11.8)

t=1

and used to derive the parameter estimate 8. One should not confuse our
transformation parameter € with the parameter 5. Notice that 3 is fixed in
p(x¢|3) for different ¢’s. However, each y, is associates with a 6;. Also, o is
different from [ in the sense that « describes the identity and /3 helps to describe
the parametric density.

To make our framework more general, we can also incorporate the parameter
(3 by letting the observation likelihood be p(y|6, o, 3). Eq. (11.1) then becomes

plalyyp) o m(a)p(yyrle) (11.9)
= w(0) [ pnaltur,o, Bp6ur)r(ddirds

T
= (o) [ TT plyaloe @ B)pOuvs-1)7(P)dbrrds,
ot=1

where 8.7 and 3 are assumed to be statistically independent. In this chapter,
we will focus only on Eq. (11.1) as if we already know the true parameter (3 in
Eq. (11.9). This greatly simplifies our computation.

11.2  Recognition Setting and Issues

Eq. (11.1) lays a theoretical foundation, which is universal for all recognition
settings: (i) recognition is based on a single image (an I-group with 7" = 1),
an I-group with 7' > 2, or a video sequence; (ii) the identity signature is either
discrete- or continuous-valued; and (iii) the transformation space takes into ac-
count all available variations, such as localization and variations in illumination
and pose.
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11.2.1  Discrete identity signature
In a typical pattern recognition scenario, say an /N-class problem, the identity
signature for y,.., &, is determined by the Bayesian decision rule:
A = ¢ 7). 11.10
G =arg max plalyr) (11.10)

Usually p(y|0, @) is a class-dependent density, either pre-specified or learned.
This is a well studied problem and we will not focus on this.

11.2.2  Continuous identity signature

If the identity signature is continuous-valued, two recognition schemes are
possible. The first is to derive a point estimate & (e.g. conditional mean, mode)
from p(e|y,.p) to represent the identity of image group y,.p. Recognition is
performed by matching &’s belonging to different groups of images using a
metric k(.,.). Say, & is for group 1 and G2 for group 2, the point distance

k1o = k(é, Gg)

is computed to characterize the difference between groups 1 and 2.

Instead of comparing the point estimates, the second scheme directly com-
pares different distributions that characterize the identities for different groups
of images. Therefore, for two groups | and 2 with the corresponding posterior
probabilities p(a1) and p(ae), we use the following expected distance [199]

fcl,zi/ / k(cu, o) p(on )p(aa)dardea.
Sy Jag

Ideally, we wish to compare the two probability distributions using quantities
such as the Kullback-Leibler distance [4]. However, computing such quantities
is numerically prohibitive.

The second scheme is preferred as it utilizes the complete statistical infor-
mation, while in the first one, point estimates use partial information. For
examples, if only the conditional mean is used, the covariance structure or
higher-order statistics is thrown away. However, there are circumstances when
the first scheme makes sense: for instance, when the posterior distribution
p(a]yy.r) is highly peaked or even degenerate at &. This might occur when (i)
the variance parameters are taken to be very small; or (ii) we let T go to oo, i.e.
keep observing the same object for a long time.

11.2.3  The effects of the transformation

Even though recognition based on single images has been studied for a long
time, most efforts assume only one alignment parameter ¢ and compute the
probability p(y|0,«). Any recognition algorithm computing some distance
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measures can be thought of as using a properly defined Gibbs distribution. The
underlying assumption is that

p(0) = 3(0 - 0), (11.11)

where §(.) is an impulse function. Using Eq. (11.11), Eq. (11.5) becomes

plaly) () [ p(516,0)6(6 = )dt = r(@lplyld ). (1112)

Incidentally, if the Laplace’s method is used to approximate the integral (refer
to the Appendix for detail) and the maximizer 8, = argmaxy p(y|f, a)p(6)
does not depend on a, say 8, = 6, then

plaly) o () [ pisl6,c)p(0)as

~ w(@pylh,ap@)y @030 (1113)

This gives rise to the same decision rule as implied by Eq. (11.12) and also
partly explains why the simple assumption Eq. (11.11) can work in practice.

