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1.1 INTRODUCTION

Faces provide a wide range of information about a person’s identity, race, sex,
age and emotional state. In most cases, humans easily derive such information
by processes that appear rapid and automatic. However, upon closer inspec-
tion one finds these processes to be diverse and complex. In this chapter, the
perception of identity and emotion is examined. We argue that the two can-
not be studied independently of each other because the internal computational
processes are intertwined. Next, a computational model is developed for the
processing of expression variant face images. This model is then applied to
matching the identity of face images with differing expression. Finally, the
model is used to classify expressions from face images.

1.1.1 Perception of Identity and Emotion

Historically, research on human face perception has taken two perspectives.
The first involves the recognition of individual identity through perception of
the face. The second involves the perception of emotional expression from
the face. This division between facial recognition and perception of emo-
tional expression has its roots in clinical observations. In a condition known
as prosopagnosia, patients are unable to recognize faces of people familiar to
them while perception of expression remains relatively intact [1]. This con-
dition typically results from brain injury or stroke, however, some cases of
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congenital prosopagnosia have been observed [5]. The preservation of emo-
tional perception amidst a loss of recognition suggests that two relatively
independent systems are involved in face perception. A condition known as
Capgra’s delusion offers complementary support to this theory [23]. Capgra’s
delusion is the belief that significant others are no longer who they were. In-
stead, they are thought to have been replaced by doubles, impostors, robots,
or aliens. Patients with Capgra’s delusion are able to recognize faces; how-
ever, they deny their authenticity. While prosopagnosia is the inability to
recognize previously familiar faces, there is some evidence that the ability
to discriminate familiar faces is retained outside of conscious awareness – a
normal elevated skin conductance is observed in response to familiar faces.
Thus, prosopagnosia can be characterized as a failure in conscious face recog-
nition coupled with an intact unconscious or covert mechanism. Conversely,
Capgra’s delusion may be characterized as an intact conscious face recogni-
tion system coupled with a failure in covert or unconscious recognition. The
anomalous perceptual experiences arising from failure of the covert processing
system must be explained by the individual to him or herself – the delusions
arise as an attempt to explain or make sense of an abnormal experience.

While prosopagnosia and Capgra’s delusion offer compelling illustrations
of two major facets of face perception, there is still considerable debate as to
the level of independence between face recognition and perception of expres-
sion. Nonetheless, past research has tended to treat these two aspects of face
perception as involving relatively separate systems. Hence, prior research in
face recognition and perception of emotional expression will first be reviewed
separately. Finally, an attempt will be made to reconcile the two perspectives.

1.2 FACE RECOGNITION

There is evidence suggesting that the ability to accurately recognize faces re-
lies on an innate cortical face module. The existence of discrete regions of
the cerebral cortex specialized for face perception was investigated by Kan-
wisher, McDermott, and Chun [41]. Face perception was defined to include
any higher-level visual processing of faces ranging from the detection of a face
as a face to the extraction of information relative to identity, gaze, mood,
or sex. A region of the fusiform gyrus that responded differentially to pas-
sive face viewing compared to passive object viewing was found and has been
subsequently described as the fusiform face area (FFA). This region did not
simply respond to animal or human images or body parts but to faces in
particular. Additionally, this region generalizes to respond to images of faces
taken from a different viewpoint with considerably different low-level features
from the original set of face images.

In contrast to the notion that humans are hardwired for face perception, it
has been suggested that face recognition is a natural consequence of extensive
experience with faces. As a model of this process, a flexible process map was
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proposed by Tarr and Gauthier [64]. This model is based on the observation
that a number of extrastriate areas are involved in visual object processing and
recognition. Through experience with particular visual geometries, associa-
tions arise linking task-appropriate recognition strategies that automatically
recruit components of the process map. The strong activation of the fusiform
gyrus in face processing is thought to be a result of the extensive experience
with faces common to all humans. Recognition of faces typically occurs at
an individual or sub-category level. In contrast, most objects encountered in
daily life are differentiated at a category level. It is suggested that the fusiform
gyrus represents a cortical area in which sub-category discrimination occurs.
The ubiquitous experience with faces, and the subsequent development of ex-
pertise, is reflected in the activation of the fusiform gyrus in face processing.
However, this should not be interpreted to mean the fusiform gyrus is a ded-
icated module for face processing alone. In a study of the involvement of the
fusiform gyrus with expert-level discrimination, subjects were trained to dis-
criminate novel objects known as greebles [29]. Functional imaging revealed
increased activation of the right fusiform gyrus during expert-level discrimi-
nation tasks. The authors hold that expertise is an important factor leading
to the specialization of the fusiform gyrus in face processing.

An interactive specialization view in which cortical specialization is an
emergent product of the interaction of both intrinsic and extrinsic factors has
been proposed [18]. According to this view, the development of face recogni-
tion relies on two processes. The first process, termed Conspec, is a system
operating from birth that biases the newborn to orient toward faces. It is me-
diated by primitive subcortical circuits. The second process, termed Conlern,
relies on a system sensitive to the effects of experience through passive expo-
sure to faces. It is mediated by the developing cortical circuits in the ventral
visual pathway. Newborn infants show evidence of recognizing facial identity.
Before the specialization of cortical circuits, face stimuli are processed in the
same manner as other visual stimuli. This ability is then augmented as the
Conlern system emerges at around 6 to 8 weeks of age. Newborns also exhibit
preferential tracking, however, it is not specific to the fine details of facial
features but relies on the arrangements of the elements comprising the face,
i.e. configural information. This preferential tracking declines sharply at 4
to 6 weeks of age, similar to the decline seen in other reflex-like behaviors
thought to be due to inhibition by developing cortical circuits. In addition,
it has been observed that newborns orient to patterns with a higher density
of elements in the upper visual field. Infants also demonstrate the ability to
recognize individual facial identity, gazing longer at the mother’s face than
the face of a stranger. Cortical development impacts the mental representa-
tion of facial identity. This representation is thought to be multi-dimensional
in that it encodes multiple aspects of a face. While the specific dimensions
of this face space are not clearly delineated, they are thought to be learned
rather than being pre-specified at birth. For an infant, the face space will
contain fewer entries during development than in adulthood. Furthermore,
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infants and children are less likely to use a large number of dimensions since
relatively few are required to distinguish the smaller number of faces in their
environments. Infants develop a face-space at around 3 months of age and
begin to form categories based on the faces they see. The authors offer an
alternative to the view that face processing is merely an example of acquired
expertise. They propose that it is special in that the timing of particular visual
inputs during development is critical for normal development. The regions of
the ventral occipito-temporal cortex have the potential to become specialized
for face recognition but require experience with faces for the specialization to
arise.

