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As one of the most successful applications of image analysis and understanding, face recognition
has recently received significant attention, especially during the past several years. At least two
reasons account for this trend; the first is the wide range of commercial and law enforcement
applications, and the second is the availability of feasible technologies after 30 years of research.
FEven though current machine recognition systems have reached a certain level of maturity, their
success is limited by the conditions imposed by many real applications. For example, recognition
of face images acquired in an outdoor environment with changes in illumination and/or pose
remains a largely unsolved problem. In other words, current systems are still far away from the
capability of the human perceptual system.

This paper provides an up-to-date critical survey of still- and video-based face recognition
research. There are two underlying motivations for us to write this survey paper; the first is to
provide an up-to-date review of the existing literature, and the second is to offer some insights
into the studies of machine recognition of faces. To provide a comprehensive survey, we not only
categorize exiting recognition techniques but also present detailed descriptions of representative
methods within each category. In addition, relevant topics such as psychophysical studies, system
evaluation, and issues of illumination and pose variation are covered.
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1. INTRODUCTION

As one of the most successful applications of image analysis and understanding, face
recognition has recently received significant attention, especially during the past
few years. This is evidenced by the emergence of face recognition conferences such
as AVBPA [1] and AFGR [2], systematic empirical evaluations of face recognition
techniques (FRT), including the FERET [128; 131; 127] FRVT 2000 [25], FRVT
2002 [124], and XM2VTS [110] protocols, and many commercially available systems
(Table 2). There are at least two reasons for this trend; the first is the wide range of
commercial and law enforcement applications and the second is the availability of
feasible technologies after 30 years of research. In addition, the problem of machine
recognition of human faces continues to attract researchers from disciplines such as
image processing, pattern recognition, neural networks, computer vision, computer
graphics, and psychology.

The strong need for user-friendly systems that can secure our assets and pro-
tect our privacy without losing our identity in a sea of numbers is obvious. At
present, one needs a PIN to get cash from an ATM, a password for a computer,
a dozen others to access the internet, and so on. Although very reliable methods
of biometric personal identification exist, e.g., fingerprint analysis and retinal or
iris scans, these methods rely on the cooperation of the participants, whereas a
personal identification system based on analysis of frontal or profile images of the
face is often effective without the participant’s cooperation or knowledge. Some of
the advantages/disadvantages of different biometrics are described in [126]. Table 1
lists some of the applications of face recognition.

Areas Specific Applications

Video Game, Virtual Reality, Training Programs

Entertainment Human-Robot-Interaction, Human-Computer-Interaction

Drivers’ Licenses, Entitlement Programs

Smart Cards Immigration, National ID, Passports, Voter Registration
Welfare Fraud
TV Parent Control, Personal Device Logon, Desktop Logon

Information Security Application Security, Database Security, File Encryption

Intranet Security, Internet Access, Medical Records

Secure Trading Terminals
Law Enforcement Advanced Video Surveillance, CCTV Control
and Surveillance Portal Control, Post-Event Analysis

Shoplifting, Suspect Tracking and Investigation

Table 1. Typical applications of face recognition.

Commercial and law enforcement applications of FRT range from static, controlled-
format photographs to uncontrolled video images, posing a wide range of technical
challenges and requiring an equally wide range of techniques from image process-
ing, analysis, understanding and pattern recognition. One can broadly classify FRT
systems into two groups depending on whether they make use of static images or of
video. Within these groups, significant differences exist, depending on the specific
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application. The differences are in terms of image quality, amount of background
clutter (posing challenges to segmentation algorithms), variability of the images of
a particular individual that must be recognized, availability of a well-defined recog-
nition or matching criterion, and the nature, type and amount of input from a user.
A list of some commercial systems is given in Table 2.

Commercial Products Websites

Facelt from Visionics http://www.Facelt.com

Viisage Technology http://www.viisage.com

FaceVACS from Plettac http://www.plettac-electronics.com

FaceKey Corp. http://www.facekey.com

Cognitec Systems http://www.cognitec-systems.de

Keyware Technologies http://www.keywareusa.com/

Passfaces from ID-arts http://www.id-arts.com/

ImageWare Sofware http://www.iwsinc.com/

Eyematic Interfaces Inc. http://www.eyematic.com/

BiolD sensor fusion http://www.bioid.com

Visionsphere Technologies  http://www.visionspheretech.com/menu.htm
Biometric Systems, Inc. http://www.biometrica.com/

FaceSnap Recoder http://www.facesnap.de/htdocs/english/index2.html

Spotlt for face composite  http://spotit.itc.it/Spotlt.html

Table 2. Available commercial face recognition systems. (Some of these websites may
have changed or been removed.) [The identification of any company, commercial product,
or trade name does not imply endorsement or recommendation by the National Institute
of Standards and Technology or any of the authors or their institutions.]

A general statement of the problem of machine recognition of faces can be for-
mulated as follows: Given still or video images of a scene, identify or verify one
or more persons in the scene using a stored database of faces. Available collateral
information such as race, age, gender, facial expression, or speech may be used in
narrowing the search (enhancing recognition). The solution to the problem involves
segmentation of faces (face detection) from cluttered scenes, feature extraction from
the face regions, recognition, or verification (Fig. 1). In identification problems, the
input to the system is an unknown face, and the system reports back the determined
identity from a database of known individuals, whereas in verification problems, the
system needs to confirm or reject the claimed identity of the input face.

Face perception is an important part of the capability of human perception system
and is a routine task for humans, while building a similar computer system is still
an on-going research area. The earliest work on face recognition can be traced
back at least to the 1950’s in psychology [35] and to the 1960’s in the engineering
literature [28]. (Some of the earliest studies include work on facial expression of
emotions by Darwin [44] (see also Ekman [48]) and on facial profile based biometrics
by Galton [54]). But research on automatic machine recognition of faces really
started in the 1970’s after the seminal work of Kanade [82] and Kelly [83]. Over
the past thirty years extensive research has been conducted by psychophysicists,
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Fig. 1. Configuration of a generic face recognition system.

neuroscientists, and engineers on various aspects of face recognition by humans and
machines. Psychophysicists and neuroscientists have been concerned with issues
such as whether face perception is a dedicated process (this issue is still being
debated in the psychology community [49; 21; 56; 55]) and whether it is done
holistically or by local feature analysis.

Many of the hypotheses and theories put forward by researchers in these dis-
ciplines have been based on rather small sets of images. Nevertheless, many of
the findings have important consequences for engineers who design algorithms and
systems for machine recognition of human faces. Section 2 will present a concise
review of these findings.

Barring a few exceptions that use range data [64], the face recognition problem
has been formulated as recognizing 3D objects from 2D images !. Earlier approaches
treated 1t as a 2D pattern recognition problem. As a result, during the early and
mid-1970’s, typical pattern classification techniques, which use measured attributes
of features (e.g. the distances between important points) in faces or face profiles,
were used [28; 83; 82]. During the 1980’s, work on face recognition remained largely
dormant. Since the early 1990’s, research interest in FRT has grown significantly.
One can attribute this to several reasons: An increase in interest in commercial
opportunities; the availability of real-time hardware; and the increasing importance
of surveillance-related applications.

Over the past 15 years, research has focused on how to make face recognition sys-
tems fully automatic by tackling problems such as localization of a face in a given
image or video clip and extraction of features such as eyes, mouth, etc. Mean-
while, significant advances have been made in the design of classifiers for successful
face recognition. Among appearance-based holistic approaches, eigenfaces [84; 155]
and Fisherfaces [12; 50; 170] have proved to be effective in experiments with large

IThere have been recent advances on 3D face recognition in situations where range data acquired
through structured light can be matched reliably [31].
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databases. Feature-based graph matching approaches [162] have also been quite suc-
cessful. Compared to holistic approaches, feature-based methods are less sensitive
to variations in illumination and viewpoint and to inaccuracy in face localization.
However, the feature extraction techniques needed for this type of approach are still
not reliable or accurate enough [42]. For example, most eye localization techniques
assume some geometric and textural models and do not work if the eye is closed.
Section 3 will present a review of still-image based face recognition.

During the past five to eight years, much research has been concentrated on
video-based face recognition. The still image problem has several inherent advan-
tages and disadvantages. For applications such as drivers’ licenses, due to the con-
trolled nature of the image acquisition process, the segmentation problem is rather
easy. However, if only a static picture of an airport scene is available, automatic
location and segmentation of a face could pose serious challenges to any segmenta-
tion algorithm. On the other hand, if a video sequence is available, segmentation
of a moving person can be more easily accomplished using motion as a cue. But
the small size and low image quality of faces captured from video can significantly
increase the difficulty in recognition. Video-based face recognition is reviewed in
Section 4.

As we propose new algorithms and build more systems, measuring the perfor-
mance of new systems and of existing systems becomes very important. Systematic
data collection and evaulation of face recognition systems is reviewed in Section 5.

Recognizing a 3D object from its 2D images poses many challenges. The illumi-
nation and pose problems are two prominent issues for appearance- or image-based
approaches. Many approaches have been proposed to handle these issues, with the
majority of them exploring domain knowledge. Details of these approaches are
discussed in Section 6.

In 1995, a review paper [37] gave a thorough survey of FRT at that time. (An ear-
lier survey [136] appeared in 1992.) At that time, video-based face recognition was
still in a nascent stage. During the past eight years, face recognition has received
increased attention and has advanced technically. Many commercial systems for
still face recognition are now available. Recently, significant research efforts have
been focused on video-based face modeling/tracking, recognition, and system inte-
gration. New datasets have been created and evaluations of recognition techniques
using these databases have been carried out. It is not an overstatement to say
that face recognition has become one of the most active applications of pattern
recognition, image analysis and understanding.

In this paper we provide a critical review of current developments in face recog-
nition. This paper is organized as follows: In Section 2 we briefly review issues
that are relevant from a psychophysical point of view. Section 3 provides a detailed
review of recent developments in face recognition techniques using still images. In
Section 4 face recognition techniques based on video are reviewed. Data collection
and performance evaluation of face recognition algorithms are addressed in Section
5 with descriptions of representative protocols. In Section 6 we discuss two im-
portant problems in face recognition that can be mathematically studied, lack of
robustness to illumination and pose variations, and we review proposed methods of
overcoming these limitations. Finally, a summary and conclusions are presented in
Section 7.
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2. PSYCHOPHYSICS/NEUROSCIENCE ISSUES RELEVANT TO FACE RECOGNI-
TION

Human recognition processes utilize a broad spectrum of stimuli, obtained from
many, if not all, of the senses (visual, auditory, olfactory, tactile, etc.). In many
situations, contextual knowledge is also applied, e.g., the surroundings play an
important role in recognizing faces in relation to where they are supposed to be
located. It is futile to even attempt to develop a system using existing technology,
which will mimic the remarkable face recognition ability of humans. However, the
human brain has its limitationsin the total number of persons that it can accurately
“remember”. A key advantage of a computer system is its capacity to handle large
numbers of face images. In most applications the images are available only in the
form of single or multiple views of 2-D intensity data, so that the inputs to computer
face recognition algorithms are visual only. For this reason, the literature reviewed
in this section is restricted to studies of human visual perception of faces.

Many studies in psychology and neuroscience have direct relevance to engineers
interested in designing algorithms or systems for machine recognition of faces. For
example, findings in psychology [32; 142] about the relative importance of different
facial features have been noted in the engineering literature [50]. On the other
hand, machine systems provide tools for conducting studies in psychology and neu-
roscience [81; 69]. For example, a possible engineering explanation of the bottom
lighting effects studied in [80] is as follows: when the actual lighting direction is
opposite to the usually assumed direction, a shape-from-shading algorithm recovers
incorrect structural information and hence makes recognition of faces harder.

A detailed review of relevant studies in psychophysics and neuroscience is beyond
the scope of this paper. We only summarize findings that are potentially relevant
to the design of face recognition systems. For details the reader is referred to the
papers cited below. Issues that are of potential interest to designers are 2:

—Is face recognition a dedicated process? [49; 21; 56; 55]: Tt is tradition-
ally believed that face recognition i1s a dedicated process different from other
object recognition tasks. Evidence for the existence of a dedicated face process-
ing system comes from several sources [49]. A) Faces are more easily remem-
bered by humans than other objects when presented in an upright orientation.
B) Prosopagnosia patients are unable to recognize previously familiar faces, but
usually have no other profound agnosia. They recognize people by their voices,
hair color, dress, etc. It should be noted that prosopagnosia patients recognize
whether a given object is a face or not, but then have difficulty in identifying
the face. Seven differences between face recognition and object recognition can
be summarized [21] based on empirical evidence: 1) Configural effects (related
to the choice of different types of machine recognition systems), 2) Ezpertise, 3)
Differences er ali a le, 4) ensiti it to contrast polarit an illu ination i
rection (related to the illumination problem in machine recognition systems), 5)

etric ariation, 6) otation in ept (related to the pose variation problem in
machine recognition systems), and 7) otation in plane in erte ace. Contrary

The readers should be aware of the existence of diverse opinions on some of these issues. The
opinions given here do not necessarily represent our views.



W. Zhao, R. Chellappa, P.J. Phillips, and A. Rosenfeld

to the traditionally-held belief, some recent findings in human neuropsychology
and neuroimaging suggest that face recognition may not be unique. According
to [56], recent neuroimaging studies in humans indicate that level of categoriza-
tion and expertise interact to produce the specification for faces in the middle
fusiform gyrus . Hence it is possible that the encoding scheme used for faces
may also be employed for other classes with similar properties. (On recognition
of familiar vs. unfamiliar faces see Section 7.)

—1Is face perceptiont eres tof oisticorfeat reana sis? [32;34]: Both
holistic and feature information are crucial for the perception and recognition of
faces. Studies suggest the possibility of global descriptions serving as a front
end for finer, feature-based perception. If dominant features are present, holistic
descriptions may not be used. For example, in face recall studies, humans quickly
focus on odd features such as big ears, a crooked nose, a staring eye, etc. One
of the strongest pieces of evidence to support the view that face-recognition
involves more configural/holistic processing than other object recognition has
been the face inversion effect in which an inverted face is much harder to recognize
than a normal face (first demonstrated in [164]). An excellent example is given
in [10] using the “Thatcher illusion” [152]. In this illusion, the eyes and mouth
of an expressing face are excised and inverted, and the result looks grotesque in
an upright face; however, when shown inverted, the face looks fairly normal in
appearance, and the inversion of the internal features is not readily noticed.

— an ing of signi cance of facia feat res [32; 142]: Hair, face outline, eyes
and mouth (not necessarily in this order) have been determined to be important
for perceiving and remembering faces [142]. Several studies have shown that
the nose plays an insignificant role; this may be due to the fact that almost
all of these studies have been done using frontal images. In face recognition
using profiles (which may be important in mugshot matching applications, where
profiles can be extracted from side views), a distinctive nose shape could be more
important than the eyes or mouth [32]. Another outcome of some studies is that
both external and internal features are important in the recognition of previously
presented but otherwise unfamiliar faces, but internal features are more dominant
in the recognition of familiar faces. It has also been found that the upper part
of the face is more useful for face recognition than the lower part [142]. The role
of aesthetic attributes such as beauty, attractiveness, and/or pleasantness has
also been studied, with the conclusion that the more attractive the faces are, the
better is their recognition rate; the least attractive faces come next, followed by
the mid-range faces, in terms of ease of being recognized.

— aricat res [32; 123; 30]: A caricature can be formally defined [123] as “a
symbol that exaggerates measurements relative to any measure which varies from
one person to another”. Thus the length of a nose is a measure that varies from
person to person, and could be useful as a symbol in caricaturing someone, but
not the number of ears. A standard caricature algorithm [30] can be applied to
different qualities of image data (line drawings and photographs). Caricatures
of line drawings do not contain as much information as photographs, but they

The fusiform gyrus or occipitotemporal gyrus, located on the ventromedial surface of the temporal
and occipital lobes, is thought to be critical for face recognition.
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manage to capture the important characteristics of a face; experiments based
on non-ordinary faces comparing the usefulness of line-drawing caricatures and
unexaggerated line drawings decidedly favor the former [32].

— istincti eness [33]: Studies show that distinctive faces are better retained in
memory and are recognized better and faster than typical faces. However, if a
decision has to be made as to whether an object is a face or not, it takes longer to
recognize an atypical face than a typical face. This may be explained by different
mechanisms being used for detection and for identification.

— e roe of spatia fre enc ana sis [140; 70; 60]: Earlier studies [70;
60] concluded that information in low spatial frequency bands plays a dominant
role in face recognition. Recent studies [140] show that, depending on the spe-
cific recognition task, the low, bandpass and high-frequency components may
play different roles. For example gender classification can be successfully accom-
plished using low-frequency components only, while identification requires the
use of high-frequency components [140]. ow-frequency components contribute
to global description, while high-frequency components contribute to the finer
details needed in identification.

— 1le point in ariant recognition? [150; 20; 73]: Much work in visual object
recognition (e.g. [20]) has been cast within a theoretical framework introduced
in [102] in which different views of objects are analyzed in a way which allows
access to (largely) viewpoint-invariant descriptions. Recently, there has been
some debate about whether object recognition is viewpoint-invariant or not [150].
Some experiments suggest that memory for faces is highly viewpoint-dependent.
Generalization even from one profile viewpoint to another is poor, though gen-
eralization from one 3/4 view to the other is very good [73].