The alignment parameter is therefore very crucial for a good recognition
performance. Even a slightly erroneous 6 may affect the recognition system
significantly. It is very beneficial to have a continuous density p(6) such as
Gaussian or even a non-informative one since marginalization of p(6, a|y) over
f yields a robust estimate of p(aly).

In addition, our Bayesian framework also provides a way to estimate the best
alignment parameter through the posterior probability:

p(fly) x '/ap(yw,a)w(a)da. (11.14)

11.2.4  Asymptotic behaviors

When we have an I-group or a video sequence, we are often interested in dis-
covering the asymptotic (or large-sample) behaviors of the posterior distribution
p{a|y,.) when T is large. In [129], the discrete case of «v in a video sequence
is studied. However it is very challenging to extend this study to a continuous
case. Experimentally (refer to Section 11.3.3), we find that p(«|y,.) becomes
more and more peaked as IV increase, which seems to suggest a degenerancy
in the true value apye.

11.3  Subspace Identity Encoding

The main challenge is to specify the likelihood p(y|6, @). Practical consid-
erations require that (i) the identity encoding coefficient « is compact so that
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our target space where o resides is of low dimensional; and (ii) o should be
invariant to transformations and tightly clustered so that we can safely focus on
a small portion of the spaces.

Inspired by the popularity of subspace analysis, we assume that the observa-
tion y can be well explained by a subspace, whose basis vectors are encoded in
a matrix denoted by B, i.e. there exists linear coefficient « such that y = Ba.
Clearly, o naturally encodes the identity. However, the observation under the
transformation condition (parameterized by ¢) deviates from the canonical con-
dition (parameterized by say #) under which the B matrix is defined. To achieve
an identity encoding that is invariant to the transformation, there are two possi-
ble ways. One way is to inverse-warp the observation y from the transformation
condition  to the canonical condition # and the other way is to warp the basis
matrix B from the canonical condition 8 to the transformation condition 6. In
practice, inverse-warping is typically difficult. For example, we cannot easily
warp an off-frontal view to a frontal view without explicit 3D depth information
that may not be available. Hence, we follow the second approach, which is also
known as analysis-by-synthesis approach. We denote the basis matrix under
the transformation condition 6 by Bg.

11.3.1  Invariant to localization, illumination, and pose

The localization parameter, denoted by ¢, includes the face location, scale
and in-plane rotation. Typically, an affine transformation is used. We absorb
the localization parameter € in the observation using 7 {y; e}, where the 7 {.; ¢}
is a localization operator, extracting the region of interest and normalizing it to
match with the size of the basis.

The illumination parameter, denoted by A, is a vector specifying the illumi-
nant direction (and intensity if required). The pose parameter, denoted by v, isa
continuous-valued random variable. However, practical systems [73, 76] often
discretize this due to the difficulty in handling 3D to 2D projection. Suppose the
quantized pose setis {1,..., V}. To achieve pose invariance, we concatenate
all the images [76] {y',...,y"} under all the views and a fixed illumination
A to form a high-dimensional vector Y = [y**, ..., yv”\]T. To further achieve
invariance to illuminations, we invoke the Lambertian reflectance model, ignor-
ing shadow pixels. Now, A is actually a 3-D vector describing the illuminant.
We now follow Chapter 5 to perform a bilinear analysis; the results of which
are summarized below.

Since all y¥’s are illuminated by the same A, the Lambertian model gives,

YA = WA, (11.15)
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Following [95], we assume that

m
i=1
and we have
m
=" Wi, (11.17)
i=1
where W;’s are illumination-invariant bilinear basis and a = {ay,. .., am]T

provides an illuminant-invariant identity signature. Those bilinear basis can be
casily learned as shown in [214, 94]. Thus « is also pose-invariant because, for
a given view v, we take the part in Y corresponding to this view and still have

m
V=" WY (11.18)
i=1

In summary, the basis matrix By for § = (e, \, v) with € absorbed in y is
expressed as By, = [WYA, ..., WY
We focus on the following likelihood:

p(yl0) = pyle, A\ v, a)
= Zy, o exp{—d(T{y;e},Broa)}, (11.19)

where D(y, Bg«x) is some distance measure and Z) ,, , is the so-called partition
function which plays a normalization role. In particular, if we take d as

d(T{y;c},Brna) = (T{yic} —Brpe) | S HT{y;e} —Byoa)/2, (11.20)

witha given ¥ (say © = oI where I is an identity matrix), then Eq. (11.19) be-
comes a multivariate Gaussian and the partition function Z ,, , does not depend
on the parameters any more. However, even though Eq. (11.19)is a multivariate
Gaussian, the posterior distribution p{c|y;.1) is no longer Gaussian.

11.3.2 Computational issues
The integral

If the transformation space © is discrete, it is easy to evaluate the integral
Jop(y16, a)p(0)d6, which becomes a sum. Note that here we drop the subscript
[.]+ notation as this is a general treatment. If © is continuous, in general,
computing integral f, p(y|6, a)p(6)d6 is a difficult task. Many techniques are
available in the literature. Here we mainly focus on two techniques: Monte
Carlo simulation [14, 16] and Laplace’s method {16, 210}.

Monte Carlo simulation. The underlying principle is the law of large number
(LLN). If {x(D ) xF)} are K 11D samples drawn from the density p(x),
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for any bounded function h(x),

li 1Kh(k)— h dx = Eplh 11.21
i g 3o = [ hpmas gyt 120

Alternatively, when drawing i.i.d. samples from p(x) is difficult, we can use
importance sampling [14, 16]. Suppose that the importance function g(x) has
i.i.d. realizations {x() x(® ... x(¥)} The pdfp(x) can be represented by a
weighted sample set {(x(*), w,()k)) K |, where the weight for the sample x(*) is

wi® = p(x®)/q(xV), (11.22)

in the sense that for any bounded function A(x),

S W)y e PEW)
I(lgnwgwp h(x ):émh(x ) = Eplh]. (11.23)

Laplace’s method [16, 210]. The general approach of this method is pre-
sented in Appendix. This is a good approximation to the integral only if the
integrand is uniquely peaked and reasonably mimics the Gaussian function.

In our context, we use importance sampling (or IID sampling if possible) for
€ and the Laplace’s method for A and enumerate v. We draw i.i.d. samples
{E(l) @ e} from g(e) and, for each sample e(®), compute the weight
wy = p(e®)/q(e®)). If the i.i.d. sampling is used, the weights are always
ones. Putting things together, we have (assuming 7 () is a non-informative
prior)

plaly) [ plsle, A v, a)p(ep(Wp(v)dedrdy

1 & 1 Y o s
= ¥ Zws(k)_ E :P(Y|5( ),)\Ew),ua,v,a) X
K k=1 |14

v=1

P o)y 2T /130 00l (11.24)

where Az ,, o is the maximizer

~

Aelk) .0 = BTG m/\inp(y|5(k), A, U, a)p(N), (11.25)
r is the dimensionality of A, and J (S\E,U,a) is a properly defined matrix. Refer
to Appendix for computing S\E,v,a and J (5\571 ,.) if the likelihood is given as Eq.
(11.19) and Eq. (11.20) and a non-informative prior p(}) is assumed. Similar
derivations can be conducted for an I-group of observations y.,.
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The distances k and k

To evaluate the expected distance k, we use the Monte Carlo method. In our
context, the target distribution is p(aly;.;-). Based on the above derivations,
we know how to evaluate the target distribution, but not to draw sample from
it. Therefore, we use importance sampling. Other sampling techniques such as
Monte Carlo Markov chain [14, 16] can also be applied.