A similar conclusion is drawn by Nelson [54] who characterizes face recogni-
tion as an important adaptive function that has been conserved across species.
Monkeys have been observed to utilize a process similar to that of human
adults when studying faces – the internal parts of the face are more signifi-
cant than the external parts. In humans, as in monkeys, it is adaptive for the
young infant to recognize potential caretakers. At around 4 months of age,
human infants exhibit superior recognition performance for upright faces ver-
sus inverted faces. This suggests that they have developed a schema for faces
and have begun to view faces as a special class of stimuli. Between 3 and 7
months, the ability to distinguish mother from stranger becomes more robust.
It is held that the development of face recognition is an experience-expectant
process. Such a process refers to the development of skills and abilities that
are common to all members of the species and depends on exposure to cer-
tain experiences occurring over a particular period of time in development.
The involvement of the inferotemporal cortex in face recognition may have
been selected for through evolutionary pressures or the properties of the neu-
rons and synapses in this region may be particularly tuned to the task of
face recognition. Such specialization occurs rapidly within the first months of
life. As experience with faces increases, perceptual learning leads to further
specialization of this area.

1.2.1 Configural Processing

Maurer, Le Grand, and Mondloch [52] identified three types of configural face
processing: (1) sensitivity to first-order relations, (2) holistic processing, and
(3) sensitivity to second-order relations. Sensitivity to first-order relations
refers to the ability to identify a stimulus as a face based on the basic con-
figuration of two eyes above a nose above a mouth. Holistic processing refers
to the largely automatic tendency to process a face as a gestalt rather than
isolated features. Second order relations refer to the distance among internal
features.

The role of the fusiform face area in the extraction of configural information
from faces and non-faces was investigated by Yovel and Kanwisher [72]. Two
tasks were matched for overall difficulty: subjects were asked to discriminate
sequentially presented image pairs of faces or houses that could differ in (1)
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only the spatial relation between parts and (2) only in the shapes of the parts.
The study was extended by repeating the approach with inverted image pairs.
Thus, four test conditions were used. The FFA showed a significantly higher
activation to faces than houses but showed no difference between the part and
configuration tasks. The inversion effect was absent for houses but equally
strong for part and configuration tasks for houses. The authors conclude
that face perception mechanisms are domain specific (i.e., engaged by faces
regardless of processing type) rather than process specific (i.e., engaged in
specific process depending on task type). The similar results for configuration
and part tasks is contrary to the commonly held view that face processing is
largely configural and that the inversion effect results from the disruption of
configural processing.

1.2.2 Cognitive Model of Face Recognition

In an influential paper, Bruce and Young [11] proposed a functional model
to describe the process of face recognition, Figure 1.1. An abstract visual
representation must be established to mediate recognition even though an
identical image is rarely viewed on successive occasions. This demonstrates
an ability to derive structural codes that capture aspects of the facial structure
essential to distinguish one face from another. Visually derived semantic codes
are useful in describing such factors as age and sex. Identity-specific semantic
codes contain information about a person’s occupation, where he might be
encountered, etc. It is the recovery of identity-specific semantic codes that
creates the feeling of knowing. A name code exists independently of the
identity-specific code. Face recognition units (FRU) are proposed that contain
stored structural codes describing each face known to a person. FRUs can
access identity-specific semantic codes held in associative memory known as
person identity nodes. Names are accessed only through the person identity
nodes. Names are thought to be abstract phonological representations stored
separately from semantic representations but accessed through them.

Ellis [22] employed the Bruce and Young model to explain various blocks in
facial recognition. A temporary block between semantic and name retrieval is
responsible for errors in which the perceiver can remember everything about a
person except his/her name. This theory disallows errors in which the person’s
name is known but the semantic information is not. While parallel access to
semantics and spoken word-forms is believed to occur for the recognition of
familiar written words, this does not seem to be the case for faces. Several
factors influence the speed and accuracy of familiar face recognition. In repe-
tition priming, a face will be recognized as familiar more quickly when it has
been viewed previously. Repetition priming has been observed primarily in
familiarity decisions and is not found in expression or sex decisions. Another
factor affecting face processing is the distinctiveness of the face. In familiar-
ity tasks, distinctiveness results in faster recognition than with more typical
faces. Finally, in associative priming, past co-occurrences between familiar



vi A BIOLOGICALLY INSPIRED MODEL

Fig. 1.1 Cognitive model of face processing (Adapted from Bruce & Young, 1986).

stimuli allow one to predict the recognition of the other. For example, if a
face to be recognized is preceded by a related and familiar face, recognition
will occur more rapidly.

1.3 FACIAL EXPRESSION OF EMOTION

Ekman and colleagues [21], expanding on the work of Darwin [17], identi-
fied six universal emotional expressions: anger, sadness, fear, surprise, hap-
piness, and disgust. Ekman [19] extended his earlier work by compiling a
list of basic emotions including amusement, anger, contempt, contentment,
disgust, embarrassment, excitement, fear, guilt, pride in achievement, relief,
sadness/distress, satisfaction, sensory pleasure, and shame. According to Ek-
man, these emotions share basic characteristics. They are distinctive universal
signals with specific physiological concomitants. They provide automatic ap-
praisal, in particular, to distinctive universals in antecedent events. Emotions
typically have a quick onset which is essential for their adaptive value. It
is also adaptive for the response changes to be of brief duration unless the
emotion is evoked again. In an effort to quantify facial expressions, Ekman
and Friesen [21] developed the Facial Action Coding System (FACS). Facial
expressions were extensively examined and their component motions were de-
termined. Forty-four separate action units (AUs) were identified with five
levels of intensity ranging from A to E. Thirty AUs are related to contraction
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of specific facial muscles. Eight AUs describe different movements related to
head orientation, while four AUs are used to describe eye direction. While the
use of FACS allows a high degree of refinement in classifying facial expres-
sions, Ekman’s approach to emotion and its expression remains categorical
[19].