— ect of ig ting ¢ ange [80; 72; 34]: It has long been informally observed
that photographic negatives of faces are difficult to recognize. However, relatively
little work has explored why it is so difficult to recognize negative images of faces.
In [80], experiments were conducted to explore whether difficulties with negative
images and inverted images of faces arise because each of these manipulations
reverses the apparent direction of lighting, rendering a top-lit image of a face
apparently lit from below. It was demonstrated in [80] that bottom lighting does
indeed make it harder to identity familiar faces. In [72], the importance of top
lighting for face recognition was demonstrated using a different task: matching
surface images of faces to determine whether they were identical.

— o0 e ent and face recognition [34; 86]: A recent study [86] shows that
famous faces are easier to recognize when shown in moving sequences than in
still photographs. This observation has been extended to show that movement
helps in the recognition of familiar faces shown under a range of different types
of degradations — negated, inverted, or thresholded [34]. Even more interesting
[118] is the observation that there seems to be a benefit due to movement even
if the information content is equated in the moving and static comparison condi-
tions. However, experiments with unfamiliar faces suggest no additional benefit
from viewing animated rather than static sequences.

— acia e pressions [32]: Based on neurophysiological studies, it seems that
analysis of facial expressions is accomplished in parallel to face recognition. Some
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prosopagnosic patients, who have difficulties in identifying familiar faces, never-
theless seem to recognize expressions due to emotions. Patients who suffer from
“organic brain syndrome” suffer from poor expression analysis but perform face
recognition quite well . Similarly, separation of face recognition and “focused vi-
sual processing” tasks (look for someone with a thick mustache) has been claimed.

. FACE RECOGNITION FROM STILL IMAGES

As illustrated in Fig. 1, the problem of automatic face recognition involves three
key steps/subtasks: 1) detection and rough normalization of faces, 2) feature ex-
traction and accurate normalization of faces, 3) identification and/or verification.
Sometimes, different subtasks are not totally separated. For example, the facial fea-
tures (eyes, nose, mouth) used for face recognition are often used in face detection.
Face detection and feature extraction can be achieved simultaneously as indicated
in Fig. 1. Depending on the nature of the application, e.g. the sizes of the training
and testing databases, clutter and variability of the background, noise, occlusion,
and speed requirements, some of the subtasks can be very challenging.

Though fully automatic face recognition systems must perform all three subtasks,
research on each subtask is critical. This is not only because the techniques used
for the individual subtasks need to be improved, but also because they are criti-
cal in many different applications (Fig. 1). For example, face detection is needed
to initialize face tracking, and extraction of facial features is needed for recog-
nizing human emotion, which is in turn essential in human-computer interaction
(HCI) systems. TIsolating the subtasks makes it easier to assess and advance the
state of the art of the component techniques. Earlier face detection techniques
could only handle single or a few well-separated frontal faces in images with simple
backgrounds, while state-of-the-art algorithms can detect faces and their poses in
cluttered backgrounds [71; 159; 65; 139]. Extensive research on the subtasks has
been carried out and relevant surveys have appeared on, for example, the subtask
of face detection [74; 163].

In this section we survey the state of the art of face recognition in the engineering
literature. For the sake of completeness, in Section 3.1 we provide a highlighted
summary of research on face segmentation/detection and feature extraction. Sec-
tion 3.2 contains detailed reviews of recent work on intensity image based face
recognition and categorizes methods of recognition from intensity images. Section
3.3 summarizes the status of face recognition and discusses open research issues.

.1 ey Steps Prior to Recognition Face Detection and Feature E traction

The first step in any automatic face recognition systems is the detection of faces
in images. Here we only provide a summary on this topic and highlight a few very
recent methods. After a face has been detected, the task of feature extraction is to
obtain features that are fed into a face classification system. Depending on the type
of classification system, features can be local features such as lines or fiducial points,
or facial features such as eyes, nose, and mouth. Face detection may also employ
features, in which case features are extracted simultaneously with face detection.

From a machine recognition point of view, dramatic facial expressions may affect face recognition
performance if only one photograph is available.
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Feature extraction is also a key to animation and recognition of facial expressions.

Without considering feature locations, face detection is declared as successful if
the presence and rough location of a face has been correctly identified. However,
without accurate face and feature location, noticeable degradation in recognition
performance is observed [103; 167]. The close relationship between feature extrac-
tion and face recognition motivates us to review a few feature extraction methods
that are used in the recognition approaches to be reviewed in Section 3.2. Hence,
this section also serves as an introduction to the next section.

3.1.1 eg entation Detection u  ar p to the mid-1990’s, most work on
segmentation was focused on single-face segmentation from a simple or complex
background. These approaches included using a whole-face template, a deformable
feature-based template, skin color, and a neural network.

Significant advances have been made in recent years in achieving automatic
face detection under various conditions. Compared to feature-based methods and
template-matching methods, appearance- or image-based methods [147; 132] that
train machine systems on large numbers of samples have achieved the best results.
This may not be surprising since face objects are complicated, very similar to each
other, and different from non-face objects. Through extensive training, computers
can be quite good at detecting faces.

More recently, detection of faces under rotation in depth has been studied. One
approach is based on training on multiple-view samples [65; 139]. Compared to
invariant-feature based methods [162], multi-view based methods of face detection
and recognition seem to be able to achieve better results when the angle of out-of-
plane rotation is large (35 ). In the psychology community, a similar debate exists
on whether face recognition is viewpoint-invariant or not. Studies in both disciplines
seem to support the idea that for small angles, face perception is view-independent,
while for large angles, it is view-dependent.

In a detection problem, two statistics are important: true positives (also referred
to as detection rate) and false positives (reported detections in non-face regions).
An ideal system would have very high true positive and very low false positive
rates. In practice, these two requirements are conflicting. Treating face detection
as a two-class classification problem helps to reduce false positives dramatically [147;
132] while maintaining true positives. This is achieved by re-training systems with
false-positive samples that are generated by previously trained systems.

3.1.2 eature Extraction u ar an et 0 s

3.1.2.1 u  ar The importance of facial features for face recognition cannot
be overstated. Many face recognition systems need facial features in addition to
the holistic face, as suggested by studies in psychology. It is well known that even
holistic matching methods, e.g., eigenfaces [155] and Fisherfaces [12], need accurate
locations of key facial features such as eyes, nose and mouth to normalize the
detected face [103; 163].

Three types of feature extraction methods can be distinguished: 1) generic meth-
ods based on edges, lines, and curves; 2) feature-template-based methods that are
used to detect facial features such as eyes; 3) structural matching methods that
take into consideration geometrical constraints on the features. Early approaches
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Fig. 2. Multiresolution search from a displaced position using a face model (Courtesy of

T. Cootes, K. Walker, and C. Taylor.)

focused on individual features; for example, a template-based approach is described
in [67] to detect and recognize the human eye in a frontal face. These meth-
ods have difficulty when the appearances of the features change significantly, e.g.,
closed eyes, eyes with glasses, open mouth. To detect the features more reliably,
recent approaches use structural matching methods, for example, the Active Shape
Model [40]. Compared to earlier methods, these recent statistical methods are much
more robust in terms of handling variations in image intensity and feature shape.

An even more challenging situation for feature extraction is feature “restoration”,
which tries to recover features that are invisible due to large variations in head pose.
The best solution here might be to hallucinate the missing features either by using
the bi-lateral symmetry of the face or using learned information. For example, a
view-based statistical method claimes to be able to handle even profile views in
which many local features are invisible [41].

3.1.22 et o s A template-based approach to detecting the eyes and mouth in
real images is presented in [165]. This method is based on matching a pre-defined
parameterized template to an image that contains a face region. Two templates are
used for matching the eyes and mouth respectively. An energy function is defined
that links edges, peaks and valleys in the image intensity to the corresponding prop-
erties in the template, and this energy function is minimized by iteratively changing
the parameters of the template to fit the image. Compared to this model, which
is manually designed, the statistical shape model (Active Shape Model, ASM) pro-
posed in [40] offers more flexibility and robustness. The advantages of using the
so-called “analysis through synthesis” approach come from the fact that the solution
is constraine by a ezt le statistical model. To account for texture variation, the
ASM model has been expanded to statistical appearance models including a Flex-
ible Appearance Model (FAM) [90] and an Active Appearance Model (AAM) [39].
In [39], the proposed AAM combined a model of shape variation (i.e. ASM) with
a model of the appearance variation of shape-normalized (shape-free) textures. A
training set of 400 images of faces, each manually labeled with 68 landmark points,
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and approximately 10,000 intensity values sampled from facial regions were used.
The shape model (mean shape, orthogonal mapping matrix and projection vec-
tor ) is generated by representing each set of landmarks as a vector and applying
Principal Component Analysis (PCA) to the data. Then, after each sample image
is warped so that its landmarks match the mean shape, texture information can
be sampled from this shape-free face patch. Applying PCA to this data leads to
a shape-free texture model (mean texture, and ). To explore the correlation
between the shape and texture variations, a third PCA is applied to the concate-
nated vectors ( and ) to obtain the combined model in which one vector ¢
of appearance parameters controls both the shape and texture of the model. To
match a given image and the model, an optimal vector of parameters (displacement
parameters between the face region and the model, parameters for linear intensity
adjustment, and the appearance parameters c¢) are searched by minimizing the
difference between the synthetic image and the given one. After matching, a best-
fitting model is constructed that gives the locations of all the facial features and
can be used to reconstruct the original images. Figure 2 illustrates the optimiza-
tion/search procedure for fitting the model to the image. To speed up the search
procedure, an efficient method is proposed that exploits the similarities among op-
timizations. This allows the direct method to find and apply directions of rapid
convergence which are learned off-line.

.2 Recognition from intensity images

Many methods of face recognition have been proposed during the past 30 years.
Face recognition is such a challenging yet interesting problem that it has attracted
researchers who have different backgrounds: psychology, pattern recognition, neural
networks, computer vision, and computer graphics. It is due to this fact that the
literature on face recognition is vast and diverse. Often, a single system involves
techniques motivated by different principles. The usage of a mixture of techniques
makes 1t difficult to classify these systems based purely on what types of techniques
they use for feature representation or classification. To have a clear and high-level
categorization, we instead follow a guideline suggested by the psychological study
of how humans use holistic and local features. Specifically, we have the following
categorization,

(1) oistic atc ing et ods These methods use the whole face region as
the raw input to a recognition system. One of the most widely used representa-
tions of the face region is eigenpictures [144; 84], which are based on principal
component analysis.

(2) eat re ased str ct ra atc ing et ods Typically, in these meth-
ods, local features such as the eyes, nose, and mouth are first extracted and
their locations and local statistics (geometric and/or appearance) are fed into
a structural classifier.

(3) rid et ods ust as the human perception system uses both local fea-
tures and the whole face region to recognize a face, a machine recognition
system should use both. One can argue that these methods could potentially
offer the best of the two types of methods.
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Approach Representative Work

olistic et o s

Eigenfaces Direct application of PCA [ ]
Probabilistic Eigenfaces Two-class problem with prob. measure [ ]
Fisherfaces/Subspace LDA FLD on eigenspace [ 2 ]

SVM Two-class problem based on SVM [ 2 ]
Evolution Pursuit Enhanced GA learning [ ]

Feature Lines Point-to-line distance based [ ]

ICA ICA-based feature analysis [ ]

LDA/FLD FLD/LDA on raw image [ ]

PDBNN Probabilistic decision based NN [ ]
eat re ase et o s

Pure geometry methods Earlier methods [ 2] recent methods | 2]
Dynamic Link Architecture Graph matching methods [ 2 ]

Hidden Markov Model HMM methods [ ]

Convolution Neural Network S M learning based CNN methods [ ]

ri et o s

Modular Figenfaces Eigenfaces and eigenmodules [ 22]

Hybrid LFA Local feature method [ 2 ]

Shape-normali ed Flexible appearance models [ ]
Component-based Face region and components [ ]

Table 3. Categori ation of still face recognition techni ues.

Within each of these categories, further classification is possible. sing principal
component analysis (PCA), many face recognition techniques have been developed:
eigenfaces [155], which use a nearest neighbor classifier; feature-line based methods,
which replace the point-to-point distance with the distance between a point and
the feature line linking two stored sample points [93]; Fisherfaces [148; 12; 170;
99], which use inear/Fisher Discriminant Analysis (F D/ DA) [51]; Bayesian
methods, which use a probabilistic distance metric [113]; and SVM methods, which
use a support vector machine as the classifier [125].  tilizing higher-order statistics,
Independent Component Analysis (ICA) is argued to have more representative
power than PCA, and hence may provide better recognition performance than
PCA [9]. Being able to offer potentially greater generalization through learning,
neural networks/learning methods have also been applied to face recognition. One
example is the Probabilistic Decision-Based Neural Network (PDBNN) method [96]
and the other is the evolution pursuit (EP) method [97].

Most earlier methods belong to the category of structural matching methods,
using the width of the head, the distances between the eyes and from the eyes to the
mouth, etc. [83], or the distances and angles between eye corners, mouth extrema,
nostrils, and chin top [82]. More recently, a mixture-distance based approach using
manually extracted distances was reported [42]. Without finding the exact locations
of facial features, Hidden Markov Model (HMM) based methods use strips of pixels
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that cover the forehead, eye, nose, mouth, and chin [138; 137; 116]. [116] reported
better performance than [137] by using the K projection coefficients instead of
the strips of raw pixels. One of the most successful systems in this category is the
graph matching system [162; 117] which is based on the Dynamic ink Architecture
(D A)[36;89]. sing an unsupervised learning method based on a Self Organizing
Map (SOM), a system based on a convolutional neural network (CNN) has been
developed [91].

In the hybrid method category, we will briefly review the modular eigenface
method [122], a hybrid representation based on PCA and ocal Feature Analysis
( FA) [121], a flexible appearance model based method [90], and a recent develop-
ment [76] along this direction. In [122], the use of hybrid features by combining
eigenfaces and other eigenmodules is explored: eigeneyes, eigenmouth, and eigen-
nose. Though experiments show slight improvements over holistic eigenfaces or
eigenmodules based on structural matching, we believe that these types of methods
are important and deserve further investigation. Perhaps many relevant problems
need to be solved before fruitful results can be expected, e.g., how to optimally
arbitrate the use of holistic and local features.

Many types of systems have been successfully applied to the task of face recog-
nition, but they all have some advantages and disadvantages. Appropriate schemes
should be chosen based on the specific requirements of a given task. Most of the
systems reviewed here focus on the subtask of recognition, but others also include
automatic face detection and feature extraction, making them fully automatic sys-

tems [113; 162; 96].
3.2.1 olistic pproac es

3.2.1.1 rincipal Co ponent nal sis Starting from the successful low-dimensional

reconstruction of faces using K or PCA projections [144; 84], eigenpictures have
been one of the major driving forces behind face representation, detection, and
recognition. It is well known that there exist significant statistical redundancies

in natural images [134]. For a limited class of objects such as face images that
are normalized with respect to scale, translation, and rotation, the redundancy 1s
even greater [121; 167]. One of the best global compact representations is K /PCA,
which decorrelates the outputs. More specifically, sample vectors  can be expressed

as linear combinations of the orthogonal basis 1 1
(typically ) by solving the eigenproblem

(1)
where  1s the covariance matrix for input
An advantage of using such representations is their reduced sensitivity to noise.
Some of this noise may be due to small occlusions, as long as the topological struc-
ture does not change. For example, good performance under blurring, partial occlu-
sion, and changes in background has been demonstrated in many eigenpicture-based
systems, as illustrated in Fig. 3. This should not come as a surprise, since the PCA
reconstructed images are much better than the original distorted images in terms
of their global appearance (Fig. 4).
For better approximation of face images outside the training set, using an ex-
tended training set that adds mirror-imaged faces was shown to achieve lower ap-
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Fig. 3. Electronically modified images which were correctly identified

Fig. 4. Reconstructed images using PCA pro ection coe cients for electronically mod-

ified images (Fig. ) [ ]

proximation error [84]. sing such an extended training set, the eigenpictures are
either symmetric or anti-symmetric, with the most leading eigenpictures typically
being symmetric.

The first really successful demonstration of machine recognition of faces was
made in [155] using eigenpictures (also known as eigenfaces) for face detection and
identification. Given the eigenfaces, every face in the database can be represented as
a vector of weights; the weights are obtained by projecting the image into eigenface
components by a simple inner product operation. When a new test image whose
identification is required is given, the new image 1s also represented by its vector
of weights. The identification of the test image is done by locating the image in
the database whose weights are the closest to the weights of the test image. By
using the observation that the projection of a face image and a non-face image are
usually different, a method of detecting the presence of a face in a given image is
obtained. The method was demonstrated using a database of 2500 face images of
sixteen subjects, in all combinations of three head orientations, three head sizes,
and three lighting conditions.

sing a probabilistic measure of similarity, instead of the simple Euclidean dis-
tance used with eigenfaces [155], the standard eigenface approach was extended [113]
to a Bayesian approach. Practically, the major drawback of a Bayesian method is
the need to estimate probability distributions in a high-dimensional space from
very limited numbers of training samples per class. To avoid this problem, a much
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(c)

Fig. 5. Comparison of dual eigenfaces and standard eigenfaces: (a) Intrapersonal, (b)

Extrapersonal, (c) Standard [ ]. (Courtesy of B. Moghaddam and A. Pentland.)

simpler two-class problem was created from the multi-class problem by using a
similarity measure based on a Bayesian analysis of image differences. Two mu-
tually exclusive classes were defined: , representing intrapersonal variations be-
tween multiple images of the same individual, and , representing ezirapersonal
variations due to differences in identity. Assuming that both classes are Gaus-
sian distributed, likelihood functions ( )and ) were estimated for a
given intensity difference 1 2. Given these likelihood functions and using
the MAP rule, two face images are determined to belong to the same individual
if ) ( ). A large performance improvement of this probabilistic
matching technique over standard nearest-neighbor eigenspace matching was re-
ported using large face datasets including the FERET database [127]. In [113], an
efficient technique of probability density estimation was proposed by decomposing
the input space into two mutually exclusive subspaces: the principal subspace and
its orthogonal subspace  (a similar idea was explored in [147]). Covariances only
in the principal subspace are estimated for use in the Mahalanobis distance [53].
Experimental results have been reported using different subspace dimensionalities

and for and . For example, 10 and 30 were used for
internal tests, while 125 were used for the FERET test. In Fig. 5, the
so-called dual eigenfaces separately trained on samples from and are plot-

ted along with the standard eigenfaces. While the extrapersonal eigenfaces appear
more similar to the standard eigenfaces than the intrapersonal ones; the intraper-
sonal eigenfaces represent subtle variations due mostly to expression and lighting,
suggesting that they are more critical for identification [113].