Suppose that, say for group 1, the importance functionis ¢; (1), and weighted
(1

sample set is {oz1 , Wy !, the expected distance is approximated as

L 12 1w()w(7) (0651)7 g))

kg~ ] (11.26)
=1 w1 EJ 1 wz
The point distance is approximated as
R (i) J w(J) o)
krz =~ (Z’ uie ,Z 2 (11.27)

).
Zz lwl E}] 1 ng)

11.3.3  Experimental results

We use the ‘illum’ subset of the PIE database [85] in our experiments. This
subset has 68 subjects under 21 illumination configurations and 13 poses. Out
of the 21 illumination configurations, we select 12 of them denoted by F',

F = {fie, f15, f13, f21, f12, fi1, fos, fos, fio, fis, fod, foo},

which typically span the set of variations. Out of the 13 poses, we select 9 of
them denoted by C,

C = {0227 €02, €37, €05, €27, €29, C11, Ci4, 634})

which cover from the left profile to the frontal to the right profile. In total, we
have 68 * 12 ¥+ 9 = 7344 images. Fig 5.2 displays one PIE object under the
illumination and pose variations.

We randomly divide the 68 subjects into two parts. The first 34 subjects are
used in the training set and the remaining 34 subjects are used in the gallery
and probe sets. It is guaranteed that there is no identity overlap between the
training set and the gallery set.

During training, the images are pre-preprocessed by aligning the eyes and
mouth to desired positions. No flow computation is carried on for further
alignment. After the pre-processing step, the used face image is of size 48 by
40, i.e. d = 48 x40 = 1920. Also, we only study gray images by taking the
average of the red, green, and blue channels of their color versions.

The training set is used to learn the basis matrix By or the bilinear basis W;’s.
As mentioned before, 8 includes the illumination direction A and the view pose
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v, where A is a continuous-valued random vector and v is a discrete random
variable taking values in {1, ...,V } with p = 9 (corresponding to C).

The images belonging to the remaining 34 subjects are used in the gallery
and probe sets. The construction of the gallery and probe sets conforms the
following: To form a gallery set of the 34 subjects, for each subject, we use an
I-group of 12 images under all the illuminations under one pose vp; to form a
probe set, we use I-groups under the other pose v,. We mainly concentrate on
the case with v, # v,. Thus, we have 9 x 8 = 72 tests, with each test giving
rise to a recognition score. The 1-NN (nearest neighbor) rule is applied to find
the identity for a probe I-group.

During testing, we no longer use the pre-processed images and therefore the
unknown transformation parameter includes the affine localization parameter,
the light direction, and the discrete view pose. The prior distribution p(ey) is
assumed to be a Gaussian, whose mean is found by a background subtraction
algorithm and whose covariance matrix is manually specified. We use i.i.d.
sampling from p(e;) since it is Gaussian. The metric k(., .) actually used in our
experiments is the correlation coefficient:

kxy) = {9 {0 )}

Figure 11.1 shows the marginal posterior distribution of the first element !
of the identity variable «, i.e., p(al|yy.), with different N’s. From Figure
11.1, we notice that (i) the posterior probability p(a!|y;.;) has two modes,
which might fail those algorithms using the point estimate, and (ii) it becomes
more peaked and tightly-supported as T increases, which empirically supports
the asymptotic behavior mentioned in Section 11.2.

Figure 11.2 shows the recognition rates for all the 72 tests. In general,
when the poses of the gallery and probe sets are far apart, the recognition rates
decrease. The best gallery sets for recognition are those in frontal poses and
the worst gallery sets are those in profile views. These observation are similar
to those made in Chapter 5.

For comparison, Table 11.1 shows the average recognition rates for four
different methods: our two probabilistic approaches using k and k, respectively,
the PCA approach [64], and the statistical approach [118] using the KL distance.
When implementing the PCA approach, we learned a generic face subspace
from all the training images, stripping their illumination and pose conditions;
while implementing the KL approach, we fit a Gaussian density on every I-
group and the learning set is not used. Our approaches outperform the other two
approaches significantly due to the transformation-invariant subspace modeling.
The KL approach [118] performs even worse than the PCA approach simply
because no illumination and pose learning is used in the KL approach while the
PCA approach has a learning algorithm based on image ensembles taken under
different illuminations and poses (though this specific information is stripped).