In contrast, a number of researchers have proposed continuous models of
emotion and facial expressions [68, 59, 60, 58, 13, 61]. The circumplex model
proposed by Russell [59] represents emotions in two dimensions reflecting plea-
sure and arousal. The horizontal dimension ranges from extreme displeasure
(e.g., agony) to extreme pleasure (e.g., ecstasy). The vertical dimension ranges
from sleep at one extreme to frenetic excitement at the other. These two
dimensions form a continuous space without clearly delineated boundaries or
prototypical emotions. This model plays a central role in Russell’s [61] concept
of core affect which is the neurophysiological state accessible as the simplest,
non-reflective feelings. Core affect is always present but may subside into the
background of consciousness. The prototypical emotions described in cate-
gorical approaches map into the core affect model but hold no special status.
According to Russell [61], prototypical emotions are rare; what is typically
categorized as prototypical may in fact reflect different patterns than other
states classified as the same prototype. He states that emotional life comprises
the continuous fluctuations in core affect, the on-going perception of affective
qualities, frequent attribution of core affect to an external stimulus, and in-
strumental behaviors in response to that external stimulus. The many degrees
and variations of these components will rarely fit the pattern associated with
a prototype and will more likely reflect a combination of various prototypes
to varying extents. While Russell makes a compelling argument for the con-
tinuous nature of emotion, humans appear predisposed to experience certain
continuously varying stimuli as belonging to distinct categories.

Facial expressions are controlled by both pyramidal and extrapyramidal
tracts which provide voluntary and automatic control, respectively. Voluntary
control over facial muscles is considered a hallmark of human nonverbal ex-
pression and may be due to the articulatory demands of human language [62].
However, there are notable differences between posed and spontaneous ex-
pressions. Such differences are particularly evident in smiling. The Duchenne
smile is described as the combined contraction of the zygomaticus major and
orbicularis oculi muscles and is thought to occur with spontaneously occur-
ring enjoyment [20]. False smiles are described as those made to convince
another that enjoyment is occurring when it is not. Masking smiles are made
to conceal negative emotions. Miserable smiles denote a willingness to en-
dure an unpleasant situation. The Duchenne smile was found to occur during
solitary enjoyment and was associated with greater left-hemisphere anterior
temporal and parietal activation compared to other smiles [20]. Differences
in the dynamic features of social and spontaneous smiles were investigated by
Cohn and Schmidt [16]. Spontaneous smiles exhibit characteristics of auto-
matic movement. Automatic movements are thought to be pre-programmed
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and are characterized by a consistent relationship between maximum duration
and amplitude of movement. Posed (social) smiles exhibit a far less consistent
relationship between duration and amplitude. Smiles comprise an initial onset
phase, a peak, and an offset phase. The onset phase was used in this study
because it provides the most conspicuous change in the face as perceived by
human observers. Amplitude was found to be smaller in spontaneous smiles
than in social smiles. Timing and amplitude measures were used in a lin-
ear discriminant classifier resulting in a 93% recognition rate. With timing
measures alone, the recognition rate was 89%.

Gallese, Keysers, and Rizzolatti [28] suggest that mirror mechanisms in the
brain allow the direct understanding of the meaning of action and emotions
of others by internally replicating (or simulating) them without any reflective
mediation. Thus, conceptual reasoning is not necessary for such understand-
ing. When action is observed, there is concurrent activation of part of the
same motor areas used to perform the action. Similarly, it is thought that
mirror mechanisms allow individuals to simulate the emotional state of others.
Within the cerebral cortex, the superior temporal sulcus (STS) is activated by
observation of movements of the eyes and head, movements of the mouth, and
meaningful hand movements. Some groups of cells respond preferentially to
hand movements. Typically, the groups respond better to a particular kind
of hand movement. The responsiveness of the cell group is independent of
the object acted upon and the speed at which the hand moves. Additionally,
the responsiveness of the cell group is greater when the movement is goal-
directed. Observation of whole body movements activates a posterior region
of the STS. The STS is also activated by static images of the face and body.
Taken together, this suggests that the STS is sensitive to stimuli that signal
the actions of another individual [2].

Valentine [66] makes the distinction between identification and recognition
in that identification requires a judgment pertaining to a specific stimulus
while recognition requires only a judgment that the face has been seen before.
He posits the capability to reliably distinguish friend from foe would confer an
evolutionary advantage over simply knowing that a face has been seen before.

1.3.1 Categorical Perception of Expression and Emotion

Categorical perception is a psychophysical phenomenon which may occur
when a set of stimuli ranging along a physical continuum is divided into cat-
egories. Categorical perception involves a greater sensitivity to changes in a
stimulus across category boundaries than when the same change occurs within
a single category [31]. Categorical perception has been observed in a variety
of stimuli including colors [10], musical tones [43], among many others. There
is significant evidence that facial expressions are perceived as belonging to dis-
tinct categories. In a study by Calder et al. [14], the categorical perception
of facial expressions based on morphed photographic images was investigated.
Three expression continua were employed: happiness-sadness, sadness-anger,
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and anger-fear. Subjects were first asked to identify the individual stimuli by
placing them along particular expression continua. Subjects were then asked
to perform a discrimination task in which stimuli A, B, and X were presented
sequentially. Subjects were asked whether X was the same as A or B. Results
indicate that each expression continuum was perceived as two distinct cate-
gories separated by a boundary. It was further found that discrimination was
more accurate for across-boundary rather than within-boundary pairs.

In a classic study, Young et al. [71] investigated whether facial expressions
are perceived as continuously varying along underlying dimensions or as be-
longing to discrete categories. Dimensional approaches were used to predict
the consequences of morphing one facial expression to another. Transitions
between facial expressions vary in their effects, depending on how each ex-
pression is positioned in the emotion space. Some transitions between two ex-
pressions may involve indeterminate regions or a third emotion. In contrast, a
transition from one category to another may not involve passing through a re-
gion which itself may be another category. In this case, changes in perception
should be abrupt. Four experiments were conducted using facial expressions
from the Ekman and Friesen series [21]. All possible pairwise combinations
of emotions were morphed and presented randomly. Subjects identified inter-
mediate morphs as belonging to distinct expression categories corresponding
to the prototype end-points. No indeterminate regions or identification of a
third emotion were observed. This supports the view that expressions are
perceived categorically rather than by locating them along underlying dimen-
sions. The authors suggest that categorical perception reflects the underlying
organization of human categorization abilities.