Face recognition systems using DA/F D have also been very successful [148;
12; 50; 170; 171]. DA training is carried out via scatter matrix analysis [53].
For an  -class problem, the within- and between-class scatter matrices are
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Fig. 6. Di erent pro ection bases constructed from a set of individuals, where the set
is augumented via adding noise and mirroring. The first row shows the first five pure LDA
basis images the second row shows the first five subspace LDA basis images the
average face and first four eigenfaces are shown on the third row [ ].

computed as follows:

where () is the prior class probability, and is usually replaced by 1 in
practice with the assumption of equal priors. Here is the
, showing the average scatter of the sample vectors  of different classes
around their respective means () )W () ) ].
Similarly, is the , representing the scatter of the
conditional mean vectors around the overall mean vector . A commonly
used measure for quantifying discriminatory power is the ratio of the determinant
of the between-class scatter matrix of the projected samples to the determinant of
the within-class scatter matrix: () . The optimal projec-
tion matrix which maximizes ( ) can be obtained by solving a generalized
eigenvalue problem:

(3)
It is helpful to make comparisons among the so-called (linear) projection al-
gorithms. Here we illustrate the comparison between eigenfaces and Fisherfaces.

Similar comparisons can be made for other methods, e.g., ICA projection methods.
In all these projection algorithms, classification is performed by 1) projecting the

These are also conditional covariance matrices; the total covariance used to compute the PCA

O

projection is
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input  into a subspace via a projection/basis matrix

; (4)
2) comparing the projection coefficient vector —of the input to all the pre-stored
projection vectors of labeled classes to determine the input class label. The vec-
tor comparison varies in different implementations and can influence the system’s
performance dramatically [114]. For example, PCA algorithms can use either the
angle or the Euclidean distance (weighted or unweighted) between two projection
vectors. For DA algorithms, the distance can be unweighted or weighted.

In [148], discriminant analysis of eigenfeatures is applied in an image retrieval
system to determine not only class (human face vs. non-face objects) but also
individuals within the face class. sing tree-structure learning, the eigenspace and

DA projections are recursively applied to smaller and smaller sets of samples.
Such recursive partitioning is carried out for every node until the samples assigned
to the node belong to a single class. Experiments on this approach were reported
in [149]. A set of 800 images was used for training; the training set came from 42
classes, of which human faces belong to a single class. Within the single face class,
356 individuals were included and distinguished. Testing results on images not in
the training set were 91 for 78 face images and 87 for 38 non-face images based
on the top choice.

A comparative performance analysis was carried out in [12]. Four methods were
compared in this paper: 1) a correlation-based method, 2) a variant of the linear
subspace method suggested in [141], 3) an eigenface method [155], and 4) a Fisher-
face method which uses subspace projection prior to DA projection to avoid the
possible singularity in as in [148]. Experiments were performed on a database
of 500 images created by Hallinan [68] and a database of 176 images created at

ale. The results of the experiments showed that the Fisherface method performed
significantly better than the other three methods. However, no claim was made
about the relative performance of these algorithms on larger databases.

To improve the performance of DA-based systems, a regularized subspace DA
system that unifies PCA and DA was proposed in [170; 167]. Good generalization
ability of this system was demonstrated by experiments that carried out testing on
new classes/individuals without retraining the PCA bases |, and sometimes the

DA bases . While the reason for not retraining PCA is obvious, it is interesting
to test the adaptive capability of the system by fixing the DA bases when images
from new classes are added . The fixed PCA subspace of dimensionality 300 was
trained from a large number of samples. An augmented set of 4056 mostly frontal-
view images constructed from the original 1078 FERET images of 444 individuals
by adding noise and mirroring was used in [170]. At least one of the following
three characteristics separates this system from other DA-based systems: 1) the
unique selection of the universal face subspace dimension, 2) the use of a weighted
distance measure, and 3) a regularized procedure that modifies the within-class

P is  for eigenfaces, for Fisherfaces with pure LDA projection, and for Fisherfaces
with sequential PCA and LDA projections; these three bases are shown for visual comparison in
Fig. 6

This makes sense because the final classification is carried out in the projection space by
comparison with pre-stored projection vectors.
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scatter matrix . The authors selected the dimensionality of the universal face
subspace based on the characteristics of the eigenvectors (face-like or not) instead
of the eigenvalues [170], as is commonly done. ater it was concluded in [120] that
the global face subspace dimensionality is on the order of 400 for large databases
of 5,000 images. A weighted distance metric in the projection space was used to
improve performance [167] . Finally, the DA training is regularized by modifying
the matrix to , where is a relatively small positive number. Doing
this solves a numerical problem when is close to being singular. In the extreme
case where only one sample per class is available, this regularization transforms the

DA problem into a standard PCA problem with being the covariance matrix

. Applying this approach, without retraining the DA basis, to a testing/probe
set of 46 individuals of which 24 were trained and 22 were not trained (a total
of 115 images including 19 un-trained images of non-frontal views) the authors
reported the following performance based on a front-view only gallery database of
738 images: 85.2 for all images and 95.1 for frontal views.

An Evolution Pursuit (EP) based adaptive representation and its application to
face recognition were presented in [97]. In analogy to projection pursuit methods,
EP seeks to learn an optimal basis for the dual purpose of data compression and
pattern classification. In order to increase the generalization ability of EP, a balance
is sought between minimizing the empirical risk encountered during training and
narrowing the confidence interval for reducing the guaranteed risk during future
testing on unseen data [157]. Toward that end, EP implements strategies charac-
teristic of genetic algorithms (GAs) for searching the space of possible solutions to
determine the optimal basis. EP starts by projecting the original data into a lower-
dimensional whitened PCA space. Directed random rotations of the basis vectors
in this space are then searched by GAs where evolution is driven by a fitness func-
tion defined in terms of performance accuracy (empirical risk) and class separation
(confidence interval). The feasibility of this method has been demonstrated for
face recognition, where the large number of possible bases requires a greedy search
algorithm. The particular face recognition task involves 1,107 FERET frontal face
images of 369 subjects; there were three frontal images for each subject, two for
training and the remaining one for testing. The authors reported improved face
recognition performance as compared to eigenfaces [155], and better generalization
capability than Fisherfaces [12].

Based on the argument that for tasks such as face recognition much of the im-
portant information is contained in high-order statistics, it has been proposed [9] to
use ICA to extract features for face recognition. Independent component analysis is
a generalization of principal component analysis, which decorrelates the high-order
moments of the input in addition to the second-order moments. Two architectures
are proposed for face recognition (Fig. 7); the first is used to find a set of statisti-
cally independent source images that can be viewed as independent image features
for a given set of training images [14], and the second is used to find image filters
that produce statistically independent outputs (a factorial code method) [15]. In
both architectures, PCA is used first to reduce the dimensionality of the original

Weighted metrics have also been used in the pure LDA approach [50] and the so-called enhanced
FLD (EFM) approach [98].
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Fig. 7. Two architectures for performing ICA on images. Left: Architecture for finding
statistically independent basis images. Performing source separation on the face images
produces independent images in the rows of . Right: Architecture for finding a factorial
code. Performing source separation on the pixels produces a factorial code in the columns
of the output matrix [ ]. (Courtesy of M. Bartlett, H. Lades, and T. Se nowski.)

(a)

Fig. 8. Comparison of basis images using two architectures for performing ICA: (a) 2

AL ] )

(

b)

independent components of Architecture I, (b) 2 independent components of Architecture

II [ ]. (Courtesy of M. Bartlett, H. Lades, and T. Se nowski.)

image size (60 50). ICA is performed on the first 200 eigenvectors in the first
architecture, and is carried out on the first 200 PCA projection coefficients in the
second architecture. The authors report performance improvement of both archi-
tectures over eigenfaces in the following scenario: A FERET subset consisting of
425 individuals was used; all the frontal views (one per class) were used for training
and the remaining (up to three) frontal views for testing. Basis images of the two
architectures are shown in Fig. 8 along with the corresponding eigenfaces.

3.2.1.2 t er epresentations In addition to the popular PCA representation
and its derivatives such as ICA and EP, other features have also been used, such
as raw intensities and edges.
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Fig. 9. Structure of the PDBNN face recogni er. Each class subnet is designed to recog-
ni e one person. All the network weightings are in probabilistic format [ ]. (Courtesy of

S. Lin, S. Kung, and L. Lin.)

A fully automatic face detection/recognition system based on a neural network
is reported in [96]. The proposed system is based on a probabilistic decision-based
neural network (PDBNN, an extended (DBNN) [88]) which consists of three mod-
ules: a face detector, an eye localizer, and a face recognizer. nlike most methods,
the facial regions contain the eyebrows, eyes, and nose, but not the mouth . The
rationale of using only the upper face is to build a robust system that excludes the
influence of facial variations due to expressions that cause motion around the mouth.
To improve robustness, the segmented facial region images are first processed to
produce two features at a reduced resolution of 14  10: normalized intensity fea-
tures and edge features, both in the range [0 1]. These features are fed into two
PDBNNSs and the final recognition result is the fusion of the outputs of these two
PDBNNs. A unique characteristic of PDBNNs and DBNNs is their modular struc-
ture. That is, for each class/person to be recognized, PDBNN/DBNN devotes one
of its subnets to the representation of that particular person, as illustrated in Fig. 9.
Such a one-class-in-one-network (OCON) structure has certain advantages over the
all-classes-in-one-network (ACON) structure that is adopted by the conventional
multi-layer perceptron (M P). In the ACON structure, all classes are lumped into
one super-network, so large numbers of hidden units are needed and convergence

Such a representation was also used in [84]
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(a) Elastic Graph Representation (b) Bunch Graph

Fig. 10. The bunch graph representation of faces used in elastic graph matching [ 2].
(Courtesy of L. Wiskott, .-M. Fellous, and C. von der Malsburg.)

is slow. On the other hand, the OCON structure consists of subnets that consist
of small numbers of hidden units; hence it not only converges faster but also has
better generalization capability. Compared to most multi-class recognition systems
that use a discrimination function between any two classes, PDBNN has a lower
false acceptance/rejection rate because it uses the full density description for each
class. In addition, this architecture is beneficial for hardware implementation such
as distributed computing. However, it is not clear how to accurately estimate the
full density functions for the classes when there are only limited numbers of sam-
ples. Further, the system could have problems when the number of classes grows
exponentially.

3.2.2 eature ase tructural aic ing pproac es Many methodsin the struc-
tural matching category have been proposed, including many early methods based
on geometry of local features [83; 82] as well as 1D [138] and pseudo-2D [137] HMM
methods. One of the most successful of these systems is the Elastic Bunch Graph
Matching (EBGM) system [162; 117], which is based on D A [36; 89]. Wavelets,
especially Gabor wavelets, play a building block role for facial representation in
these graph matching methods. A typical local feature representation consists of
wavelet coefficients for different scales and rotations based on fixed wavelet bases
(called jets” in [117]). These locally estimated wavelet coefficients are robust to
illumination change, translation, distortion, rotation, and scaling.

The basic 2-D Gabor function and its Fourier transform are

( = ) exp( [*27 227 2| ) (5)
() exp( 2% % X )*)
where and represent the spatial widths of the Gaussian and ( ) is the

frequency of the complex sinusoid.

D As attempt to solve some of the conceptual problems of conventional artificial
neural networks, the most prominent of these being the representation of syntactical
relationships in neural networks. D As use synaptic plasticity and are able to form
sets of neurons grouped into structured graphs while maintaining the advantages
of neural systems. Both [36] and [89] use Gabor-based wavelets (Fig. 10(a)) as
the features. As described in [89] D A’s basic mechanism, in addition to the
connection parameter betweeen two neurons (, ), is a dynamic variable
Only the -variables play the roles of synaptic weights for signal transmission. The
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(c)

Fig.11. Comparison of matching: (a) Test views, (b) Eigenface matches, (c) Eigenfeature
matches [ 22].

-parameters merely act to constrain the -variables, e.g. 0 The
-parameters can be changed slowly by long-term synaptic plasticity. The Welghts
are subject to rapid modification and are controlled by the signal correlations
between neurons and . Negative signal correlations lead to a decrease and positive
signal correlations lead to an increase in . In the absence of any correlation,
slowly returns to a resting state, a fixed fraction of . Each stored image is formed
by picking a rectangular grid of points as graph nodes. The grid is appropriately
positioned over the image and is stored with each grid point’s locally determined
jet (Fig. 10(a)), and serves to represent the pattern classes. Recognition of a new
image takes place by transforming the image into the grid of jets, and matching all
stored model graphs to the image. Conformation of the D A is done by establishing
and dynamically modifying links between vertices in the model domain.

The D A architecture was recently extended to Elastic Bunch Graph Match-
ing [162] (Fig. 10). This is similar to the graph described above, but instead of
attaching only a single jet to each node, the authors attach a set of jets (called the
bunch graph representation, Fig. 10(b)), each derived from a different face image.
To handle the pose variation problem, the pose of the face is first determined using
prior class information [87], and the jet’ transformations under pose variation are
learned [105]. Systems based on the EBGM approach have been applied to face de-
tection, feature finding, pose estimation, gender classification, sketch image based
recognition, and general object recognition. The success of the EBGM system may
be due to its resemblance to the human visual system [21].

3.2.3 ri  pproac es Hybrid approaches use both holistic and local features.
For example, the modular eigenfaces approach [122] uses both global eigenfaces and
local eigenfeatures.

In [122] the capabilities of the earlier system [155] were extended in several di-



Face Recognition: A Literature Survey . 25

Marked grids

(a) (b) (c) (d) (e)

Fig. 12. LFA kernels ( ) at di erent grids [ 2 ].

rections. In mugshot applications, usually a frontal and a side view of a person
are available; in some other applications, more than two views may be appropri-
ate. One can take two approaches to handling images from multiple views. The
first approach pools all the images and constructs a set of eigenfaces that represent
all the images from all the views. The other approach uses separate eigenspaces
for different views, so that the collection of images taken from each view has its
own eigenspace. The second approach, known as view-based eigenspaces, performs
better.

The concept of eigenfaces can be extended to eigenfeatures, such as eigeneyes,
eigenmouth, etc.  sing a limited set of images (45 persons, two views per person,
with different facial expressions such as neutral vs. smiling), recognition perfor-
mance as a function of the number of eigenvectors was measured for eigenfaces
only and for the combined representation. For lower-order spaces, the eigenfea-
tures performed better than the eigenfaces [122]; when the combined set was used,
only marginal improvement was obtained. These experiments support the claim
that feature-based mechanisms may be useful when gross variations are present in
the input images (Fig. 11).

It has been argued that practical systems should use a hybrid of PCA and FA
(Appendix B in [121]). Such view has been long held in the psychology commu-
nity [32]. Tt seems to be better to estimate eigenmodes/eigenfaces that have large
eigenvalues (and so are more robust against noise), while for estimating higher-order
eigenmodes it is better to use FA. To support this point, it is argued in [121] that
the leading eigenpictures are global, integrating, or smoothing filters that are effi-
cient in suppressing noise; while the higher-order modes are ripply or differentiating
filters that are likely to amplify noise.

FA is an interesting biologically inspired feature analysis method [121]. Tts
biological motivation comes from the fact that though a huge array of receptors
(more than six million cones) exist in the human retina, only a small fraction
of them are active, corresponding to natural objects/signals that are statistically
redundant [134]. From the activity of these sparsely distributed receptors, the brain
has to discover where and what objects are in the field of view and recover their
attributes. Consequently, one expects to represent the natural objects/signals in
a subspace of lower dimensionality by finding a suitable parameterization. For a
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Fig. 13. The face recognition scheme based on exible appearance model [ ]. (Courtesy

of A. Lanitis, C. Taylor, and T. Cootes.)

limited class of objects such as faces which are correctly aligned and scaled, this
suggests that even lower dimensionality can be expected [121]. One good example
is the successful use of the truncated PCA expansion to approximate the frontal
face images in a linear subspace [84; 144].