212 UNCONSTRAINED FACE RECOGNITION

wter'ly,)

C@ TR T T

plely,,

5
(c) s —aara s (d)

Figure 11.1. The posterior distributions p(al|y,.,) with different 77s: (a) p(at|y,); (b)
p(atly,6); and (c) p(a'|y,.,,), and (d) the posterior distribution p(vly,. ). Notice that
p(at|y,.) has two modes and becomes more peaked as T increases.

Method k k PCA KL [118]
Rec. Rate (top 1) 82% 76% 36% 6%
Rec. Rate (top 3) 94% 9% 56% 15%

Table 11.1. Recognition rates of different methods.

As earlier mentioned in Section 11.2.3, we can infer the transformation pa-
rameters using the posterior probability p(d|y,.7-). Figure 11.1 also shows the
obtained p{wv|y,.,5) for one probe I-group. In this case, the actual poseis v = 5
(i.e. camera co7), which has the maximum probability in Figure 11.1(d). Simi-
larly, we can find an estimation for ¢, which is quite accurate as the back ground
subtraction algorithm already provides a clean position.

11.4  Appendix
Laplace’s method

We are interested in computing the following integral H = [ p(6)d6, for
6 = [01,6,,.. .,HT]T € R". Suppose that f is the maximizer of p(#) or
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Figure 11.2.  The recognition rates of all tests. (a) Our method based on k. (b) Our method
based on k. (c) The PCA approach [64]. (d) The KL approach. Notice the different ranges of
values for different methods and the diagonal entries should be ignored.

equivalently log p(#) which satisfies
9p(0)

0o

Olog p(6)
a6

g=0or

;= 0. (11.28)
We expand log p(f) around  using a Taylor series:
A 1 ~ ~
logp(#) = log p(6) — (6 - o) T 3(8)(0 — 6), (11.29)

where J(8) is an 7 x r matrix whose ij*" element is

0% log p()
Jij(0) = ———=—~—. 11.30
Note that the first-order term in Eq. (11.29) is zero by virtue of Eq. (11.28).
If p(6) is a pdf function with parameter 6, then J(6) is the famous Fisher
information matrix [16]. Substituting Eq. (11.29) into H = intp(0)dO gives

H

R

p(0) [exp(—56 )T 30)(6 — i)}as

(2m)7 /13(0)!. (11.31)
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About 5\5,,,,0‘

If a non-information prior p(\) is assumed, the maximizer X, ,, o satisfies

Aewa = argmaxp(yle, A, v, a) (11.32)
— argmin(7 {y;e} — Brya) (T{y;e} = Bru)
= arg m/\in Lie,v,\ &)
where L(e,v,\,a) = (T{y;e} — B)\,Ua)T(T{y;s} — By,). If a Gaussian

prior is assumed, a similar derivation can be carried.
Using the fact that

m
Brva = WIA, ..., WoAa = BauXi Baw = Y iy, (11.33)
=1
The term L{e, v, A, ) becomes
L(e,v, 0 ) = (T{yie} — Baw)) (T {y;e} — Baw), (11.34)
which is quadratic in A. The optimum 5\571,7(1 is unique and its value is

T

Aeva = (Ba,vTBa,U)‘lBa,U ¥ = Baw T{y;e}. (11.35)

where [T is the pseudo-inverse. Substituting Eq. (11.35) into L{s, v, \, &)
yields

L(e,v, 5\5)1,,(,7 a) =T{y; E}T(Jd - BW,B%UT)TE{y}. (11.36)
It is easy to show that J(\) is no longer a function of A and equals to

J=0"Bny Ban. (11.37)
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Chapter 12

SUMMARY AND FUTURE RESEARCH DIRECTIONS

12.1 Summary

This monograph addressed several approaches for unconstrained face recog-
nition from three aspects. The first aspect is to directly model illumination and
pose variations. The second aspect is to use nonlinear kernel learning to charac-
terize the face appearance manifold. The third aspect is to perform recognition
using video sequences.