1.3.2 Human Face Perception – Integration

Human face perception engages the visual system in processing multiple as-
pects of faces including form, motion, color, and depth. Visual information
processing in humans has predominantly developed along two fairly segre-
gated pathways: one for form and another for motion. Projections from the
primary visual cortex form a dorsal stream that progresses to portions of
the middle temporal lobe (MT), the medial superior temporal area (MST),
and portions of the parietal lobe associated with visuospatial processing. The
ventral stream, which is associated with object recognition tasks involving tex-
ture and shape discrimination, comprises projections from the primary visual
cortex to the inferior temporal cortex. Behavioral and lesion studies support
a functional distinction between the ventral and dorsal streams with motion
processing occurring primarily in the dorsal stream and shape discrimination
occurring primarily in the ventral stream. Ungerleider, Courtney, and Haxby
[65] suggest that the functional distinction extends to the prefrontal cortex
and the working memory system: ventrolateral areas are involved primarily
in working memory for objects while the dorsolateral areas are primarily in-
volved with spatial working memory. The organization of the human visual
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systems reflects the importance of form and motion in the processing of vi-
sual information. Thus, it is reasonable to consider face processing from this
perspective.

Many neural structures are involved in both recognition and perception of
facial expressions. A distributed neural system for face perception, includ-
ing bilateral regions in the lateral inferior occipital gyri (IOG), the lateral
fusiform gyrus (LFG), and posterior superior temporal sulcus (STS) was in-
vestigated in an fMRI study by Hoffman and Haxby [35]. It was found that
the representation of face identity is more dependent on the IOG and LFG
than the STS. The STS is involved in perception of changeable aspects of
the face such as eye gaze. Perception of eye gaze also activated the spatial
recognition system in the intraparietal sulcus which was thought to encode
the direction of the eye gaze and to focus attention in that direction. These
findings were integrated into a distributed neural model for face perception
formulated by Haxby, Hoffman and Gobbini [32]. The core system comprises
three brain regions involved in separate but inter-connected tasks, Figure 1.2.
The lateral fusiform gyrus processes invariant aspects of faces and is involved
in the perception of identity. The STS processes the dynamic aspects of faces
including expression, eye gaze, and lip movement. The inferior occipital gyri
are involved in the early perception of facial features. A key concept of the
model is that face perception is accomplished through a coordinated partici-
pation of multiple regions.

According to the Bruce and Young model, recognition and expression pro-
cessing function independently. Much of the research reviewed above suggests
a partial independence of the two processes. However, complete independence
is unlikely [15, 56] and it remains to be determined whether their interaction
is direct or indirect [49]. Viewed from the perspective of the visual system,
invariant aspects of the face should engage the ventral stream while variable
aspects or motions should engage the dorsal stream. There is also evidence
that invariant aspects of the face facilitate recognition of a person’s identity
while the variable aspects allow inferences regarding that person’s state of
mind. However, Roark et al. [57] suggest that supplemental information can
be derived from facial motion in the form of dynamic facial signatures which
can augment recognition of familiar faces. Such signatures should be pro-
cessed by the dorsal visual stream ultimately engaging the STS. The authors
also speculate that motion can be useful in enhancing the representation of
invariant aspects of the face. Such structure-from-motion analysis also en-
gages the dorsal stream. They suggest that these concepts be integrated into
Haxby’s distributed neural model.

1.4 MODEL OF EXPRESSION-VARIANT PROCESSING

While Haxby’s distributed neural system is a fairly comprehensive model, it
is still not clear by which mechanism the brain successfully accomplishes the
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Fig. 1.2 Distributed neural system for face perception. (Adapted from Haxby,
Hoffman, & Gobbini, 2000).

matching of two or more face images when differences in facial expression
make the (local and global) appearance of these images different from one
another. There seems to be a consensus that faces are processed holistically
rather than locally, but there is not yet consensus on whether information on
facial expression is passed to the identification process to aid recognition of
individuals or not. As mentioned in the previous section in this chapter, some
models proposed in the past suggest that to recognize people’s identity we
use a process that is completely decoupled from that of recognizing the facial
expression [11]. Others propose that a connection must exist between the two
processes [30]. Psychophysical data exist in favor of and against each view
[12, 44, 24, 25, 70, 63, 4]. Martinez [49] posed a fundamental question in face
recognition: Does the identification process receive information from or inter-
act with the process of facial expression recognition to aid in the recognition of
individuals? It has been noted that subjects are slower in identifying happy
and angry faces than faces with neutral expressions. A model was proposed
in which a motion estimation process is coupled with the processing of the
invariant aspects of the face. Both of these processes contribute to recogni-
tion of identity and the perception of facial expressions. The key element is
the addition of a deformation of the face (DF) module which calculates the
apparent physical deformation between faces by computing the motion field
between faces to be matched. A separate module processes the invariant as-
pects of the face. Both processes occur in tandem and the outputs of both are
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Facial expression
analysis

Recognition of
identity

DYNAMIC CUES

Invariant aspects of faces

Early processing
of facial features

Deformation of the face

f

STATIC CUES

Fig. 1.3 Depiction of the different processes of the model presented in this chapter.
The modules dedicated to the recognition of identity and expression are dissociated,
although they both obtain information from the common process DF (Deformation
of the Face) and from the processes that compute static cues. This is key to explain
the psychophysical date described in the past.

fed into two independent processes: one for the recognition of identity and
the other for analysis of expression. The addition of the DF module offers
an explanation for increases in recognition time for faces with larger defor-
mations - the more complex the deformation, the longer it takes to process
the implied motion. According to this model, it is now logical to expect the
identification of faces to be slower for those cases where a larger deformation
of the face exists, since we need to go through the motion estimation module
DF. The more complex the facial expression, the more time (generally) needed
to compute an approximation of the muscle activity of the face (see Results).
For example, the DF module shown in Fig. 1.3 does not need to estimate any
motion for the neutral facial expression case, but requires the computation of
an approximation of the motion of a smile and other facial expressions.

We hypothesize that the motion field is necessary (or, at least, useful) to
successfully match the local and global features of a set of faces when those
bear distinct facial expressions. It has been shown that motion plays an im-
portant role in recognizing identity and facial expressions in a sequence of
images [34, 67, 45]. In addition, uncommon deformations or uncommon sam-
pling times disrupt identification of individuals [33] and of facial expressions
[40]. This seems reasonable, because the local texture of a face changes con-
siderably as the facial expression also changes. Facial expressions change the
local texture of each of local face areas which appear quite distinct under dif-
ferent expressions. A classification (or identification) algorithm, however, will
need to find where the invariant features are. The motion field (deformation)
between the two images that one wants to match can be used to determine
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the features that have changed the least between the two images, and thus,
which are the best candidates for matching purposes.