Going a step further, the whole face region stimulates a full 2D array of receptors,
each of which corresponds to a location in the face, but some of these receptors may
be inactive. To explore this redundancy, FA is used to extract topographic local
features from the global PCA modes. nlike PCA kernels which contain no
topographic information (their supports extend over the entire grid of images), FA
kernels (Fig.12) ( ) at selected grids  have local support. ! The search for
the best topographic set of sparsely-distributed grids based on reconstruction
error is called sparsification and is described in [121]. Two interesting points are
demonstrated in this paper: 1) using the same number of kernels, the perceptual
reconstruction quality of FA based on the optimal set of grids is better than that
of PCA; the mean square error is 227, and 184 for a particular input; 2) keeping
the second PCA eigenmodel in  FA reconstruction reduces the mean square error
to 152, suggesting the hybrid use of PCA and FA. No results on recognition
performance based on FA were reported. FA is claimed to be used in Visionics’s
commercial system Facelt (Table 2).

A flexible appearance model based method for automatic face recognition was
presented in [90]. To identify a face, both shape and gray-level information are
modeled and used. The shape model is an ASM; these are statistical models of the
shapes of objects which iteratively deform to fit to an example of the shape in a
new image. The statistical shape model is trained on example images using PCA|
where the variables are the coordinates of the shape model points. For the purpose
of classification, the shape variations due to inter-class variation are separated from

! These kernels (Fig. 12) indexed by grids  are similar to the ICA kernels in the first ICA system
architecture [9; 14].
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those due to within-class variations (such as small variations in 3D orientation and
facial expression) using discriminant analysis. Based on the average shape of the
shape model, a global shape-free gray-level model can be constructed, again using
PCA!. To further enhance the robustness of the system against changes in local
appearance such as occlusions, local gray-level models are also built on the shape
model points. Simple local profiles perpendicular to the shape boundary are used.
Finally, for an input image, all three types of information, including extracted shape
parameters, shape-free image parameters, and local profiles, are used to compute a
Mahalanobis distance for classification as illustrated in Fig. 13. Based on training
10 and testing 13 images for each of 30 individuals, the classification rate was 92
for the ten normal testing images and 48 for the three difficult images.

The last method [76] that we review in this category is based on recent advances
in component-based detection/recognition [71] and 3D morphable models [26]. The
basic idea of component-based methods [71] is to decompose a face into a set of
facial components such as mouth and eyes that are interconntected by a flexible geo-
metrical model. (Notice how this method is similar to the EBGM system [162; 117]
except that gray-scale components are used instead of Gabor wavelets.) The moti-
vation for using components is that changes in head pose mainly lead to changes in
the positions of facial components which could be accounted for by the flexibility of
the geometric model. However, a major drawback of the system is that it needs a
large number of training images taken from different viewpoints and under different
lighting conditions. To overcome this problem, the 3D morphable face model [26]
is applied to generate arbitrary synthetic images under varying pose and illumina-
tion. Only three face images (frontal, semi-profile, profile) of a person are needed
to compute the 3D face model. Once the 3D model is constructed, synthetic images
of size 58 58 are generated for training both the detector and the classifer. Specif-
ically, the faces were rotated in depth from 0 to 34 in 2 increments and rendered
with two illumination models (the first model consists of ambient light alone and
the second includes ambient light and a rotating point light source) at each pose.
Fourteen facial components were used for face detection, but only nine components
that were not strongly overlapped and contained gray-scale structures were used
for classification. In addition, the face region was added to the nine components to
form a single feature vector (a hybrid method), which was later trained by a SVM
classifer [157]. Training on three images and testing on 200 images per subject
led to the following recognition rates on a set of six subjects: 90 for the hybrid
method and roughly 10 for the global method that used the face region only; the
false positive rate was 10

Summary and Discussion

Face recognition based on still images or captured frames in a video stream can be
viewed as 2D image matching and recognition; range images are not available in
most commercial/law enforcement applications. Face recognition based on other
sensing modalities such as sketches and infra-red images is also possible. Even
though this is an over-simplification of the actual recognition problem of 3D objects
based on 2D images, we have focused on this 2D problem, and we will address two

11 Recall that in [43; 113] these shape-free images are used as the inputs to the classifier.
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important issues about 2D recognition of 3D face objects in Section 6. Significant
progress has been achieved on various aspects of face recognition: segmentation,
feature extraction, and recognition of faces in intensity images. Recently, progress
has also been made on constructing fully automatic systems that integrate all these
techniques.

3.3.1 tatus o ace recognition After more than 30 years of research and devel-
opment, basic 2D face recognition has reached a mature level and many commercial
systems are available (Table 2) for various applications (Table 1).

Early research on face recognition was primarily focused on the feasibility ques-
tion, i.e., is machine recognition of faces possible Experiments were usually car-
ried out using datasets consisting of as few as ten images. Significant advances
were made during the mid-1990’s, with many methods proposed and tested on
datasets consisting of as many as 100 images. More recently, practical methods
have emerged that aim at more realistic applications. In the recent comprehensive
FERET evaluations [128; 131; 127], aimed at evaluating different systems using the
same large database containing thousands of images, the systems described in [113;
155; 148; 170; 162], as well as others, were evaluated. The EBGM system [162],
the subspace DA system [170], and the probabilistic eigenface system [113] were
judged to be among the top three, with each method showing different levels of
performance on different subsets of sequestered images. A brief summary of the
FERET evaluations will be presented in Section 5. Recently, more extensive evalu-
ations using commercial systems and thousands of images have been performed in

the FRVT 2000 [25] and FRVT 2002 [124] tests.

3.3.2 essons acts an 1g lig ts During the development of face recognition
systems, many lessons have been learned which may provide some guidance in the
development of new methods and systems.

—Advances in face recognition come from considering various aspects of this spe-
cialized perception problem. Earlier methods treated face recognition as a stan-
dard pattern recognition problem; later methods focused more on the representa-
tion aspect, after realizing its uniqueness (using domain knowledge); more recent
methods are concerned with both representation and recognition, so a robust sys-
tem with good generalization capability can be built. Face recognition continues
to adopt state-of-the-art techniques from learning, computer vision, and pattern
recognition. For example, distribution modeling using mixtures of Gaussians,
and SVM learning methods, have been used in face detection/recognition.

—Among all face detection/recognition methods, appearance/image-based approaches
seem to have dominated up to now. The main reason is the strong prior that
all face images belong to a face class. An important example is the use of PCA
for the representation of holistic features. To overcome sensitivity to geometric
change, local appearance-based approaches, 3D enhanced approaches, and hybrid
approaches can be used. The most recent advances toward fast 3D data acquisi-
tion and accurate 3D recognition are likely to influence future developements'?.

1 Early work using range images was reported in [64]
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—The methodological difference between face detection and face recognition may
not be as great as it appears to be. We have observed that the multi-class
face recognition problem can be converted into a two-class “detection” problem
by using image differences [113; 125]; and the face detection problem can be
converted into a multi-class “recognition” problem by using additional non-face
clusters of negative samples [147].

—It is well known that for face detection, the image size can be quite small, but
what about face recognition Clearly the image size cannot be too small for
methods that depend heavily on accurate feature localization, such as graph
matching methods [117]. However, it has been demonstrated that the image size
can be very small for holistic face recognition: 12 11 for the subspace DA
system [171], 14 10 for the PDBNN system [96], and 18 24 for human percep-
tion [7]. Some authors have argued that there exists a universal face subspace of
fixed dimension; hence for holistic recognition, image size does not matter as long
as it exceeds the subspace dimensionality [171]. This claim has been supported
by limited experiments using normalized face images of different sizes, e.g. from
12 11to 48 42, to obtain different face subspaces [167]. Indeed, slightly better
performance was observed when smaller images were used. One reason is that
the signal-to-noise ratio improves with the decrease in image size.

—Accurate feature location is critical for good recognition performance. This is
true even for holistic matching methods, since accurate location of key facial
features such as eyes is required to normalize the detected face [163; 167]. This
was also verified in [96] where the use of smaller images led to slightly better
performance due to increased tolerance to location errors. In [103], a systematic
study of this issue was presented.

—Regarding the debate in the psychology community about whether face recog-
nition is a dedicated process, the recent success of machine systems that are
trained on large numbers of samples seems to confirm recent findings suggest-
ing that human recognition of faces may be not unique/dedicated, but needs
extensive training.

—When comparing different systems, we should pay close attention to implemen-
tation details. Different implementations of a PCA-based face recognition al-
gorithm were compared in [114]. One class of variations examined was the use
of seven different distance metrics in the nearest-neighbor classifier, which was
found to be the most critical element. This raises the question of what is more
important in algorithm performance, the representation or the specifics of the
implementation. Implementation details often determine the performance of a
system. For example, input images are normalized only with respect to trans-
lation, in-plane rotation, and scale in [155; 148; 170; 12], whereas in [113] the
normalization also includes masking and affine warping to align the shape. In [43],
manually selected points are used to warp the input images to the mean shape,
yielding shape-free images. Because of this difference, PCA was a good classi-
fier in [113] for the shape-free representations, but it may not be as good for
the simply normalized representations. Recently, systematic comparisons and
independent re-evaluations of existing methods have been published [16]. This
is beneficial to the research community. However, since the methods need to be
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re-implemented, and not all the details in the original implementation can be
taken into account, 1t is difficult to carry out absolutely fair comparisons.

—Over 30 years of research has provided us with a vast number of methods and
systems. Recognizing the fact that each method has its advantages and disadvan-
tages, we should select methods and systems appropriate to the application. For
example, local feature based methods cannot be applied when the input image
contains a small face region, say 15 15. Another issue is when to use PCA and
when to use DA in building a system. Apparently, when the number of training
samples per class is large, DA is the best choice. On the other hand, if only
one or two samples are available per class (a degenerate case for DA), PCA is
a better choice. For a more detailed comparison of PCA vs. DA see [104; 16].
One way to unify PCA and DA is to use regularized subspace DA [171].

3.3.3  pen researc issues Though machine recognition of faces from still im-
ages has achieved a certain level of success, its performance is still far from that of
human perception. Specifically, we can list the following open issues,

—Hybrid face recognition systems that use both holistic and local features resemble
the human perceptual system. While the holistic approach provides a quick
recognition method, the discriminant information that it provides may not be rich
enough to handle very large databases. This insufficiency can be compensated
for by local feature methods. However, many questions need to be answered
before we can build such a combined system. One important question is how to
arbitrate the use of holistic and local features. As a first step, a simple, naive
engineering approach would be to weight the features. But how to determine

et erand o to use the features remains an open problem.

—The challenge of developing face detection techniques that report not only the
presence of a face but also the accurate locations of facial features under large
pose and illumination variations still remains. Without accurate localization of
important features, accurate and robust face recognition cannot be achieved.

—How to model face variation under realistic settings is still challenging — for
example, outdoor environments, natural aging, etc.

. FACE RECOGNITION FROM IMAGE SE UENCES

A typical video-based face recognition system automatically detects face regions,
extracts features from the video, and recognizes facial identity if a face is present. In
surveillance, information security, and access control applications, face recognition
and identification from a video sequence is an important problem. Face recognition
based on video is preferable over using still images, since as demonstrated in [86; 34],
motion helps in recognition of (familiar) faces when the images are negated, inverted
or threshold. It was also demonstrated that humans can recognize animated faces
better than randomly re-arranged images from the same set. Though recognition
of faces from video sequence is a direct extension of still-image based recognition,
in our opinion, {rue video-based face recognition techniques that coherently use
both spatial and temporal information started only a few years ago and still needs
further investigation. Significant challenges for video-based recognition still exist;
we list several of them here.
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(1) e ait of ideois o . sually, video acquisition occurs outdoors (or
indoors but with bad conditions for video capture) and the subjects are not
cooperative; hence there may be large illumination and pose variations in the
face images. In addition, partial occlusion and disguise are possible.

(2) acei ages are s a  Again, due to the acquisition conditions, the face
image sizes are smaller (sometimes much smaller) than the assumed sizes in
most still image based face recognition systems. For example, the valid face
region can be as small as 15 15 pixels ! | whereas the face image sizes used in
feature-based still image-based systems can be as large as 128 128. Small-size
images not only make the recognition task more difficult, but also affect the
accuracy of face segmentation, as well as the accurate detection of the fiducial
points/landmarks that are often needed in recognition methods.

(3) e ¢ aracteristics of faces an od parts. During the past eight
years, research on human action/behavior recognition from video has been very
active and fruitful. Generic description of human behavior not particular to
an individual is an interesting and useful concept. One of the main reasons for
the feasibility of generic descriptions of human behavior is that the intra-class
variations of human bodies, and in particular faces, is much smaller than the
difference between the objects inside and outside the class. For the same reason,
recognition of individuals within the class is difficult. For example, detecting
and localizing faces is typically much easier than recognizing a specific face.

Before we examine existing video-based face recognition algorithms, we briefly
review three closely related techniques: face segmentation and pose estimation, face
tracking, and face modeling. These techniques are critical for the realization of the
full potential of video-based face recognition.

.1 asic techni ues of video-based face recognition

In [37], four computer vision areas were mentioned as being important for video-
based face recognition: segmentation of moving objects (humans) from a video
sequence; structure estimation; 3-D models for faces; and non-rigid motion analy-
sis. For example, in [79] a face modeling system which estimates facial features and
texture from a video stream is described. This system utilizes all four techniques:
segmentation of the face based on skin color to initiate tracking; use of a 3D face
model based on laser-scanned range data to normalize the image (by facial feature
alignment and texture mapping to generate a frontal view) and construction of an
eigen-subspace for 3D heads; use of structure from motion (SfM) at each feature
point to provide depth information; and non-rigid motion analysis of the facial fea-
tures based on simple 2D SSD (Sum of Squared Differences) tracking constrained
by a global 3D model. Based on the current development of video-based face recog-
nition, we think 1t is better to review three specific face-related techniques instead
of the above four general areas. The three video-based face related techniques are:
face segmentation and pose estimation, face tracking, and face modeling.

1 Notice this is totally different from the situation where we have images with large face regions
but the final face regions feed into a classifieris 15  15.
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4.1.1 ace eg entation an  ose Esti ation Early attempts [155] at segment-
ing moving faces from an image sequence used simple pixel-based change detection
procedures based on difference images. These techniques may run into difficulties
when multiple moving objects and occlusion are present. More sophisticated meth-
ods use estimated flow fields for segmenting humans in motion [143]. More recent
methods [108; 38] use motion and/or color information to speed up the process
of searching for possible face regions. After candidate face regions are located,
still-image based face detection techniques can be applied to locate the faces [163].
Given a face region, important facial features can be located. The locations of
feature points can be used for pose estimation which is important for synthesizing
a virtual frontal view [38]. Newly developed segmentation methods locate the face
and estimate its pose simultaneously without extracting features [65; 95]. This
is achieved by learning multi-view face examples which are labeled with manually
determined pose angles.

4.1.2 ace an  eature rac ing After faces are located, the faces and their
features can be tracked. Face and feature tracking are critical for reconstruction a
face model (depth) through SfM, feature tracking is essential for facial expression
recognition and gaze recognition. Tracking also plays a key role in spatio-temporal
based recognition methods [92; 94] which directly uses the tracking information.

In its most general form, tracking is essentially motion estimation. However,
general motion estimation has fundamental limitations such as the aperture prob-
lem. For images like faces, some regions are too smooth to estimate flow accurately,
and sometimes the change in local appearances is too large to give reliable flow.
Fortunately, these problems are alleviated thanks to face modeling, which exploits
domain knowledge. In general, tracking and modeling are dual processes: tracking
is constrained by a generic 3D model or a learned statistical model under defor-
mation, and individual models are refined through tracking. Face tracking can be
roughly divided into three categories: 1) Head tracking, which involves tracking
the motion of a rigid object that is performing rotations and translations; 2) Facial
feature tracking, which involves tracking non-rigid deformations that are limited by
the anatomy of the head, i.e., articulated motion due to speech or facial expressions
and deformable motion due to muscle contractions and relaxations; and 3) complete
tracking, which involves tracking both the head and the facial features.

Early efforts focused on the first two problems: head tracking [6] and facial feature
tracking [166; 151]. In [6], an approach to head tracking using points with high
Hessian values was proposed. Several such points on the head are tracked and the
3D motion parameters of the head are recovered by solving an over-constrained set
of motion equations. Facial feature tracking methods may make use of the feature
boundary or the feature region. Feature boundary tracking attempts to track and
accurately delineate the shape of the facial feature, e.g., to track the contours of
the lips and mouth [151]. Feature region tracking addresses the simpler problem of
tracking a region such as a bounding box that surrounds the facial feature [24].

In [24], a tracking system based on local parameterized models is used to recognize
facial expressions. The models include a planar model for the head, local affine
models for the eyes, and local affine models and curvature for the mouth and
eyebrows. A face tracking system was used in [106] to estimate the pose of the
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face. This system used a graph representation with about 20-40 nodes/landmarks
to model the face. Knowledge about faces is used to find the landmarks in the first
frame. Two tracking systems described in [79; 146] model faces completely with
texture and geometry. Both systems use generic 3D models and SfM to recover
the face structure. [79] tracks fixed feature points (eyes, nose tip), while [146]
tracks only points with high Hessian values. Also, [79] tracks 2D features in 3D
by deforming them, while [146] relies on direct comparison of a 3D model to the
image. Methods are proposed in [66; 23] to solve the varying appearance (both
geometry and photometry) problem in tracking. Some of the newest model-based
tracking methods calculate the 3D motions and deformations directly from image
intensities [29], thus eliminating the information-lossy intermediate representations.