We summarize some of the major concepts made in the book:

» The general theory of symmetric SFS in Chapter 3 incorporates the lateral
symmetric cue into an SFS problem. By doing this, we derived a unique
solution of both shape and albedo. We also showed the use of self-ratio
image in robust estimation of illumination direction and the extensions of
symmetric SFS and applications of symmetry cue for image synthesis and
view-synthesis of face images.

» In the generalized photometric stereo approach presented in Chapter 4, we
proposed a rank constraint on the product of albedo and surface normal
that provides a very compact yet efficient encoding of the identity. In the
literature, usually two separate linear subspaces [46, 72] are constructed for
shape and texture, respectively, assuming the independence between them.
This assumption might result in an overfit for the problem [94].

By using the integrability and symmetry constraints, we designed a lin-
earized algorithm that recovers the class-specific albedos and surface nor-
mals under the most general and hence most difficult setting, i.e., the ob-
servation matrix consists of different objects under different illuminations.
In particular, this algorithm takes into account the effect of varying albedo
field in the integrability term.
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s The illuminating light field approach in Chapter 5 is image-based and re-
quires no explicit 3D model. It is computationally efficient and able to deal
with images of small size. In contrast, the 3D model-based approach [72]
is computationally intense and needs image of large size.

= In Chapter 6, age estimation is solved using a regression algorithm based
on boosting to select relevant features from the image. Since the regressor
does not depend the training data, it is efficient in both storage and com-
putation. An efficient training algorithm that performs incremental feature
selection was also presented. For face recognition across aging progression,
we had proposed two approaches to studying facial similarity across time.
The method proposed in this chapter, is very relevant to applications such
as renewal of passports. During renewal of passports, the age difference be-
tween the image pairs is known a priori. Given a pair of age-separated face
images of an individual, the age difference classifier establishes the identity
between the image pairs and further classifies them to their corresponding
age difference category. Moreover, the similarity scores computed between
two images of an individual when compared with the scores tabulated in
Table 6.4 of help in identifying outliers, if any.

= Computing the probabilistic distance measures (e.g. the Chernoft distance,
the Bhatacharyya distance, the KL distance, and the divergence distance)
between two Gaussian densities in the RKHS is presented in Chapter 7.
Since the RKHS might be infinite-dimensional, we derive a limiting dis-
tance which can be easily computed. This leads to a novel paradigm for
studying pattern separability, especially for visual pattern lying in a nonlin-
ear manifold.

m Chapter 8 presented two matrix-based kernel subspace methods: matrix
KPCA and matrix KLDA. The proposed matrix-based kernel subspace meth-
ods generalize their vector-based counterparts, e.g. vector KPCA and vector
KLDA, in the sense that the matrix KPCA and matrix KLDA provide richer
representations and capture spatial statistics to some extent. This comes
from the fact the Gram matrix used in the vector-based kernel methods can
be derived from that used in the proposed matrix-based kernel methods.

m Presented in Chapter 9 is an adaptive method for visual tracking which stabi-
lizes the tracker by embedding deterministic linear prediction into stochastic
diffusion. Numerical solutions have been provided using particle filters with
the adaptive observation model arising from the adaptive appearance model,
adaptive state transition model, and adaptive number of particles. Occlusion
analysis is also embedded in the particle filter.

= A systematic method for face recognition from a probe video, compared with
a gallery of still templates is introduced in Chapter 10. A time series state
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space model is used to accommodate the video and SIS algorithms provide
the numerical solutions to the model. This probabilistic framework, which
overcomes many difficulties arising in conventional recognition approaches
using video, is registration-free and poses no need for selecting good frames.
It turns out that an immediate recognition decision can be made in our
framework due to the degeneracy of the posterior probability of the identity
variable. The conditional entropy can also serve as a good indication for the
convergence.

m We presented in Chapter 11 a generic framework of modeling human identity
for a single image, a group of images, or a video sequence . This framework
provides a complete statistic description of the identity. Various current
recognition schemes are just instances of this generic framework.