1.4.1 Recognition of Identity

Consider two different images, I1 and I2, both of n pixels. We can redefine the
images as vectors taking values in an n-dimensional space. We shall denote
this as V1 and V2, with Vi ∈ R

n. The advantage of doing this is that it allows
comparisons of the images by means of vector operations such as subtraction

‖V1 − V2‖ (1.1)

where ‖ · ‖ denotes the L2 norm (i.e., Euclidean distance). In this definition
stated here, we assume that all faces have been aligned (with respect to the
main facial features) in such a way that the eyes, mouths, noses, etc. of each
of the images are at roughly the same pixel coordinates, e.g. [6, 48]. The
approach defined above, in Eq. (1.1), has proven to perform well when frontal
face images with similar facial expressions are compared to each other. How-
ever, this comparison becomes unstable when matching face images bearing
different facial expressions [48]; hence pixels can now carry information of
different features.

The incorporation of the DF process in our model allows us to represent
face processing as

‖f−1(V1 − V2)‖, (1.2)

where f is a function proportional to the motion of each pixel, i.e., the move-
ment representing the facial expression of the test image. Intuitively, f is a
function that keeps correspondences between the pixels of the first and sec-
ond images. Eq. (1.2) can be interpreted as follows; pixels (or local areas)
that have been deformed largely due to local musculature activity will have
a low weight, whereas pixels that are less affected by those changes will gain
importance. We can formally define f−1 as taking values linearly inverse to
those of f , i.e.,

MAXF − ‖Fi‖ (1.3)

where F is the motion flow (i.e., motion between two images), Fi the motion
vector at the ith pixel, and MAXF = max∀i‖Fi‖ (the magnitude of the largest
motion vector in the image).

The value of f corresponds thus to the outcome of the DF process. Note
that f defines the face deformation (motion) between two images and, there-
fore, can also be used to estimate the facial expression of a new incoming face
image. As mentioned earlier, experimental data supports this belief.
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1.4.2 Motion estimation

Visual motion between two images can be expressed mathematically by local
deformations that occur in small intervals of time, δt, as

I(x, y, t) = I(x + uδt, y + vδt, t + δt), (1.4)

where I(x, y, t) is the image value at point (x, y) at time t, (u, v) are the
horizontal and the vertical image velocities at (x, y) and δt is considered to
be small [36]. We note that in our model f = (u, v).

If we assume that the motion field (i.e., the pixel correspondences between
the two images) is small at each pixel location, the motion estimator can be
represented by the first-order Taylor series expansion as

ED =

∫ ∫
ρ (Ixu + Iyv + It) dxdy (1.5)

where (Ix, Iy) and It are the spatial and time derivatives of the image, and ρ
is an estimator.

To resolve the above equation, it is necessary to add an additional con-
straint. The most common one is the spatial coherence constraint [36], which
embodies the assumption that neighboring pixels in an image are likely to be-
long to the same surface and, therefore, a smoothness in the flow is expected.
The first-order model of this second constraint is given by

ES =

∫ ∫
ρ (∇(u, v)) dxdy (1.6)

where ∇ represents the gradient.
Visual motion is determined by minimizing the regularization problem

E = ED + λES . (1.7)

Although the objective function E is non-linear (and a direct solution does
not exist for minimizing it), a convex approximation can be obtained [9]. The
global minimum can then be determined iteratively.

This procedure is most effective when the object displacements between
consecutive images are small. When object displacements are large, a coarse-
to-fine strategy can be used. In the current work, the pyramid method of
[8] was used. In order to satisfy the small-displacement assumption we begin
with a reduced-resolution representation of the images. The optical flow is
computed for the low-resolution images and then projected to the next level
of the pyramid where the images in the sequence have a higher resolution.
At each level of the pyramid, the optical flow computed from the previous
level is used to warp the images in the sequence. This process is repeated
until the flow has been computed at the original resolution. The final flow
field is obtained by combining the flow information of each of the levels of the
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(a) (b) (c) (d) (e) (f)

Fig. 1.4 The motion estimation in (b) defines the muscle movement defining the

expression change between (a) and (c). The motion estimation in (e) defines the

expression and identity change between (d) and (f).

pyramid. The number of levels on the pyramid will be dictated by the largest
motion in the sequence of images.

The approach to motion estimation defined above may result in biased re-
sults whenever the scene’s illumination in the sample and test face images
are distinct. To resolve this issue, one can include the modeling of this illu-
mination variation in Eqs. (1.4-1.5). Negahdaripour [53] extends the above
definition of motion flow to include radiometric changes into its computation.
This definition requires a extension of the 2-D motion field vector (u, v) to a
3D transformation field given by (u, v, δe). The last component, δe, describes
the radiometric transformation of the image sequence. This provides us with
a new model for the motion, given by

I(x + uδt, y + vδt, t + δt) = M(x, y, t)I(x, y, t) + C(x, y, t), (1.8)

in which the brightness at a pixel in two consecutive images is related via
the motion parameters u and v and the radiometric parameters M and C, as
shown. Here, M defines light changes resulting in multiplier variations, e.g.,
change in homogenous or non-homogeneous intensity, while C defines additive
terms, such as cast shadows.

The data conservation constraint corresponding to (1.8) is

ED =

∫ ∫
ρ(Ixu + Iyv + It − (Imt + ct)), (1.9)

where mt and ct are the time derivatives of M and C, respectively. Since, we
now have two more variables to estimate, the smoothness constraint, needs
also to include the following minimizations

EM =

∫
ρ(∇mt) and EC =

∫
ρ(∇ct). (1.10)

By using a robust function for ρ(.), we can generate very precise estimates
of the motion (i.e., DF) even under varying illumination, as we have shown
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in [42]. Two examples of motion estimation between face images are shown
in Fig. 1.4.

1.4.3 Recognition of Expression

In our model, each facial expression is classified in a category according to
the motion field of the face, f . The direction of motion is used to determine
the class [3], while the magnitude of the motion can be used to specify the
intensity of a given expression. These two parts of the motion can be expressed
mathematically as

SMi
= abs(‖Fti‖ − ‖Fpi

‖) and SAi
= arccos

〈Fti,Fpi
〉

‖Fti‖‖Fpi
‖
, (1.11)

where Fti and Fpi
are the vector flows of the two expressions to be compared

at the ith pixel, 〈a,b〉 represents the dot product of a and b, SMi
is the

similarity between the magnitude of the ith pixel in the two image flows, and
SAi

the similarity between the angles of the two vectors at pixel i.
While this method is normally used to compare two images (i.e. matching),

it can also be used to classify (or identify) facial expressions within a group
of pre-learned categories. This comparison can be carried out at each pixel
location or at specific areas that are known to be most discriminant for a
given expression. We can formally express this as

SM =

m∑

i=1

SMi
and SA =

m∑

i=1

SAi

mo

, (1.12)

where m is the number of pixels where comparison takes place, m ≤ n, and
mo is the total number of vectors in m with magnitude greater than zero.
Note that since the angle similarity can only be computed between actual
vectors (of magnitude greater than zero), it is necessary to normalize SA by
the number of comparisons to prevent biases towards images with associated
small motions.