4.1.3 ace o eling Modeling of faces includes 3D shape modeling and texture
modeling. For large texture variations due to changes in illumination, we will
address the illumination problem in Section 6. Here we focus on 3D shape modeling.
3D models of faces have been employed in the graphics, animation, and model-based
image compression literature. More complicated models are used in applications
such as forensic face reconstruction from partial information.

In computer vision, one of the most widely used methods of estimating 3D shape
from a video sequence is SfM, which estimates the 3D depths of interesting points.
The unconstrained SfM problem has been approached in two ways. In the differ-
ential approach, one computes some type of flow field (optical, image, or normal)
and uses 1t to estimate the depths of visible points. The difficulty in this approach
is reliable computation of the flow field. In the discrete approach, a set of features
such as points, edges, corners, lines, or contours are tracked over a sequence of
frames, and the depths of these features are computed. To overcome the difficulty
of feature tracking, bundle adjustment [154] can be used to obtain better and more
robust results.

Recently, multi-view based 2D methods have gained popularity. In [95], a model
consists of a sparse 3D shape model learned from 2D images labeled with pose and
landmarks, a shape-and-pose-free texture model, and an affine geometrical model.
An alternative approach is to use 3D models such as the deformable model of [45]
or the linear 3D object class model of [26]. (In [26] a morphable 3D face model
consisting of shape and texture is directly matched to single/multiple input images;
as a consequence, head orientation, illumination conditions, and other parameters
can be free variables subject to optimization.) In [146], real-time 3D modeling and
tracking of faces is described; a generic 3D head model is aligned to match frontal
views of the face in a video sequence.

.2 Video-based face recognition

Historically, video face recognition originated from still-image based techniques.
That is, the system automatically detects and segments the face from the video,
and then applies still-image face recognition techniques. Many methods reviewed
in Section 3 belong to this category: eigenfaces [155], probabilistic eigenfaces [113],
the EBGM method [162; 117], and the PDBNN method [96]. An improvement over
these methods is to apply tracking; this can help in recognition, in that a virtual
frontal view can be synthesized via pose and depth estimation from video. Due
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to the abundance of frames in a video, another way to improve the recognition
rate is the use of “voting” based on the recognition results from each frame. The
voting could be deterministic, but probabilistic voting is better in general [63; 108].
One drawback of such voting schemes is the expense of computing the determinis-
tic/probabilistic results for each frame.

The next phase of video-based face recognition will be the use of multi-modal
cues. Since humans routinely use multiple cues to recognize identities, it is expected
that a multi-modal system will do better than systems based on faces only. More
importantly, using multi-modal cues offers a comprehensive solution to the task of
identification that might not be achievable by using face images alone. For example,
in a totally non-cooperative environment, such as a robbery, the face of the robber
is typically covered, and the only way to perform faceless identification might be
to analyize body motion characteristics [85]. Excluding fingerprints, face and voice
are the most frequently used cues for identification. They have been used in many
multi-modal systems [22; 38]. Since 1997, a dedicated conference focused on video-
and audio- based person authentication has been held [1].

More recently, a third phase of video face recognition has started. These meth-
ods [94; 92] coherently exploit both spatial information (in each frame) and tem-
poral information (such as the trajectories of facial features). A big difference
between these methods and the probabilistic voting methods [108] is the use of
representations in a joint temporal and spatial space for identification.

Approach Representative Work
Stilli a e et o s Basic methods [ 2 2 ]
Tracking-enhanced [ ]
Iti o al et o s Video- and audio- based [22 ]

Spatio te poral et o s Feature tra ectory based [ 2 ]

Table 4. Categori ation of video-based face recognition techni ues.

We first review systems that apply still-image-based recognition to selected frames,
and then multimodal systems. Finally, we review systems that use spatial and tem-
poral information simultaneously.

In [160], a fully automatic person authentication system is described which in-
cludes video break, face detection, and authentication modules. Video skimming
was used to reduce the number of frames to be processed. The video break mod-
ule, corresponding to key-frame detection based on object motion, consisted of two
units. The first unit implemented a simple optical flow method; it was used when
the image SNR level was low. When the SNR level was high, simple pair-wise frame
differencing was used to detect the moving object. The face detection module con-
sisted of three units: face localization using analysis of projections along the - and

-axes; face region labeling using a decision tree learned from positive and negative
examples taken from 12 images each consisting of 2759 windows of size 8§ §; and
face normalization based on the numbers of face region labels. The normalized
face images are then used for authentication, using an RBF network. This system
was tested on three image sequences; the first was taken indoors with one subject
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present, the second was taken outdoors with two subjects, and the third was taken
outdoors with one subject under stormy conditions. Perfect results were reported
on all three sequences, as verified against a database of 20 still face images.

An access control system based on person authentication is described in [107].
The system combines two complementary visual cues: motion and facial appear-
ance. In order to reliably detect significant motion, spatio-temporal zero crossings
computed from six consecutive frames were used. These motions were grouped into
moving objects using a clustering algorithm, and Kalman filters were employed to
track the grouped objects. An appearance-based face detection scheme using RBF
networks (similar to [132]) was used to confirm that an object is a person. The
face detection scheme was “bootstrapped” using motion and object detection to
provide an approximate head region. Face tracking based on the RBF network was
used to provide feedback to the motion clustering process to help deal with occlu-
sions. Good tracking results were demonstrated. In [108], this work was extended
to person authentication using PCA or DA. The authors argue that recognition
based on selected frames is not adequate since important information is discarded.
Instead, they propose a probabilistic voting scheme; that is, face identification is
carried out continuously. Though they give examples demonstrating improved per-
formance in identifying 8 or 15 people by using sequences, no performance statistics
were reported.

An appearance model based method for video tracking and enhancing identifi-
cation is proposed in [47]. The appearance model is a combination of the active
shape model (ASM) [40] and the shape-free texture model after warping the face
into a mean shape. nlike [90], which uses the two models separately, the authors
use a combined set of parameters for both models. The main contribution is the
decomposition of the combined model parameters into an identity subspace and an
orthogonal residual subspace using linear discriminant analysis. (See Fig. 14 for
an illustration of separating identity and residue.) The residual subspace ideally
contains intra-person variations that are caused by pose, lighting, and expression.
In addition, they point out that optimal separation of identity and residue is class-
specific. For example, the appearance change of a person’s nose depends on its
length, which is a person-specific quantity. To correct this class-specific informa-
tion, a sequence of images of the same class is used. Specifically, a linear mapping
is assumed to capture the relation between the class-specific correction to the iden-
tity subspace and the intra-person variation in the residual subspace. Examples
of face tracking and visual enhancement are demonstrated, but no recognition ex-
periments are reported. Though this method is believed to enhance tracking and
make it robust against appearance change, it is not clear how efficient it is to learn
the class-specific information from a video sequence that does not present much
residual variation.

In [145], a system called PersonSpotter is described. This system is able to cap-
ture, track, and recognize a person walking toward or passing a stereo CCD camera.
It has several modules, including a head tracker, preselector, landmark finder, and
identifier. The head tracker determines the image regions that are changing due
to object motion based on simple image differences. A stereo algorithm then de-
termines the stereo disparities of these moving pixels. The disparity values are
used to compute histograms for image regions. Regions within a certain disparity
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Fig. 14. Varying the most significant identity parameters (top) and manipulating residual
variation without a ecting identity (bottom) [ ]

interval are selected and referred to as “silhouettes”. Two types of detectors, skin
color based and convex region based, are applied to these silhouette images. The
outputs of these detectors are clustered to form regions of interest which usually
correspond to heads. To track a head robustly, temporal continuity is exploited in
the form of the thresholds used to initiate, track, and delete an object.

To find the face region in an image, the preselector uses a generic sparse graph
consisting of 16 nodes learned from 8 example face images. The landmark finder
uses a dense graph consisting of 48 nodes learned from 25 example images to find
landmarks such as the eyes and the nose tip. Finally, an elastic graph matching
scheme 1s employed to identify the face. A recognition rate of about 90 was
achieved; the size of the database is not known.

A multimodal person recognition system is described in [38]. This system consists
of a face recognition module, a speaker identification module, and a classifier fusion
module. Tt has the following characteristics: 1) The face recognition module can
detect and compensate for pose variations; the speaker identification module can
detect and compensate for changes in the auditory background; 2) the most reliable
video frames and audio clips are selected for recognition; 3) 3D information about
the head obtained through SfM is used to detect the presence of an actual person
as opposed to an image of that person.

Two key parts of the face recognition module are face detection/tracking and
eigen-face recognition. The face is detected using skin color information using a
learned model of a mixture of Gaussians. The facial features are then located using
symmetry transforms and image intensity gradients. Correlation-based methods
are used to track the feature points. The locations of these feature points are
used to estimate the pose of the face. This pose estimate and a 3D head model
are used to warp the detected face image into a frontal view. For recognition, the
feature locations are refined and the face is normalized with eyes and mouth in fixed
locations. Images from the face tracker are used to train a frontal eigenspace, and
the leading 35 eigenvectors are retained. Face recognition is then performed using
a probabilistic eigenface approach where the projection coefficients of all images of
each person are modeled as a Gaussian distribution.

Finally, the face and speaker recognition modules are combined using a Bayes
net. The system was tested in an ATM scenario, i.e., a controlled environment.
An ATM session begins when the subject enters the camera’s field of view and
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(a) (b) (c) (d)

Fig. 15. Corresponding feature points obtained from 2 frames: (a) result of matching
the same person to a video, (b) result of matching a di erent person to the video, (c)
tra ectories of (a), (d) tra ectories of (b) [ 2].

the system detects his/her face. The system then greets the user and begins the
banking transaction, which involves a series of questions by the system and answers
by the user. Data for 26 people were collected; the normalized face images were
40 80 pixels and the audio was sampled at 16 kHz. These experiments on small
databases and well-controlled environments showed that the combination of audio
and video improved performance, and that 100 recognition and verification were
achieved when the image/audio clips with highest confidence scores were used.

In [92], a face verification system based on tracking facial features is presented.
The basic idea of this approach is to exploit the temporal information available in
a video sequence to improve face recognition. First, the feature points defined by
Gabor attributes on a regular 2D grid are tracked. Then, the trajectories of these
tracked feature points are exploited to identify the person presented in a short
video sequence. The proposed tracking-for-verification scheme is different from the
pure tracking scheme in that one template face from a database of known persons
is selected for tracking. For each template with a specific personal ID, tracking
can be performed and trajectories can be obtained. Based on the characteristics
of these trajectories, identification can be carried out. According to the authors,
the trajectories of the same person are more coherent than those of different per-
sons, as illustrated in Fig. 15. Such characteristics can also be observed in the
posterior probabilities over time by assuming different classes. In other words, the
posterior probabilities for the true hypothesis tend to be higher than those for false
hypotheses. This in turn can be used for identification. Testing results on a small
databases of 19 individuals suggest that performance is favorable over a frame-to-
frame matching and voting scheme, especially in the case of large lighting changes.
The testing result is based on comparison with alternative hypotheses.

Some details about the tracking algorithm are as follows [92]. The motion of facial
feature points is modeled as a global two-dimensional (2-D) affine transformation
(accounting for head motion) plus a local deformation (accounting for residual
motion that is due to inaccuracies in the 2-D affine modeling and other factors such
as facial expression). The tracking problem is formulated as a Bayesian inference
problem and sequential importance sampling (SIS) [100] (one form of SIS is called
Condensation [77] in the computer vision literature) is proposed as an empirical
solution to the inference problem. Since SIS has difficulty in high-dimensional
spaces, a reparameterization that captures essentially only the difference was used
to facilitate the computation.
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Fig. 16. Identity Surface [ ] (Courtesy of . Li, S. Gong, and H. Liddell).

While most face recognition algorithms take still images as probe inputs, a video-
based face recognition approach that takes video sequences as inputs has recently
been developed [172]. Since the detected face might be moving in the video se-
quence, one has to deal with uncertainty in tracking as well as in recognition.
Rather than resolving these two uncertainties separately, [172] performs simultane-
ous tracking and recognition of human faces from a video sequence.

In still-to-video face recognition, 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 vec-
tor and an identity variable, respectively. The joint posterior distribution of the
motion vector and the identity variable is first 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 and
marginalization over the identity variable yields a robust estimate of the posterior
distribution of the motion vector, so that tracking and recognition are handled
simultaneously. A computationally efficient sequential importance sampling (SIS)
algorithm is used to estimate the posterior distribution. Empirical results demon-
strate that, due to the propagation of the identity variable over time, egenerac
in the posterior probability of the identity variable is achieved to give improved
recognition. The gallery is generalized to videos in order to realize video-to-video
face recognition. An exemplar-based learning strategy is employed to automatically
select video representatives from the gallery, serving as mixture centers in an up-
dated likelihood measure. The SIS algorithm is used to approximate the posterior
distribution of the motion vector, the identity variable, and the exemplar index.
The marginal distribution of the identity variable produces the recognition result.
The model formulation is very general and allows a variety of image representations
and transformations. Experimental results using images/videos collected at MD,
NIST/ SF, and CM with pose/illumination variations illustrate the effectiveness
of this approach in both still-to-video and video-to-video scenarios with appropriate
model choices.

In [94], a multi-view based face recognition system is proposed to recognize faces
from videos with large pose variations. To address the challenging pose issue, the
concept of an ¢ entit sur ace that captures joint spatial and temporal informa-
tion is used. An identity surface is a hypersurface formed by projecting all the
images of one individual onto the discriminating feature space parameterized on
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head pose (Fig. 16) ! . To characterize the head pose, two angles, yaw and tilt, are
used as basis coordinates in the feature space. As plotted in Fig. 16, the other basis
coordinates represent discriminating feature patterns of faces; this will be discussed
later. Based on recovered pose information, a trajectory of the input feature pat-
tern can be constructed. The trajectories of features from known subjects arranged
in the same temporal order can be synthesized on their respective identity surfaces.
To recognize a face across views over time, the trajectory for the input face is
matched to the trajectories synthesized for the known subjects. This approach can
be thought of as a generalized version of face recognition based on single images
taken at different poses. Experimental results using twelve training sequences, each
containing one subject, and new testing sequences of these subjects were reported.
Recognition rates were 100 and 93.9 | using 10 and 2 KDA (Kernel Discriminant
Analysis) vectors, respectively.

Other techniques have also been used to construct the discriminating basis in
the identity surface: Kernel Discriminant Analysis (KDA) [111] is used to compute
a non-linear discriminating basis, and a dynamic face model is used to extract a
shape-and-pose-free facial texture pattern. The multi-view dynamic face model [95]
consists of a sparse Point Distribution Model (PDM) [40], a shape-and-pose-free
texture model, and an affine geometrical model. The 3D shape vector of a face is
estimated from a set of 2D face images in different views using landmark points.
Then a face image fitted by the shape model is warped to the mean shape in a
frontal view, yielding a shape-and-pose-free texture pattern ' . When part of a
face is invisible in an image due to rotation in depth, the facial texture is recovered
from the visible side of the face using the bilateral symmetry of faces. To obtain a
low-dimensional statistical model, PCA was applied to the 3D shape patterns and
shape-and-pose-free texture patterns separately. To further suppress within-class
variations, the shape-and-pose-free texture patterns are further projected into a
KDA feature space. Finally, the identity surface can be approximated and con-
structed from discrete samples at fixed poses using a piece-wise planar model.

Summary

The availability of video/image sequences gives video-based face recognition a dis-
tinct advantage over still-image-based face recognition: the abundance of temporal
information. However, the typically low-quality images in video present a signif-
icant challenge: the loss of spatial information. The key to building a successful
video-based system is to use temporal information to compensate for the lost spatial
information. For example, a high-resolution frame can in principle be reconstructed
from a sequence of low-resolution video frames and used for recognition. A further
step is to use the image sequence to reconstruct the 3D shape of the tracked face
object via SfM and thus enhance face recognition performance. Finally, a compre-
hensive approach is to use spatial and temporal information simultaneously for face
recognition. This is also supported by related psychological studies.
However, many issues remain for existing systems:

—SfM is a common technique used in computer vision for recovering 3D information

1 Notice that this view-based idea has already been explored, e.g. in [122].
1 Notice that this procedure is very similar to AAM [39].
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from video sequences. However, a major obstacle exists to applying this tech-
nique in face recognition: the accuracy of 3D shape recovery. Face images contain
smooth, textureless regions and are often acquired under varying illumination ' |
resulting in significant difficulties in accurate recovery of 3D information. The
accuracy issue may not be very important for face detection, but it is for face
recognition, which must differentiate the 3D shapes of similar objects. One pos-
sible solution is the complementary use of shape-from-shading, which can utilize
the illumination information. A recent paper on using flow-based SfM techniques
for face modeling is [133].

— p to now, the databases used in many systems have been very small, say 20
subjects. This is partially due to the tremendous amount of storage space needed
for video sequences. Fortunately, relatively large video databases exist, for ex-
ample, the XM2TV database [110], the BANCA database [8], and the addition
of video into the FERET and FRVT2002 databases. However, large-scale sys-
tematic evaluations are still lacking.

—Although we argue that it is best to use both temporal and spatial information for
face recognition, existing spatio-temporal methods have not yet shown their full
potential. We believe that these types of methods deserve further investigation.