12.2  Future Research Directions

Unconstrained face recognition can be expanded in a multitude of ways.
The following just lists some potential avenues to explore in the context of the
proposed approaches:

n For the symmetric SFS in Chapter 3, ideally we would like to handle sym-
metric objects under different lighting, viewing conditions and projections,
for example, to handle rotated symmetric objects. Moreover, we expect to
be able to handle partially symmetric objects by integrating traditional SFS
and symmetric SFS. The following is a list of future research directions: (i)
developing symmetric SFS algorithms to handle arbitrarily varying albedo
and (ii) extending the Lambertian model to more general models, such as
including specular reflections and multiple lighting sources.

s In Chapters 4 and 5, we used a Lambertian reflectance model to describe
the illumination phenomenon. However, the Lambertian reflectance model
is a rather simple model and unable to handle cast shadows and specular
regions. Although we employed a simple technique to exclude pixels in cast
shadow and specular regions, it turns out when the light comes from extreme
directions (e.g. highly off-frontal ones), the recognition performance drops
quickly. We need to investigate these lighting conditions. Alternatively, a
complex illumination model providing a better illumination description can
be used.

» [n the illuminating light field approach of Chapter 5, we need an image-
based rendering technique to handle novel poses. Some promising works
along this line are [73, 175, 176].

m The boosted regressor proposed in Chapter 6 is very general and can be
applied to other regression problems. The choices of feature functions are
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crucial to many applications. All these issues should be further investigated.
Also, understanding aging of faces is important to the success of face recog-
nition systems. It is of great interest to derive a robust model for facial aging
across all age categories.

s Regarding the probability distances on RKHS, possible future works in-
clude (i) how to design or select the kernel function for a given task, be it
classification or modeling; (ii) evaluating the kernels for set based on the
derived probabilistic distances (as argued in Section 7.3.5) in a classification
device such as an SVM for various applications; (iii) utilizing probabilistic
distances for ICA as in [261].

s The key quantity in Chapter 8 is the extended Gram matrix. Using this Gram
matrix, one can construct reproducing kernel functions that take matrix as
inputs. For example, it is easy to show that the trace and determinant of the
extended Gram matrix are positive-definite and hence legitimate reproduc-
ing kernels. Other constructions are also feasible.

» The visual tracking algorithm of Chapter 9 can be extended in many ways
[202, 204]. (i) Combining shape information into appearance. Appearance
and shape are two very important visual cues arguably presented in a com-
plementary fashion [198). (ii) Utilizing appearance from multiple views.
Using multiple views can overcome some difficulty in a single view. For
example, an object might be occluded in one view but not the other one. Us-
ing the multiview geometry, we can infer the movement of the object in the
occluded view [203]. (iii) Here we mostly model the movement of the fore-
ground object. Joint modeling of foreground and background movements
is very promising [204, 205] since the stabilization obtained by background
modeling significantly reduces the clutter in the background that confuses
the foreground tracking algorithm.

» In simultaneous tracking and recognition of Chapter 10, many issues exist.
(i) Robustness. Generally speaking, our approach is more robust than still-
image-based approach since we essentially compute the recognition score
based on all video frames and, in each frame, all kinds of transformed
versions of the face part corresponding to the sample configurations that
are considered. However, since we take no explicit measure when handling
frames with outlier or other unexpected factors, recognition scores based
on those frames might be low. But, this is a problem for other approaches
too. The assumption that the identity does not change as time proceeds, i.c.,
p(nini—1) = d(ng — ng_1), could be relaxed by having nonzero transition
probabilities between different identity variables. Using nonzero transition
probabilities will enable us an easier transition to the correct choice in case
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that the initial choice is incorrectly chosen, making the algorithm more
robust.