In order to appropriately select the value of m, it is convenient to search for
those features (i.e. pixels) that best discriminate between categories and those
that are most stable within categories. This can be accomplished by means
of Fisher’s Linear Discriminant Analysis (LDA) [27] and variants [51, 75].
Formally, we define the within and between class scatter matrices of LDA as
[27],

SW =

c∑

j=1

Nj∑

i=1

(vi,j−µj)(vi,j−µj)
T and SB =

c∑

j=1

(µj−µ)(µj−µ)T , (1.13)

where SW is the within-class scatter matrix, SB is the between-class scatter
matrix, c is the number of classes, Nj is the number of samples for class j,
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vi,j is the ith sample of class j, µj is the mean vector of class j, and µ is the
mean of all classes.

Due to singularity problems, it is generally difficult to compute the LDA
transformation of large face images [51]. Additionally, SB limits us to a
maximum of c − 1 dimensions (where c is the number of classes) [75]. Since
we usually deal with small values of c and it is known that LDA may perform
poorly if the dimensionality of the space is small [47], it is convenient to only
use that information which directly specifies the usefulness of each pixel. This
is represented in the variances of each feature (pixel) within SW and SB , which
is given by the values at the diagonal of each of these matrices:

ŜW = diag(SW ) and ŜB = diag(SB). (1.14)

By first finding those pixels (areas) of the face that are most different among

classes (ŜB) and, then selecting those that are most similar across samples

of the same class (ŜW ), we can build a classifier that computes the values of
SA in a smaller set of pixels. The result is a classifier that is generally more
robust and efficient than one that uses all the pixels of the image.

This model allows us to predict that classification of faces into very distinct
categories (e.g. happy and neutral) will be easier than when the two facial
expressions are alike (e.g. angry and neutral). As a consequence, response
times should be smaller for more distinct classes than for more similar classes.
Since the model uses the DF procedure described above, we can also predict
that when classifying faces within two distinct groups, those that involve larger
motions will usually have longer RT. Similarly, those facial expressions that
are more difficult to be classified or are more alike, will require the analysis of
additional local parts – resulting in longer RT. When a face cannot be reliably
classified within one of the categories by looking at the most discriminant
areas, we will need to extend our comparison to other areas of the face.

1.5 EXPERIMENTAL RESULTS: RECOGNITION OF

IDENTITY

1.5.1 Computational Model

We present an analysis of the computational model defined above. This anal-
ysis will facilitate a later comparison with human performance.

1.5.1.1 Performance It is now possible to test two important points ad-
vanced in the previous section: a) how the suppression of the DF process
would affect the identification of known individuals, and b) how the identifi-
cation of happy and angry faces is now slower than the recognition of neutral
expression faces. In these experiments, we will use the face images of 100
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Fig. 1.5 Examples of the following expressions: (a) neutral, (b) happy, (c) angry,
and (d) scream. (e) The recognition rates obtained when matching: i) happy and
neutral faces, ii) angry and neutral faces, and iii) cream and neutral faces. Note that
when we incorporate the information of the DF process in our model (i.e. f), the
results improve and the matching process becomes less sensitive to the differences
in facial expression. Eq. (1) indicates a simple Euclidean distance, and Eq. (2) the
weighted measure given in (1.2). Adapted from [50].

individuals of the AR database [46]. The images of this database for one of
the subjects are shown in Fig. 1.5(a-d).

As sample images we will use the neutral faces, Fig. 1.5(a). As test images
(i.e., images to be matched with the sample ones), we will use the happy,
angry and scream faces, Fig. 1.5(b-d). For each of the test images, we will
select the sample image that best matches it, as given by Eq. (2). If the
retrieved image belongs to the same person (class) as the one in the testing
image, we will say that our recognition was successful. Fig. 1.5(e) shows
the percentage of successful identifications. We have detailed the recognition
rates for each of the facial expression images to show the dependency between
the recognition of identity and facial expression. We have also shown, in this
figure, what would happen if the DF process was damaged or absent. This is
represented by omitting the value of f in (1.2). The results of such damage
as predicted by our model are obtained with (1.1) in Fig. 1.5(e) [50].

1.5.1.2 Computation Time As expressions increasingly diverge, the time
required for the recognition of identity also increases. To calculate the time
required to compute the motion field for each of the expressions, we need to de-
termine: i) the number of coarse-to-fine (pyramid)levels required to compute
the largest motions of the image, and ii) the number of iterations necessary
to correctly calculate the minimum of the non-convex function at each level
of the pyramid.

For each of the facial expressions in the AR database (i.e., happy, angry
and scream) as well as for the neutral expression image, we have calculated the
minimum number of iterations and levels of the pyramid required as follows.
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Fig. 1.6 Shown here are the mean delays (Computational Time, CT) required to
compute the motion fields, f , for each facial expression group.

For each expression, we computed the motion fields, f , using levels of the
pyramid that range from 1 to 4 . The results obtained when using h+1 levels
of the pyramid were compared to results obtained when only using h levels. If
the similarity in magnitude (as computed by SM/mo) and angle (SA) between
the two (h and h + 1) was below a threshold of one pixel, we determined that
h levels suffice for the computation of the motion in that image; otherwise
h + 1 levels were necessary. This chosen value is referred to as H .

To determine the number of iterations required at each level of the pyramid,
we compared the results obtained when using g + 1 and g iterations. Again,
if the comparison was below a threshold, we selected g, otherwise we selected
g +1. We will refer to this value as G. In this case, the threshold was 0.1 and
g was tested for the range of values from 10 to 50.