During the past eight years, recognition of human behavior has been actively
studied: facial expression recognition, hand gesture recognition, activity recogni-
tion, etc. As pointed out earlier, descriptions of human behavior are useful and are
easier to obtain than recognition of faces. Often they provide complementary infor-
mation for face recognition or additional cues useful for identification. In principle,
both gender classification and facial expression recognition can assist in the classifi-
cation of identity. For recent reviews on facial expression recognition, see [46; 119].
We also believe that analysis of body movements such as gait or hand gestures can
help in person recognition.

. EVALUATION OF FACE RECOGNITION SYSTEMS

Given the numerous theories and techniques that are applicable to face recogni-
tion, it is clear that evaluation and benchmarking of these algorithms is crucial.
Previous work on the evaluation of OCR and fingerprint classification systems pro-
vided insights into how the evaluation of algorithms and systems can be performed
efficiently. One of the most important facts learned in these evaluations is that
large sets of test images are essential for adequate evaluation. It is also extremely
important that the samples be statistically as similar as possible to the images that
arise in the application being considered. Scoring should be done in a way that
reflects the costs of errors in recognition. Reject-error behavior should be studied,
not just forced recognition.

In planning an evaluation, it is important to keep in mind that the operation of
a pattern recognition system is statistical, with measurable distributions of success
and failure. These distributions are very application-dependent, and no theory

1 Stereo is less sensitive to illumination change but still has di culty in handling textureless
regions.
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seems to exist that can predict them for new applications. This strongly suggests
that an evaluation should be based as closely as possible on a specific application.

During the past five years, several large, publicly available face databases have
been collected and corresponding testing protocols have been designed. The series
of FERET evaluations [128; 131; 127] ! attracted nine institutions and companies
to participate. They were succeeded by the series of FRVT vendor tests. We
describe here the most important face databases and their associated evaluation

methods, including the XM2VTS and BANCA [8] databases.

.1 The FERET protocol

ntil recently, there did not exist a common FRT evaluation protocol that included
large databases and standard evaluation methods. This made it difficult to assess
the status of FRT for real applications, even though many existing systems reported
almost perfect performance on small databases.

The first FERET evaluation test was administered in August 1994 [128]. This
evaluation established a baseline for face recognition algorithms, and was designed
to measure performance of algorithms that could automatically locate, normalize,
and identify faces. This evaluation consisted of three tests, each with a different
gallery and probe set. (A gallery is a set of known individuals, while a probe is a
set of unknown faces presented for recognition.) The first test measured identifica-
tion performance from a gallery of 316 individuals with one image per person; the
second was a false-alarm test; and the third measured the effects of pose changes
on performance. The second FERET evaluation was administered in March 1995;
it consisted of a single test that measured identification performance from a gallery
of 817 individuals, and included 463 duplicates in the probe set [128]. (A dupli-
cate is a probe for which the corresponding gallery image was taken on a different
day; there were only 60 duplicates in the Aug94 evaluation.) The third and last
evaluation (Sep96) was administered in September 1996 and March 1997.

5.1.1 Data ase Currently, the FERET database is the only large database that
is generally available to researchers without charge. The images in the database
were initially acquired with a 35-mm camera and then digitized.

The images were collected in 15 sessions between August 1993 and uly 1996.
Each session lasted one or two days, and the location and setup did not change
during the session. Sets of 5 to 11 images of each individual were acquired under
relatively unconstrained conditions; see Figure 17. They included two frontal views;
in the first of these (fa) a neutral facial expression was requested and in the second
(f ) a different facial expression was requested (these requests were not always
honored). For 200 individuals, a third frontal view was taken using a different
camera and different lighting; this is referred to as the fc image. The remaining
images were non-frontal and included right and left profiles, right and left quarter
profiles; and right and left half profiles. The FERET database consists of 1564 sets
of images (1199 original sets and 365 duplicate sets) — a total of 14,126 images. A
development set of 503 sets of images were released to researchers; the remaining
images were sequestered for independent evaluation. In late 2000 the entire FERET

1 http://www.itl.nist.gov/iad/humanid /feret /
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Fig. 17. Images from the FERET dataset these images are of si e 2

database was released along with the Sep96 evaluation protocols, evaluation scoring
code, and baseline PCA algorithms.

5.1.2 E aluation For details of the three FERET evaluations see [128; 127; 131].
The results of the most recent FERET evaluation (Sep96) will be briefly reviewed
here. Because the entire FERET data set has been released, the Sep96 protocol
provides a good benchmark for performance of new algorithms. For the Sep96
evaluation, there was a primary gallery consisting of one frontal image (fa) per
person for 1196 individuals. This was the core gallery used to measure performance
for the following four different probe sets.

—+f probes—Gallery and probe images of an individual taken on the same day
with the same lighting (1195 probes).

—fc probes—Gallery and probe images of an individual taken on the same day
with different lighting (194 probes).

—Dup I probes—Gallery and probe images of an individual taken on different
days—duplicate images (722 probes).

—Dup II probes—Gallery and probe images of an individual taken over a year
apart (the gallery consisted of 894 images; 234 probes).

Performance was measured using two basic methods. The first measured identi-
fication performance, where the primary performance statistic is the percentage of
probes that are correctly identified by the algorithm. The second measured verifi-
cation performance, where the primary performance measure is the equal error rate
between the probability of false alarm and the probability of correct verification.
(A more complete method of reporting identification performance is a cumulative
match characteristic; for verification performance it is a receiver operating charac-
teristic (ROC).)

The Sep96 evaluation tested the following ten algorithms:

—An algorithm from Excalibur Corporation (Carlsbad, CA)(Sept. 1996)
—Two algorithms from MIT Media aboratory (Sept. 1996) [155; 112]

—Three inear Discriminant Analysis based algorithms from Michigan State ni-
versity [148] (Sept. 1996) and the niversity of Maryland [50; 170] (Sept. 1996
and March 1997)

—A gray-scale projection algorithm from Rutgers niversity [161] (Sept. 1996)

—An Elastic Graph Matching algorithm from the niversity of Southern Califor-
nia [162; 117] (March 1997)
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—A baseline PCA algorithm [155; 114]

—A baseline normalized correlation matching algorithm.

Three of the algorithms performed very well: Probabilistic Eigenface from MIT [112],
Subspace DA from MD [170; 171], and Elastic Graph Matching from SC [162].

A number of lessons were learned from the FERET evaluations. The first is that
performance depends on the probe category and there is a difference between best
and average algorithm performance.

Another lesson is that the scenario has an impact on performance. For identi-
fication, on the f and duplicate probes, the SC scores were 94 and 59 | and
the MD scores were 96 and 47 . However, for verification, the equal error rates
were 2 and 14 for SC,and 1 and 12 for MD.

5.1.3 u  ar The availability of the FERET database and evaluation technol-
ogy has had a significant impact on progress in the development of face recognition
algorithms. The series of tests has allowed advances in algorithm development to be
quantified — for example, the performance improvements in the MIT algorithms
between March 1995 and September 1996, and in the MD algorithms between
September 1996 and March 1997.

Another important contribution of the FERET evaluations is the identification of
areas for future research. In general the test results revealed three major problem
areas: recognizing duplicates, recognizing people under illumination variations, and
under pose variations.

5.1.4 The Sep96 FERET evaluation measured performance on pro-
totype laboratory systems. After March 1997 there was rapid advancement in
the development of commercial face recognition systems. This advancement repre-
sented both a maturing of face recognition technology, and the development of the
supporting system and infrastructure necessary to create commercial off-the-shelf
(COTS) systems. By the beginning of 2000, COTS face recognition systems were
readily available.

To assess the state of the art in COTS face recognition systems the Face Recogni-
tion Vendor Test (FRVT) 2000 ! was organized [25]. FRVT 2000 was a technology
evaluation that used the Sep96 evaluation protocol, but was significantly more de-
manding than the Sep96 FERET evaluation.

Participation in FRVT 2000 was restricted to COTS systems, with companies
from Australia, Germany, and the nited States participating. The five companies
evaluated were Banque-Tec International Pty. td., C-VIS Computer Vision und
Automation GmbH, Miros, Inc., au Technologies, and Visionics Corporation.

A greater variety of imagery was used in FRVT 2000 than in the FERET eval-
uations. FRVT 2000 reported results in eight general categories: compression,
distance, expression, illumination, media, pose, resolution, and temporal. There
was no common gallery across all eight categories; the sizes of the galleries and
probe sets varied from category to category.

We briefly summarize the results of FRVT 2000. Full details can be found in
[25], and include identification and verification performance statistics. The media

1 http://www.frvt.org
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experiments showed that changes in media do not adversely affect performance.
Images of a person were taken simultaneously on conventional film and on digital
media. The compression experiments showed that compression does not adversely
affect performance. Probe images compressed up to 40:1 did not reduce recognition
rates. The compression algorithm was PEG.

FRVT 2000 also examined the effect of pose angle on performance. The results
show that pose does not significantly affect performance up to 25 , but that
performance is significantly affected when the pose angle reaches 40 .

In the illumination category, two key effects were investigated. The first was
lighting change indoors. This was equivalent to the fc probes in FERET. For the
best system in this category, the indoor change of lighting did not significantly
affect performance. A second experiment tested recognition with an indoor gallery
and an outdoor probe set. Moving from indoor to outdoor lighting significantly
affected performance, with the best system achieving an identification rate of only
0.55.

The temporal category 1s equivalent to the duplicate probes in FERET. To com-
pare progress since FERET, dup I and dup II scores were reported. For FRVT
2000 the dup I identification rate was 0.63 compared with 0.58 for FERET. The
corresponding rates for dup II were 0.64 for FRV'T 2000 and 0.52 for FERET. These
results show that there was algorithmic progress between the FERET and FRVT
2000 evaluations. FRVT 2000 showed that two common concerns, the effects of
compression and recording media, do not affect performance. It also showed that
future areas of interest continue to be duplicates, pose variations, and illumination
variations generated when comparing indoor images with outdoor images.

5.1.5 The Face Recognition Vendor Test (FRVT) 2002 [124] ! was
a large-scale evaluation of automatic face recognition technology. The primary ob-
jective of FRVT 2002 was to provide performance measures for assessing the ability
of automatic face recognition systems to meet real-world requirements. Ten partic-
ipants were evaluated under the direct supervision of the FRVT 2002 organizers in

uly and August 2002.

The heart of the FRVT 2002 was the high computational intensity test (HCInt).
The HCInt consisted of 121,589 operational images of 37,437 people. The images
were provided from the .S. Department of State’s Mexican non-immigrant Visa
archive. From this data, real-world performance figures on a very large data set were
computed. Performance statistics were computed for verification, identification,
and watch list tasks.

FRVT 2002 results show that normal changes in indoor lighting do not signifi-
cantly affect performance of the top systems. Approximately the same performance
results were obtained using two indoor data sets, with different lighting, in FRVT
2002. In both experiments, the best performer had a 90 verification rate at a
false accept rate of 1 . On comparable experiments conducted two years earlier
in FRVT 2000, the results of FRVT 2002 indicate that there has been a 50 re-
duction in error rates. For the best face recognition systems, the recognition rate
for faces captured outdoors, at a false accept rate of 1 | was only 50 . Thus, face

1 http://www.frvt.org
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recognition from outdoor imagery remains a research challenge area.

A very important question for real-world applications is the rate of decrease in
performance as time increases between the acquisition of the database of images
and new images presented to a system. FRVT 2002 found that for the top systems,
performance degraded at approximately 5 per year.

One open question in face recognition is: How does database and watch list size
effect performance Because of the large number of people and images in the FRVT
2002 data set, FRVT 2002 reported the first large-scale results on this question.
For the best system, the top-rank identification rate was 85 on a database of
800 people, 83 on a database of 1,600, and 73 on a database of 37,437. For
every doubling of database size, performance decreases by two to three overall
percentage points. More generally, identification performance decreases linearly in
the logarithm of the database size.

Previous evaluations have reported face recognition performance as a function
of imaging properties. For example, previous reports compared the differences in
performance when using indoor versus outdoor images, or frontal versus non-frontal
images. FRVT 2002, for the first time, examined the effects of demographics on
performance. Two major effects were found. First, recognition rates for males
were higher than females. For the top systems, identification rates for males were
6 to9 points higher than that of females. For the best system, identification
performance on males was 78 and for females it was 79 . Second, recognition
rates for older people were higher than for younger people. For 18- to 22-year olds
the average identification rate for the top systems was 62 | and for 38- to 42-year
olds it was 74 . For every ten-year increase in age, performance increases on the
average by approximately 5 through age 63.

FRVT 2002 looked at two of these new techniques. The first was the three-
dimensional morphable models technique of Blanz and Vetter [26]. Morphable
models are a technique for improving recognition of non-frontal images. FRVT
2002 found that Blanz and Vetter’s technique significantly increased recognition
performance. The second technique is recognition from video sequences.  sing
FRVT 2002 data, recognition performance using video sequences was the same as
the performance using still images.

In summary, the key lessons learned in FRVT 2002 were: (1) Given reasonable
controlled indoor lighting, the current state of the art in face recognition is 90
verification at a 1  false accept rate. (2) Face Recognition in outdoor images is
a research problem. (3) The use of morphable models can significantly improve
non-frontal face recognition. (3) Identification performance decreases linearly in
the logarithm of the size of the gallery. (4) In face recognition applications, accom-
modations should be made for demographic information since characteristics such
as age and sex can significantly affect performance.

.2 The M2VTS protocol

Multi-modal methods ? are a very promising approach to user-friendly (hence ac-
ceptable), highly secure personal verification. Recognition and verification systems
need training; the larger the training set, the better the performance achieved. The

http://www.ee.surrey.ac.uk/Research/VSSP /xm2vtsdb/



46 . W. Zhao, R. Chellappa, P.J. Phillips, and A. Rosenfeld

volume of data required for training a multi-modal system based on analysis of
video and audio signals is on the order of TBytes; technology that allows manipu-
lation and effective use of such volumes of data has only recently become available
in the form of digital video. The XM2VTS multimodal database [110] contains
four recordings of 295 subjects taken over a period of four months. Each record-
ing contains a speaking head shot and a rotating head shot. Available data from
this database include high-quality color images, 32 KHz 16-bit sound files, video
sequences, and a 3D model.

The XM2VTS database is an expansion of the earlier M2VTS database [129].
The M2VTS project (Multi-Modal Verification for Teleservices and Security Ap-
plications), a European ACTS (Advanced Communications Technologies and Ser-
vices) project, deals with access control by multimodal identification of human faces.
The goal of the project was to improve recognition performance by combining the
modalities of face and voice. The M2VTS database contained five shots of each of
37 subjects. During each shot, the subjects were asked to count from 0’ to 9’ in
their native language (most of the subjects were French speaking) and rotate their
heads from 0 to 90 , back to 0 , and then to 90 . They were then asked to
rotate their heads again with their glasses off, if they wore any. Three subsequences
were extracted from these video sequences: voice sequences, motion sequences, and
glasses-off motion sequences. The voice sequences can be used for speech verifica-
tion, frontal view face recognition, and speech/lips correlation analysis. The other
two sequences are intended for face recognition only.

It was found that the subjects were relatively difficult to recognize in the fifth
shot because it varied significantly in face/voice/camera setup from the other shots.
Several experiments have been conducted using the first four shots with the goals
of investigating

—text-dependent speaker verification from speech

—text-independent speaker verification from speech

—facial feature extraction and tracking from moving images
—verification from an overall frontal view

—verification from lip shape

—verification from depth information (obtained using structured light)
—verification from a profile

—synchronization of speech and lip movement

5.2.1 Data ase The XM2VTS database differs from the M2VTS database pri-
marily in the number of subjects (295 rather than 37). The M2VTS database
contains five shots of each subject taken at sessions over a period of three months;
the XM2VTS database contains eight shots of each subject taken at four sessions
over a period of four months (so that each session contains two repetitions of the
sequence). The XM2VTS database was acquired using a Sony VX1000E digital
camcorder and a DHR1000 X digital VCR.

In the XM2VTS database, the first shot is a speaking head shot. Each subject,
who wore a clip-on microphone, was asked to read three sentences that were written
on a board positioned just below the camera. The subjects were asked to read the
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three simple sentences twice at their normal pace and to pause briefly at the end
of each sentence.

The second shot is a rotating head sequence. Each subject was asked to rotate
his/her head to the left, to the right, up, and down, and finally to return to the
center. The subjects were told that a full profile was required and were asked to
repeat the entire sequence twice. The same sequence was used in all four sessions.

An additional dataset containing a 3D model of each subject’s head was acquired
during each session using a high-precision stereo-based 3D camera developed by the
Turing Institute?!.

5.2.2 F aluation The M2VTS ausanne protocol was designed to evaluate the
performance of vision- and speech-based person authentication systems on the
XM2VTS database. This protocol was defined for the task of verification. The
features of the observed person are compared with stored features corresponding
to the claimed identity, and the system decides whether the identity claim is true
or false on the basis of a similarity score. The subjects whose features are stored in
the system’s database are called clients, whereas persons claiming a false identity
are called ¢ posters.

The database is divided into three parts: a training set, an evaluation set, and a
test set. The training set is used to build client models. The evaluation set is used
to compute client and imposter scores. On the basis of these scores, a threshold is
chosen that determines whether a person is accepted or rejected. In multi-modal
classification, the evaluation set can also be used to optimally combine the outputs
of several classifiers. The test set is selected to simulate a real authentication sce-
nario. 295 subjects were randomly divided into 200 clients, 25 evaluation imposters
and 70 test imposters. Two different evaluation configurations were used with dif-
ferent distributions of client training and client evaluation data. For more details,
see [110].