(i1) Resampling. In the recognition algorithm, the marginal distribution
{(9?)1, w;(j{)};le is sampled to obtain the sample set {(6\"), 1)}/_;. This
may cause problems in principle since there is no conditional independence
between 6; and n; given y,;. However, in a practical sense, this is not a
big disadvantage because the purpose of resampling is to *provide chances
for the good streams (samples) to amplify themselves and hence rejuvenate
the sampler to produce better results for future states as the system evolves’
[248]. The resampling scheme can either be simple random sampling with
weights (like in CONDENSATION), residual sampling, or local Monte Carlo
methods.

n Further, in the experimental part of Chapter 11, we can extend our approach
to perform recognition from video sequences with localization, illumination,
and pose variations. Again, the SIS methods can be used to accommodate
temporal continuity. This leads to a very high-dimensional state space to
explore. Efficient simulation techniques are desired. In fact, the issue of
computation load also exist for the efficient algorithm in Chapter 10. There,
two important numbers affecting the computation are J, the number of
motion samples, and N, the size of the database. (i) The choice of J is an
open question in the statistics literature. In general, larger .J produces more
accurate results. (ii) The choice of NV depends on application. Since a small
database is used in this experiment, it is not a big issue here. However, the
computational burden may be excessive if N is large. One possibility is
to use a continuous parameterized representation, say « as in Chapter 11,
instead of discrete identity variable n. Now the task reduces to computing

plat, Otlyo.)-

The approaches taken in this book by no means cover the whole spectrum
of the unconstrained face recognition problem and address only a small portion
of all the relevant issues. Some possible important issues, other than those
addressed in the book, include the following:

» 3D model-based face matching. 2D-appearance-based face recognition is
in principle limited because a 2D image is a projection of a 3D model. An
emerging trend is to directly utilize 3D model in the face matching process
[132]. A lot of open issues are available: How to capture and represent the
3D model? How to do matching based on the 3D model?

m Aging. Aging is a very important topic in unconstrained face recognition.
Often the stored gallery images are taken well before the probe images. For
example, passengers hold passports with photos taken when the passport
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was issued years ago. While one solution is to maintain the gallery images
up-to-date, a systematic solution is theoretical modeling of the generic affect
of aging. This modeling is very difficult due to the individualized variation.
Presented in [136, 138] are some preliminary attempts. So, more research
efforts are certainly worthwhile.

a FExpression. Facial expression analysis and modeling has attracted a lot
of attention [45, 62, 63] and some approaches [62] focus on expression
recognition, i.e., identifying different modalities of facial expression such as
happy, angry, disgust, etc. Face recognition under expression variation has
not been fully explored. Clearly expression recognition and face recognition
under expression variation are two related topics. Expression recognition
and modeling is a crucial component for accurate face recognition under
expression variation.

Further, facial expressions manifest themselves in a temporal dimension.
The manner that an individual poses expressions (in natural contexts) cap-
tures certain behavioral aspect of the face biometric. Utilizing temporal
information embedded in facial expression for face recognition under ex-
pression variation is an interesting research topic.

s Distorted imagery.

Images as one main digital media are to be compressed, stored, transmitted
and so on. Compression schemes sacrifice image quality for fewer bits
to encode the image, storage devices are susceptible to various damages,
transmission channels are often noisy. All these results in distorted images.
How to perform face recognition accounting for sources of distortions [128]
is a very practical research topic that needs to be explored.

» Fusion with other biometrics Even the best face recognition system can-
not perform a perfect job under unconstrained conditions. Fusion of face
biometrics and other biometrics will boost the overall performance because
more information is available. Moreover, different biometrics are comple-
mentary. For example, acquisition of iris and fingerprint needs participant’s
cooperation while face and gait can be captured in an noninvasive manner.
Face is mostly usable in frontal view while gait is most usable in side view.

8 Face recognition system

To build a reliable and robust face recognition system, one has to consider
various issues. (i) Computation and storage. How to do the matching in
real time? How to represent, manage, and store a large scale face database?
(i1) System engineering. Given a limited budget of resources in camera,
network, power, etc., how to maximize the performance gain by a smart
distributing of these resources? (iii) Security issue. How to store the face
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database in a secure manner? How to avoid fake face image to break in to
the system? How to securely transmit the face image over the network? For
this, we should leverage knowledge from multimedia and network security,
cryptography, ete.
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