Now, we combine the two selected values into a single measure as CT =
G×H , i.e., computational time = the number of iterations necessary at each
level multiplied by the number of levels needed. The results (mean across
samples) are: Neutral faces: H = 1, G = 10 and CT = 10, Happy faces:
H = 3, G = 26 and CT = 78, Angry faces: H = 2.4, G = 20 and CT = 48,
Scream faces: H = 4, G = 33 and CT = 152. These results are plotted in the
graphical representation of Fig. 1.6. These results do not include the time
necessary to compute (1.2), but since in our current implementation of the
model this time is always constant, we can omit it for simplicity.

1.5.2 Human Performance

Subjects: Ten subjects normal or corrected-to-normal vision. Stimuli: Eighty
(80) images of neutral, happy, angry and scream expressions of twenty (20)
individuals were selected from the AR face database. To limit possible con-
founds, all twenty selections were males without glasses. The images were
warped to a standard image (165 x 120 pixels) and displayed on a 21 inch
monitor. The viewing area corresponded to approximately 15 by 11 cm. A
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Fig. 1.7 (a) Mean RT of the ten participants when deciding whether or not two
consecutive images belong to the same individual (the prime image with a neutral
expression and the target image with the expression as shown in the x-axes). (b)
Mean recognition rate (in percentage).

typical viewing distance of 60 cm corresponds to 14 by 10.4 degrees of visual
angle.

Design and procedure: The experiment consisted of two blocks, each with
the images of ten individuals. In each block, pairs of images were shown in
sequence: first a neutral image of a randomly selected individual was displayed
for 800 ms (prime face), an interstimulus interval of 300 ms followed, then a
neutral, happy, angry or screaming face (target face) was displayed. The
identity of the prime and target face images as well as the facial expression
of the target face were randomly selected. Participants were asked to decide
whether or not the two images shown in sequence correspond to the same
individual. Participants were instructed to respond as soon as they knew
the answer. Responses and reaction times (RT) were recorded. Each subject
viewed a total of 160 image pairs.

Results: Fig. 1.7(a) shows the mean RT values of all participants when
deciding whether or not the prime and target face images are of the same
person. As predicted, the more the target face diverged (in muscle activity)
from the prime face, the greater the RT. In Fig. 1.7(b), we show the percentage
in recognition rate achieved by the participants for each possible sequence pair;
i.e., the prime image being a neutral expression face and the target as shown.

While the subjects’ responses are predicted by our model, a numerical
comparison is difficult: RTs include the matching time (which is not neces-
sarily constant for all expressions) while the CTs correspond only to the time
necessary to compute the deformation of the face (i.e. DF process).
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(a) (b) (c) (d) (e) (f)

Fig. 1.8 (a) Ŝwhappy
, (b) Ŝwangry , (c) Ŝwscream , (d) Ŝb including all the expres-

sions, (e) Ŝb for expressions happy and scream, and (f) Ŝb for expressions angry and
scream.

1.6 EXPERIMENTAL RESULTS: RECOGNITION OF

EXPRESSION

1.6.1 Computational Model

Next, we calculate the performance of the computational model in the task
of expression recognition.

1.6.1.1 Performance We now show how the motion vectors can be used
to recognize facial expressions. We will calculate the similarity between pairs
of images by using the value of SA described earlier in (1.12).

The first test (matching) corresponds to determining for each possible com-
bination of two facial expressions (a total of 10 combinations) if the two images
shown have the same facial expression or not. To do this, we used the neutral,
happy, angry and screaming face images of 50 randomly selected individuals
of the AR face database which gives us a total of 12, 750 different pairs. For
each of these pairs, we compute the motion field (i.e., face deformation, DF)
that exists between the neutral image and the facial expression selected. The
two resulting motion fields are then compared by using the similarity measure
SA. This value is expected to be low for similar motion fields (i.e. similar
expressions) and large for different ones.

Once the value of SA has been obtained for each of the 12, 750 pairs of im-
ages, we search for the value of SA that optimally divides the pairs with equal
expression in one group and those with different expression within another
group. We then use this threshold to classify the image pairs of a different
set of 50 people. The correct classification in this second group (using the
threshold obtained with the first group) was of 82.7%.

Results can be improved by means of a discriminant function that helps
us to determine which areas of the face are most discriminant within classes
(i.e., same facial expression) and which are most distinct between classes (i.e.,
different facial expressions) [51]. One way to do that is with (1.14). For in-
stance, when comparing happy and scream faces, we can use the values of
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(a) (b)

Fig. 1.9 (a) Recognition rates obtained by our model when classifying each of
the face images in four different groups: neutral, happy, angry and scream. (b)
Mean computational time (CT) required to calculate the class for those images with
neutral, happy, angry and scream facial expressions.

Sb(happy,scream) shown in Fig. 1.8(e) and the values of Ŝwhappy
and Ŝwscream

shown in Fig. 1.8(a,c) to determine which pixels are most discriminant, i.e.,
better suited for the task. We then order (rank) the pixels inversely propor-

tional to the values of Ŝw and proportionally to the values of Ŝb. Since most of
the pixels will have an associated ranking of zero or close to zero, we can make
our comparison faster by using only those pixels with a value of Ŝb/Ŝw larger
than a pre-determined threshold [49]. This threshold can also be learned from
the training data – in which case we select that value that best classifies the
training data. By following this procedure, the results improved to 91.3%.

We used the neutral, happy, angry and scream face images of 10 randomly
selected individuals as samples and the neutral, happy, angry and scream face
images of 90 different individuals as testing images. For each of the 360 testing
images, we determine the closest sample (among the 40 stored in memory)
using the value of SA. If the facial expression in the testing image and in
the closest sample were the same, we recorded a successfully classified image.
Again, we use the values of Ŝb and Ŝw to improve the classification results
and speed up computation. These results are shown in Fig. 1.9(a).

1.6.1.2 Computation Times According to our model, the delays ob-
served when we recognize facial expressions can be due to: i) the time required
to compute the motion field (DF) of the expression displayed on the (testing)
image, or ii) the difficulty associated in classifying the facial expression of a
test image in a set of pre-selected categories.

When classifying images as either happy or screaming, we expect to have
longer RT for those images with a scream expression because it takes longer
to compute the motion field (DF) of a scream face. Moreover, we would
expect longer RT when classifying images as either neutral or angry than
when classifying images as either happy or screaming, because the images in
the first task (group) are more alike and thus a more detailed analysis will
be required. While happy and screaming faces can be easily distinguish by
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looking at a small number of pixels (such as the eyes or the corners of the
mouth), a pixel-to-pixel comparison may be necessary to decide whether an
image is a neutral expression or a not-excessively-marked angry face.