In order to collect face verification results on this database using the ausanne
protocol, a contest was organized in conjuction with ICPR 2000 (the International
Conference on Pattern Recognition). There were twelve algorithms from four par-
tipicants in this contest [109]: an EBGM algorithm from IDIAP (Daller Molle
Institute for Perceptual Artificial Intelligence), a slightly modified EBGM algo-
rithm from Aristotle niversity of Thessaloniki, a FND-based (Fractal Neighbor
Distance) algorithm from the niversity of Sydney, and eight variants of DA al-
gorithms and one SVM algorithm from the niversity of Surrey. The performance
measures of a verification system are the False Acceptance rate (FA) and the False
Rejection rate (FR). Both FA and FR are influenced by an acceptance threshold.
According to the ausanne protocol, the threshold is set to satisfy certain perfor-
mance levels on the evaluation set. The same threshold is applied to the test data
and FA and FR on the test data are computed. The best results of FA and FR on
the test data (FA/FR: 2.3 /2.5 and 1.2 /1.0 for evaulation configurations T
and IT respectively) were obtained using an DA algorithm with a non-Euclidean
metric ( niversity of Surrey) when the threshold is set so that FA is equal to FB
on the evaulation result. This result seems to concur with the equal error rates

1 Turing Institute Web Address: http://www.turing.gla.ac.uk/
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reported in the FERET protocol. In addition, FA and FR on the test data were
reported when the threshold was set set so that FA or FB is zero on the evaulation
result. For more details on the results, see [109].

523 u ar The results of the M2VTS/XM2VTS projects can be used for a
broad range of applications. In the telecommunication field, the results should have
a direct impact on network services where security of information and access will
become increasingly important. (Telephone fraud in the .S. has been estimated
to cost several billion dollars a year.)

. TWO ISSUES IN FACE RECOGNITION ILLUMINATION AND POSE VARIATION

In this section, we discuss two important issues that are related to face recognition.
The best face recognition techniques reviewed in Section 3 were successful in terms
of their recognition performance on large databases in well-controlled environments.
However, face recognition in an uncontrolled environment is still very challenging.
For example, the FERET evaluations and FRVTs revealed that there are at least
two major challenges: The illumination variation problem and the pose variation
problem. Though many existing systems build in some sort of performance invari-
ance by applying preprocessing methods such as histogram equalization or pose
learning, significant illumination or pose change can cause serious performance
degradation. In addition, face images can be partially occluded, or the system may
need to recognize a person from an image in the database that was acquired some
time ago (referred to as the “duplicate” problem in the FERET tests).

These problems are unavoidable when face images are acquired in an uncon-
trolled, uncooperative environment, as in surveillance video clips. It 1s beyond the
scope of this paper to discuss all these issues and possible solutions. In this section
we discuss only two well-defined problems and review approaches to solving them.
Pros and cons of these approaches are pointed out so an appropriate approach can
be applied to a specific task. The majority of the methods reviewed here are gener
ati e approaches that can synthesize virtual views under desired illumination and
viewing conditions. Many of the reviewed methods have not yet been applied to
the task of face recognition, at least not on large databases.?? This may be for sev-
eral reasons; some methods may need many sample images per person, pixel-wise
accurate alignment of images, or high-quality images for reconstruction; or they
may be computationally too expensive to apply to recognition tasks that process
thousands of images in near-real-time.

To facilitate discussion and analysis, we adopt a varying-albedo ambertian re-
flectance model that relates the image of an object to the object () [75]:

1
1 2 2 1 2 2

(6)

where (), are the partial derivatives and varying albedo of the object, respec-
tively. ( 1) represents a single distant light source. The light source can
also be represented by the illuminant slant and tilt angles; slant is the angle

ne exception is a recent report [27] where faces are represented using 4,448 images from the

CMU-PIE databases and 1,940 images from the FERET database.
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between the opposite lighting direction and the positive -axis, and #t is the

angle between the opposite lighting direction and the - plane. These angles are
related to and by tan cos tan sin . To simplify the nota-
tion, we replace the constant 1 2 2 by . For easier analysis, we assume

that frontal face objects are bi-laterally symmetric about the vertical midlines of
the faces.

.1 The illumination problem in face recognition

The illumination problem 1s illustrated in Fig. 18, where the same face appears
different due to a change in lighting. The changes induced by illumination are
often larger than the differences between individuals, causing systems based on
comparing images to mis-classify input images. This was experimentally observed
in [3] using a dataset of 25 individuals.

Fig. 18. In each row, the same face appears di erently under di erent illuminations (from
the ale face database).

In [167], an analysis is carried out of how illumination variation changes the eigen-
subspace projection coefficients of images under the assumption of a ambertian
surface. Consider the basic expression for the subspace decomposition of a face

Projection Coefficients

Fig. 19. Changes of pro ection vectors due to class variation (a) and illumination change
(b) is of the same order [ ].
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image : 1 ,where  is the average image, are the eigenimages,
and  are the projection coefficients. Assume that for a particular individual we
have a prototype image  that is a normally lighted frontal view ( 0 0 in
Eq. 6) in the database, and we want to match it against a new image of the same
class under lighting ( 1). The corresponding subspace projection coefficient
vectorsa [ 1 9 ] (for )anda [ 1 » ] (for ) are computed
as follows:

(7)

where  denotes the sum of all element-wise products of two matrices (vectors). If
we divide the images and the eigenimages into two halves, e.g. left and right, we
have

(8)

Based on Eq. 6, the symmetric property of eigenimages and face objects, we have

2 [ 1 [ ]
01 101y ] ©

leading to the following relation:

1 1
a (—a) —[, ] a (10)
where 200 11D [ ]and a is the projection coefficient vector
of the average image : | 1 ]. Now let us assume that the

training set is extended to include mirror images as in [84]. A similar analysis can
be carried out, since in such a case the eigenimages are either symmetric (for most
leading eigenimages) or anti-symmetric.

In general, Eq. 10 suggests that a significant illumination change can seriously
degrade the performance of subspace-based methods. Figure 19 plots the pro-
jection coefficients for the same face under different illuminations ( [0 40 ],

[0 180 ]) and compares them against the variations in the projection coeffi-
cient vectors due to pure differences in class.

In general, the illumination problem is quite difficult and has received consider-
able attention in the image understanding literature. In the case of face recogni-
tion, many approaches to this problem have been proposed that make use of the
domain knowledge that all faces belong to one face class. These approaches can
be divided into four types [167]: 1) heuristic methods, e.g. discarding the leading
principal components; 2) image comparison methods in which appropriate image
representations and distance measures are used; 3) class-based methods using mul-
tiple images of the same face in a fixed pose but under different lighting conditions;
and 4) model-based approaches in which 3D models are employed.

6.1.1 euristic pproac es Many existing systems use heuristic methods to
compensate for lighting changes. For example, in [113] simple contrast normal-
ization is used to preprocess the detected faces, while in [147] normalization in
intensity is done by first subtracting a best-fit brightness plane and then applying
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histogram equalization. In the face eigen-subspace domain, it was suggested and
later experimentally verified in [12] that by discarding a few most significant princi-
pal components, variations due to lighting can be reduced. The plot in Figure 19(b)
also supports this observation. However, in order to maintain system performance
for normally illuminated images, while improving performance for images acquired
under changes in illumination, it must be assumed that the first three principal
components capture only variations due to lighting. Other heuristic methods based
on frontal-face symmetry have also been proposed [167].

6.1.2  age Co parison pproac es In [3], approaches based on image compar-
ison using different image representations and distance measures were evaluated.
The image representations used were edge maps, derivatives of the gray level, im-
ages filtered with 2D Gabor-like functions, and a representation that combines a
log function of the intensity with these representations. The distance measures
used were pointwise distance, regional distance, affine-G  (gray level) distance, lo-
cal affine-G distance, and log pointwise distance. For more details about these
methods and about the evaluation database, see [3]. Tt was concluded that none of
these representations alone can overcome the image variations due to illumination.

A recently proposed image comparison method [78] used a new measure robust
to 1llumination change. The rationale for develop such a method of directly com-
paring images 1s the potential difficulty of building a complete representation of
an object’s possible images as suggested in [13]. The authors argued that it is not
clear whether 1t 1s possible to construct the complete representation using a small
number of training images taken under uncontrolled viewing conditions and con-
taining multiple light sources. It was shown that given two images of an object with
unknown structure and albedo, there is always a large family of solutions. Even
in the case of given light sources, only two out of three independent components
of the Hessian of the surface can be determined. Instead, the authors argue that
the ratio of two images of the same object is simpler than if the images were from
different objects. Based on this observation, the complexity of the ratio of two
aligned images was proposed as the similarity measure. More specifically, we have

. (1

(12)

for images of different objects. They choose the integral of the magnitude of the
gradient of the function (ratio image) as the measure of complexity and propose
the following symmetric similarity measure:

() min( ) (=) — (13)

They noticed the similarity between this measure and the measure that simply com-
pares the edges. It is also clear that the measure is not strictly illumination-invariant
because 1t changes for a pair of images of the same object when the illumination
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Fig. 20. Testing the invariance of the uotient image to varying illumination. (a) rig-
inal images of a novel face taken under five di erent illuminations. (b) The -images
corresponding to the novel images, computed with respect to the bootstrap set of ten

ob ects [ ] (Courtesy of T. Riklin-Raviv and A. Shashua).

changes. Experiments on face recognition showed improved performance over eigen-
faces, which were somewhat worse than the illumination cone based method [59]
on the same set of data.

6.1.3 Class ase  pproac es nder the assumptions of ambertian surfaces
and no shadowing, a 3D linear illumination subspace for a person was constructed
in [141; 68; 115; 13; 130] for a fixed viewpoint, using three aligned faces/images
acquired under different lighting conditions. nder ideal assumptions, recognition
based on this subspace is illumination-invariant. More recently, an illumination
cone has been proposed as an effective method of handling illumination variations,
including shadowing and multiple light sources [13; 59]. This method is an extension
of the 3D linear subspace method [141; 68] and has the same drawback, requiring
at least three aligned training images acquired under different lighting conditions
per person. A more detailed review of this approach and its extension to handle
the combined illumination and pose problem will be presented in Section 6.2.

More recently, a method based on wuotient ¢ ages was introduced [130]. ike
other class-based methods, this method assumes that the faces of different indi-
viduals have the same shape and different textures. Given two objects a, , the
quotient image  is defined to be the ratio of their albedo functions , and
hence is illumination invariant. Once  is computed, the entire illumination space
of object a can be generated by  and a linear illumination subspace constructed
from three images of object . To make this basic idea work in practice, a train-
ing set (called the bootstrap set in the paper) is needed that consists of images
of  objects under various lighting conditions, is needed, and the quotient image
of a novel object is defined relative to the average object of the bootstrap set.
More specifically, the bootstrap set consists of 3 images taken from three fixed,
linearly independent light sources 1, 5, and  that are not known. nder this
assumption, any light source can be expressed as a linear combination of the

11 5 9 . The authors further defined the normalized albedo function

of the bootstrap set as the squared sum of the |, where is the albedo function

of object . An interesting energy/cost function is defined that is quite different

from the traditional bilinear form. et 1, 4, | be 3 matrices whose
columns are images of object (from the bootstrap set) that contain the same
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Fig. 21. Image synthesis example. riginal image (a) and its uotient image (b) from the
bootstrap set. The uotient image is generated relative to the average ob ect of

the bootstrap set, shown in (c),(d) and (e). Images (f) through (k) are synthetic images

created from (b) and (c),(d), (e) [ ] (Courtesy of T. Riklin-Raviv and A. Shashua).

pixels; then the bilinear energy/cost function [52] for an image  of objet under
illumination is

( )? (14)

which is a bilinear problem in the  unknowns and 3 unknowns . For compar-
ison, the proposed energy function is

( y (15)
1

This formation of the energy function is a major reason why the quotient image
method works better than “reconstructionist” methods based on Eq. 14 in terms of
smaller size of the bootstrap set and less requirement for pixel-wise image alignment.
As pointed out by the authors, another factor contributing to the success of using
only a small bootstrap set is that the albedo functions occupy only a small subspace.
Figure 20 demonstrates the invariance of the quotient image against change in
illumination conditions; the image synthesis results are shown in Fig. 21.

6.1.4 o0 el ase pproac es In model-based approaches, a 3D face model is
used to synthesize the virtual image from a given image under desired illumination
conditions. When the 3D model is unknown, recovering the shape from the images
accuratel is difficult without using any priors. Shape-from-Shading (SFS) can be
used if only one image is available; Stereo or Structure from Motion can be used
when multiple images of the same object are available.

Fortunately, for face recognition the differences in the 3D shapes of different
face objects are not dramatic. This is especially true after the images are aligned
and normalized. Recall that this assumption was used in the class-based methods
reviewed above. sing a statistical representation of the 3D heads, PCA was sug-
gested as a tool for solving the parametric SFS problem [5]. An eigenhead approx-
imation of a 3D head was obtained after training on about 300 laser-scanned range
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Fig. 22. Image rendering comparison. The original images are shown in the first column.
The second column shows prototype images rendered using the local SFS algorithm [ ].
Prototype images rendered using symmetric SFS are shown in the third column. Finally,
the fourth column shows real images that are close to the prototype images [ ].

images of real human heads. The ill-posed SFS problem is thereby transformed into
a parametric problem. The authors also demonstrate that such a representation
helps to determine the light source. For a new face image, its 3D head can be
approximated as a linear combination of eigenheads and then used to determine
the light source. sing this complete 3D model, any virtual view of the face image
can be generated. A major drawback of this approach is the assumption of constant
albedo. This assumption does not hold for most real face images, even though it is
the most common assumption used in SFS algorithms.

To address the issue of varying albedo, a irect 2D-to-2D approach was proposed
based on the assumption that front-view faces are symmetric and making use of a
generic 3D model [171]. Recall that a prototype image  is a frontal view with

0 0. Substituting this into Eq. 6, we have

1
[ ] 1 2z @ (16)

Comparing (6) and (16), we obtain

[ ] ﬁ([ 1 ) (17)

This simple equation relates the prototype image to [ ] [ ], which is
already available. The two advantages of this approach are: 1) there is no need
to recover the varying albedo [ ]; 2) there is no need to recover the full shape
gradients ( ); can be approximated by a value derived from a generic 3D shape.
As part of the proposed automatic method, a model-based light source identifica-
tion method was also proposed to improve existing source-from-shading algorithms.
Figure 22 shows some comparisons between rendered images obtained using this
method and using a local SFS algorithm [153].  sing the ale and Weizmann
databases (Table b), significant performance improvements were reported when the
prototype images are used in a subspace DA system in place of the original input
images [171]. In these experiments, the gallery set contains about 500 images from
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various databases and the probe set contains 60 images from the ale database and
96 images from the Weizmann database.

Fig. 23. The first nine harmonic images of a face ob ect (from left to right, top to bot-
tom) [ ] (Courtesy of R. Basri and D. acobs).

Recently, a general method of approximating ambertian reflectance using second-
order spherical harmonics has been reported [11]. Assuming ambertian objects
under distant, isotropic lightng, the authors were able to show that the set of all
reflectance functions can be approximated using the surface spherical harmonic ex-
pansion. Specifically, they have proved that using a second-order (nine harmonics,
i.e. 9D-space) approximation, the accuracy for any light function exceeds 97.97
They then extend this analysis to image formation, which is a much more diffi-
cult problem due to possible occlusion, shape and albedo variations. As indicated
by the authors, worst-case image approximation can be arbitrarily bad, but most
cases are good. sing their method, an image can be decomposed into so-called

ar onic © ages, which are produced when the object is illuminated by harmonic
functions. The nine harmonic images of a face are plotted in Fig. 23. An interesting
comparison was made between the proposed method and the 3D linear illumination
subspace methods [141; 68]; the 3D linear methods are just first-order harmonic
approximations without the DC components.

Assuming pre-computed object pose and known color albedo/texture, the authors
reported an 86 correct recognition rate when applying this technique to the task
of face recognition using a probe set of 10 people and a gallery set of 42 people.

.2 The pose problem in face recognition

It is not surprising that the performance of face recognition systems drops signif-
icantly when large pose variations are present in the input images. This difficulty
was documented in the FERET and FRVT test reports [128; 25; 124], and was
suggested as a major research issue. When illumination variation is also present
the task of face recognition becomes even more difficult. Here we focus on the out-
of-plane rotation problem, since in-plane rotation is a pure 2D problem and can be
solved much more easily.
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Earlier methods focused on constructing invariant features [162] or synthesizing
a prototypical view (frontal view) after a full model is extracted from the input
image [90].? Such methods work well for small rotation angles, but they fail when
the angle is large, say 60 , causing some important features to be invisible. Most
proposed methods are based on using large numbers of multi-view samples. This
seems to concur with the findings of the psychology community; face perception
is believed to be view-independent for small angles, but view-dependent for large
angles.

To assess the pose problem more systematically, an attempt has been made to
classify pose problems [168; 167]. The basic idea of this analysis is to use a varying-
albedo reflectance model (Eq. 6) to synthesize new images in different poses from
a real image, thus providing a tool for simulating the pose problem. More specifi-
cally, the 2D-to-2D image transformation under 3D pose change has been studied.
The drawback of this analysis is the restriction of using a generic 3D model; no
deformation of this 3D shape is carried out, though the authors suggest doing so.

Researchers have proposed various methods of handling the rotation problem.
They can be divided into three classes [167]: 1) multiview image methods, when
multiview database images of each person are available; 2) hybrid methods, when
multiview training images are available during training but only one database image
per person is available during recognition; and 3) single image/shape based methods
where no training is carried out. [17; 4; 156; 57; 58] are examples of the first class
and [158; 135; 105; 19; 18; 41] of the second class. p to now, the second type of
approach has been the most popular. The third approach does not seem to have
received much attention.

6.2.1  ulti ze ase  pproac es One of the earliest examples of the first class
of approaches is the work of Beymer [17], which uses a template-based correlation
matching scheme. In this work, pose estimation and face recognition are coupled
in an iterative loop. For each hypothesized pose, the input image is aligned to
database images corresponding to that pose. The alignment is first carried out via
a 2D affine transformation based on three key feature points (eyes and nose), and
optical flow is then used to refine the alignment of each template. After this step,
the correlation scores of all pairs of matching templates are used for recognition.
The main limitations of this method, and other methods belonging to this type of
approach, are 1) many different views per person are needed in the database; 2) no
lighting variations or facial expressions are allowed; and 3) the computational cost
is high, since iterative searching is involved.

More recently, an illumination-cone [13] based image synthesis method [57] has
been proposed to handle both pose and illumination problems in face recognition.
It handles illumination variation quite well, but not pose variation. To handle
variations due to rotation, it needs to completely resolve the GBR (generalized-
bas-relief) ambiguity and then reconstruct the Euclidean 3D shape. Without re-
solving this ambiguity, images from non-frontal viewpoints synthesized from a GBR
reconstruction will differ from a valid image by an affine warp of the image coordi-
nates.? To address GBR ambiguity, the authors propose exploiting face symmetry

ne exception is the multi-view eigenfaces of [122].
GBR is a 3D a ne transformation with three parameters: scale, slant, and tilt. A weak-
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d.

Fig. 24. The process of constructing the illumination cone: a. The seven training images
from Subset (near frontal illumination) in frontal pose. b. Images corresponding to the
columns of . c. Reconstruction up to a GBR transformation. n the left, the surface
was rendered with at shading, i.e., the albedo was assumed to be constant across the
surface, while on the right the surface was texture-mapped using the first basis image of

shown in Figure 2 b. d. Synthesi ed images from the illumination cone of the face
under novel lighting conditions but fixed pose. Note the large variations in shading and
shadowing as compared to the seven training images. (Courtesy of A. Georghiades, P.
Belhumeur, and D. Kriegman)

(to correct tilt) and the fact that the chin and the forehead are at about the same
height (to correct slant), and requiring that the range of heights of the surface be
about twice the distance between the eyes (to correct scale) [58]. They propose a
pose- and illumination-invariant face recognition method based on building illumi-
nation cones at each pose for each person. Though conceptually this is a good idea,
in practice it is too expensive to implement. The authors suggested many ways of
speeding up the process, including first subsampling the illumination cone and then
approximating the subsampled cone with a 11-D linear subspace. Experiments on

perspective imaging model is assumed.
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Fig. 25. Synthesi ed images under variable pose and lighting generated from the train-
ing images shown in Figure 2 a. (Courtesy of A. Georghiades, P. Belhumeur, and D.
Kriegman).

building illumination cones and on 3D shape reconstruction based on seven training
images per class were reported. To visualize illumination-cone based image synthe-
sis, see Fig. 24. Figure 25 demonstrates the effectiveness of image synthesis under
variable pose and lighting after the GBR ambiguity is resolved. Almost perfect
recognition results on ten individuals were reported using nine poses and forty-five
viewing conditions.

6.2.2 i pproac es Numerous algorithms of the second type have been
proposed. These methods, which make use of prior class information, are the most
successful and practical methods up to now. We review several representative
methods here: 1) a view-based eigenface method [122], 2) a graph matching based
method [162], 3) a linear class based method [158; 26], 4) a vectorized image repre-
sentation based method [19; 18], and 5) a view-based appearance model [41]. Some
of the reviewed methods are very closely related — for example, methods 3, 4 and
5. Despite their popularity, these methods have two common drawbacks: 1) they
need many example images to cover the range of possible views; 2) the illumination
problem is not explicitly addressed, though in principle it can be handled if images
captured under the same pose but different illumination conditions are available.

The popular eigenface approach [155] to face recognition has been extended to
a view-based eigenface method in order to achieve pose-invariant recognition [122].
This method explicitly codes the pose information by constructing an individual
eigenface for each pose. More recently, a unified framework called the bilinear
model was proposed in [52] that can handle either pure pose variation or pure class
variation. (A bilinear example is given in Eq.14 for the illumination problem.)

In [162], a robust face recognition scheme based on EBGM is proposed. The au-
thors assume a planar surface patch at each feature point (landmark), and learn the
transformations of “jets” under face rotation. Their results demonstrate substantial
improvement in face recognition under rotation. Their method is also fully auto-
matic, including face localization, landmark detection, and flexible graph matching.
The drawback of this method is its requirement for accurate landmark localization,
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Best Fit New View New View

Fig. 26. The best fit to a profile model is pro ected to the frontal model to predict new
views [ ] (Courtesy of T. Cootes, K. Walker, and C. Taylor).

which is not an easy task, especially when illumination variations are present.

The image synthesis method in [158] is based on the assumption of linear 3D
object classes and the extension of linearity to images (both shape and texture) that
are 2D projections of the 3D objects. It extends the linear shape model (which is
very similar to the active shape model of [40]) from a representation based on feature
points to full images of objects. To implement this method, a correspondence
between images of the input object and a reference object is established using optical
flow. Correspondences between the reference image and other example images
having the same pose are also computed. Finally, the correspondence field for the
input image is linearly decomposed into the correspondence fields for the examples.
Compared to the parallel deformation scheme in [19], this method reduces the need
to compute correspondences between images of different poses. On the other hand,
parallel deformation was able to preserve some peculiarities of texture that are
nonlinear and that could be “erased” by linear methods. This method is extended
in [135] to include an additive error term for better synthesis. In [26], a morphable
3D face model consisting of shape and texture is directly matched to single/multiple
input images. As a consequence, head orientation, illumination conditions, and
other parameters can be free variables subject to optimization.

In [41], a view-based statistical method is proposed that is based on using a small
number of 2D statistical models (AAM). nlike most existing methods that can
handle only images with rotation angles up to, say 45 , the authors argue that their
method can handle even profile views in which many features are invisible. To deal
with such large pose variations, they need sample views at 90 (full profile), 45
(quasi-profile), and 0 (frontal view). A key element that is unique to this method
is that for each pose, a different set of features is used. Given a single image of a
new person, all the models are used to match the image, and estimation of the pose
is achieved by choosing the best fit. To synthesize a new view from the input image,
the relationship between models at different views are learned. More specifically,
the following steps are needed: 1) removing the effects of orientation, 2) projecting
into the identity subspace [47], 3) projecting across into the subspace of the target
model, and 4) adding the appropriate orientation. Figure 26 demonstrates the
synthesis of a virtual view of a novel face using this method. Results of tracking
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Fig. 27. View synthesis by parallel deformation. First (A) the prototype ow is measured
between the prototype image and the novel image at the same pose, then (B) the ow is
mapped onto the novel face, and finally (C) the novel face is 2D warped to the virtual

view [ ].

a face across large pose variations and predicting novel views were reported on a
limited dataset of about 15 short sequences.

Earlier work on multiview based methods [17] was extended to explore the prior
class information that is specific to a face class and can be learned from a set of
prototypes [18; 19]. The key idea of these methods is the vectorized representation
of the images at each pose; this is similar to view-based AAM [41]. A vectorized
representation at each pose consists of both shape and texture, which are mapped
into the standard/average reference shape. The reference shape is computed off-
line by averaging shapes consisting of manually defined line segments surrounding
the eyes, eyebrows, nose, mouth and facial outline. The shape-free texture is rep-
resented either by the original geometrically normalized prototype images or by
PCA bases constructed from these images. Given a new image, a vectorization
procedure (similar to the iterative energy minimization procedure in AAM [39]) is
invoked that iterates between a s ape step and a te t re step. In the texture
step, the input image is warped onto a previously computed alignment with the
reference shape and then projected into the eigen-subspace. In the shape step, the
PCA-reconstructed image is used to compute the alignment for next iteration. In
both methods [18; 19], an optical flow algorithm is used to compute a dense corre-
spondence between the images. To synthesize a virtual view at pose 5 of a novel
image at pose 1, the flow between these poses of the prototype images is com-
puted and then warped to the novel image after the correspondence between the
new image and the prototype image at pose 1 is computed; using the warped flow,
a virtual view can be generated by warping the novel image. Figure 27 illustrates a
particular procedure adopted in [19]: the parallel e or ation needed to compute
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the flow between the prototype image and the novel image. An obvious drawback
of this approach is the difficulty of computing flow when the prototype image and
novel image are dramatically different. To handle this issue, [18] proposes first sub-
sampling the estimated dense flow to locate local features (line segments) based on
prior knowledge about both images, and then matching the local features. Feeding
the virtual views into a simple recognizer based on templates of eyes, nose, and
mouth, a recognition rate of 85 was reported on a test set of 620 images (62
people, 10 views per person) given one single real view. Apparently this method
is not adequate, since it needs to synthesize all virtual views. A better strategy is
to detect the pose of the novel face and synthesize only the prototype (say) frontal
view.

6.2.3 ngle age ase pproac es Finally, the third class of approaches in-
cludes low-level feature based methods, invariant feature based methods, and 3D
model based methods. In [101], a Gabor wavelet based feature extraction method
is proposed for face recognition which is robust to small-angle rotations. In these
methods, face shape is usually represented by either a polygonal model or a mesh
model which simulates tissue. Due to its complexity and computational cost, no
serious attempt to apply this approach to face recognition has been made, except
for [64], where 3D range data is available. In [168], a unified approach was proposed
to solving both the pose and illumination problems. This method is a natural ex-
tension of the method proposed in [169] to handle the illumination problem. sing
a generic 3D model, they approximately solve the correspondence problem involved
in a 3D rotation, and perform an input-to-prototype image computation. To ad-
dress the varying albedo issue in the estimation of both pose and light source, the
use of a sel ratio i age is proposed. The self-ratio image [ ] is defined as

[ ]

18
1 1T 1] 1
where [ ] is the original image and | ] is the mirrored image.
sing the self-ratio image, which is albedo-free, the authors formulate the follow-
ing combined estimation problem for pose and light source ( ):

( ) arg min[ () I (19)

where is the self-ratio image for the virtual frontal view synthesized from
the original rotated image via image warping and texture mapping, and

is the self-ratio image generated from the 3D face model. Improved recognition
results based on subspace DA [171] were reported on a small database consisting
of frontal and quasi-profile images of 115 novel objects (size 48  42). In these
experiments, the frontal view images serve as the gallery images and non-frontal
view images serve as the probe images. nfortunately, estimation of a single pose
value for all the images was done manually. For many images, this estimate was
not good, negating the performance improvement.

. SUMMARY AND CONCLUSIONS

In this paper we have presented an extensive survey of machine recognition of hu-
man faces and a brief review of related psychological studies. We have considered
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two types of face recognition tasks: one from still images and the other from video.
We have categorized the methods used for each type, and discussed their charac-
teristics and their pros and cons. In addition to a detailed review of representative
work, we have provided summaries of current developments and of challenging is-
sues. We have also identified two important issues in practical face recognition
systems: the illumination problem and the pose problem. We have categorized
proposed methods of solving these problems and discussed the pros and cons of
these methods. To emphasize the importance of system evaluation, three sets of
evaluations were described: FERET, FRVT, and XM2VTS.

Getting started in performing experiments in face recognition is very easy. The
Colorado State niversity’s Evaluation of Face Recognition Algorithms website,
http://www.cs.colostate.edu/evalfacerec/ has an archive of baseline face recogni-
tion algorithms. Baseline algorithms available are PCA, DA, elastic bunch graph
matching, and Bayesian Intrapersonal / Extrapersoanl Image Diffference Classifier.
Source code and scripts for running the algorithms can be downloaded. The web-
site includes scripts for running the FERET Sep96 evaluation protocol (the FERET
data set needs to obtained from the FERET website). The baseline algorithms and
FERET Sep96 protocol provide a framework for benchmarking new algorithms.
The scripts can be modified to run different sets of images against the baseline. For
on-line resources related to face recognition, such as research papers and databases,
see Table 5.

We give below a concise summary, followed by conclusions, in the same order as
the topics appear in the paper.

—Machine recognition of faces has emerged as an active research area spanning
disciplines such as image processing, pattern recognition, computer vision, and
neural networks. There are numerous applications of FRT to commercial systems
such as face verification based ATM and access control, as well as law enforce-
ment applications to video surveillance, etc. Due to its user-friendly nature, face
recognition will remain a powerful tool in spite of the existence of very reliable
methods of biometric personal identification such as fingerprint analysis and iris
scans.

—FExtensive research in psychophysics and the neurosciences on human recognition
of faces is documented in the literature. We do not feel that machine recognition
of faces should strictly follow what is known about human recognition of faces,
but 1t is beneficial for engineers who design face recognition systems to be aware
of the relevant findings. On the other hand, machine systems provide tools for
conducting studies in psychology and neuroscience.

—Numerous methods have been proposed for face recognition based on image in-
tensities [37]. Many of these methods have been successfully applied to the task
of face recognition, but they have advantages and disadvantages. The choice of a
method should be based on the specific requirements of a given task. For exam-
ple, the EBGM-based method [117] has very good performance, but it requires
an image size, e.g., 128 128, which severely restricts its possible application to
video-based surveillance where the image size of the face area is very small. On
the other hand, the subspace DA method [171] works well for both large and
small images, e.g., 96 84 or 12 11.



Face Recognition: A Literature Survey . 63

—Recognition of faces from a video sequence (especially, a surveillance video) is
still one of the most challenging problems in face recognition because video is
of low quality and the images are small. Often, the subjects of interest are
not cooperative, e.g., not looking into the camera. One particular difficulty in
these applications is how to obtain good-quality gallery images. Nevertheless,
video-based face recognition systems using multiple cues have demonstrated good
results in relatively controlled environments.

—A crucial step in face recognition is the evaluation and benchmarking of algo-
rithms. Two of the most important face databases and their associated evalua-
tion methods are reviewed: the FERET, FRVT, and XM2VTS protocols. The
availability of these evaluations has had a significant impact on progress in the
development of face recognition algorithms.

—Although many face recognition techniques have been proposed and have shown
significant promise, robust face recognition is still difficult. There are at least
three major challenges: illumination, pose and recognition in outdoor imagery. A
detailed review of methods proposed to solve these problems has been presented.
Some basic problems remain to be solved; for example, pose discrimination is not
difficult but accurate pose estimation is hard. In addition to these two problems,
there are other even more difficult ones, such as recognition of a person from
images acquired years apart.

—The impressive face recognition capability of the human perceptual system has
one limitation: the number and types of faces that can be easily distinguished.
Machine systems, on the other hand, can store and potentially recognize as many
people as necessary. Is it really possible that a machine can be built that mimics
the human perceptual system without its limitations on number and types

To conclude our paper, we present a conjecture about face recognition based on
psychological studies and lessons learned from designing algorithms. We conjecture
that different mechanisms are involved in human recognition of familiar and unfa-
miliar faces. For example, it is possible that 3D head models are constructed, by
extensive training for familiar faces, but for unfamiliar faces, multi-view 2D images
are stored. This implies that we have full probability density functions for familiar
faces; while for unfamiliar faces we only have discriminant functions.
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esearc ointers

Face Recognition Homepage
Face Detection Homepage
Facial Analysis Homepage

Facial Animiation Homepage

www.cs.rug.nl/ peterkr/FACE/frhp.html
home.t-online.de/home/Robert.Frischhol /face.htm
mambo.ucsc.edu/psl/fanl.html
mambo.ucsc.edu/psl/fan.html

ace ata ases
FERET database
M2TVS database
T Dallas database
Notre Dame database
MIT face databases
Shimon Edelman’s face database
CM face detection database
CM PIE database
Stirling face database
M2VTS multimodal database
ale face database
ale face database B
Harvard face database
Wei mann face database
MIST face database
Purdue

livetti face database

niversity face database

ulu physics-based face database

http://www.itl.nist.gov/iad /humanid /feret/
http://www.ee.surrey.ac.uk/Research/VSSP /xm2vtsdb/
http://www.utdallas.edu/dept/bbs/FAC LT
http://www.nd.edu/ cvrl/HID-data.html
ftp://whitechapel.media.mit.edu/pub/images/
ftp://ftp.wisdom.wei mann.ac.il/pub/FaceBase/
www.ius.cs.cmu.edu/T S/dylan_usr /har/faces/test/
www.ri.cmu.edu/pro ects/pro ect-  .html
pics.psych.stir.ac.uk
www.tele.ucl.ac.be/M2VTS/

cvc.yale.edu/pro ects/yalefaces/yalefaces.html
cvc.yale.edu/pro ects/yalefacesB/yalefacesB.html
hrl.harvard.edu/pub/faces

www.wisdom.wei mann.ac.il/ yael/
images.ee.umist.ac.uk/danny/database.html

rvl .ecn.purdue.edu/ aleix/aleix_face_DB.html
www.cam-orl.co.uk/facedatabase.html
www.ee.oulu.fi/research /imag/color/pbfd.html

Table 5.

Internet resources for research and databases.
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