In Fig. 1.9(b) we show the Computational Times (CT) of Fig. 1.6 multi-
plied by the percentage (range: 0 to 1) of pixels that were necessary to use
in order to obtain the best classification rate when classifying the images as
either neutral expressions or the expression under consideration. The pixels
were selected according to the rankings given by Ŝb.

1.6.2 Human Performance

Subjects: Ten subjects with normal or corrected-to-normal vision participated
in this experiment. None of the subjects had participated in the previous
experiment. Stimuli, design and procedure: The neutral, happy, angry and
scream face images of twenty (20) males (with no glasses) of the AR face
database were selected for this experiment. To prevent recognition by shape
alone, images were warped to a standard image size of 165 by 120 pixels.
Subjects participated in four different tests. The first required them to classify
each of the images of the AR database within one of the four categories of
that dataset. Subjects were told in advance of those categories and an image
for each of the expressions was shown to participants before the experiment
started. The other three tests only involved two types of facial expressions.
In these two-class experiments, subjects were asked to classify images within
these two categories only. The two-class experiments comprise the following
facial expression images: a) happy and scream, b) neutral and angry, and
c) neutral and happy. Reaction times (in seconds) and percentage of correct
choices were recorded. Fifty images were randomly selected and displayed,
one at a time, until the subject pressed a key to indicate her/his classification
choice. A two second pause (with blank screen) separated each of the images
shown to the participants.

Results: In Fig. 1.10(a) we show the RT means of all the participants when
classifying the images within each of the four groups. These results should be
compared to the CT predicted by our model and shown in Fig. 1.9(b).

As discussed above our model predicts that when classifying images into
two clearly distinguishable classes, the latter will generally require longer RT
because (as demonstrated in Section 3.1) longer time is required to estimate
the DF. This was confirmed by our group of subjects, Fig. 1.10(b). We
also predicted that when classifying face images within two similar classes,
the RT will generally increase. This is the case for neutral and angry faces,
Fig. 1.10(b). Another particular case is that of classifying face images as
either neutral or happy. This task can be readily solved by looking at a small
number of pixels (such as those around the corners of the lips and the eyes).
Thus, in this case, similar RT are expected. This was indeed the case in our
experiment, Fig. 1.10(b).
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(a) (b)

Fig. 1.10 Mean RT when classifying the images in: (a) four different groups
(neutral, happy, angry and scream), (b) two categories classification (happy-scream,
neutral-angry, and neutral-happy). (Reaction time in seconds.)

1.7 RECOGNITION OF EXPRESSION VARIANT FACES

USING WEIGHTED SUBSPACE

Zhang and Martinez [73] applied the face recognition model presented above
to the subspace approach for the recognition of identity under varying expres-
sions in the appearance-based framework. By appearance-based it is under-
stood that the recognition system only makes use of the textural information
of the face after this has been warped to a standard (prototypical) shape.
Over the years, the success of appearance-based approaches, especially when
applied to face recognition problems, has only increased. Appearance-based
methods are attractive because the model of each class is directly defined by
the selection of the sample images of that object, without the need to create
precise geometrical or algebraic representations [47]. The clear disadvantage is
that any image condition not included in the learning set will cause incorrect
recognition results. In the pattern recognition community, it is common prac-
tice to use a minimum number of independent sample vectors of ten times
the number of classes by the number of dimensions of our original feature
space. Unfortunately, it is rarely the case where one has access to such a
large number of training images per class in applications such as face recogni-
tion. And, even when one does have a large number of training images, these
are not generally uncorrelated or independent from each other. Hence, other
solutions must be defined.

The problem with subspace techniques is that some of the learned features
(dimensions) represent (encode) facial expression changes. As shown above,
this problem can be resolved if we learn which dimensions are most affected
by expression variations and then build a weighted-distance measure that
gives less importance to these. In this formulation, a fundamental question is
yet to be addressed: Would a morphing algorithm solve the problem? That
is, rather than designing a weighted measure as we did in our model, one
could utilize the motion estimation to morph the test face to equal in shape
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that of the sample face image. This would allow a pixel to pixel comparison.
Unfortunately, morphing algorithms can fail due to occlusions (e.g., teeth
and closed eyes), large deformations and textural changes due to the local
deformation of the face. The last of these points is key. We note that when
the face changes expression, the 3D position of several local areas also change
and, therefore, the reflectance angle will also change. This effect will obviously
change the brightness of the image pixels (that is, the texture) in our image.
The approach presented in this chapter solves this by assigning low weights
to those areas with large deformations.

1.7.1 Learning linear subspace representation

Principal Component Analysis (PCA), Independent Component Analysis (ICA)
and Linear Discriminant Analysis (LDA) are three of the most popular linear
subspace methods and have been largely used in face recognition applications.

PCA finds the optimal liner projection between the original space of d
dimensions and a low-dimensional space of p dimensions (features) assuming
the data is Gaussian [39]. To do this, PCA uses the first and central moments
of the data, i.e., the sample mean µ and the sample covariance matrix Σ.
While PCA only computes the first and central moments of the data, ICA
will use higher moments of the data to find those feature vectors that are
most independent from each other [38]. In contrast, and as already described
earlier in this chapter, LDA selects those basis vectors that maximize the
distance between the means of each class and minimizes the distance between
the samples in each class and its corresponding class mean [27].

1.7.2 Weighted subspaces

Let the projection matrix given by each of the subspace methods mentioned
in the preceding section be ΦPCA, ΦICA and ΦLDA. In this common notation,
the columns in Φi correspond to the basis vectors of the subspace. Once these
subspaces have been obtained from a training set, V = {V1, . . . ,Vn}, n the
number of training images, one can compare a new test image T using the
following weighted-distance equation

‖Ŵi (V̂i − T̂)‖, (1.15)

where V̂i = ΦTVi which is the ith image projected onto the subspace of our

choice of Φ, Φ = {ΦPCA, ΦICA, ΦLDA}, T̂ = ΦTT, and Ŵi is the weighting
matrix that defines the importance of each of the basis vectors in the subspace
spanned by Φ. This is a direct adaptation of our model defined in (1.2) to the
subspace method.

Before one can use (1.15), we need to define the value of the weighting

matrix Ŵ. While it may be very difficult to do that in the reduced space
spanned by Φ, it is easy to calculate this in the original space and then project
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Fig. 1.11 Recognition rates on the leave-one-expression-out test with: (a) images

from the same session, and (b) images from different sessions.

the result onto its corresponding subspace. Thus, we will compute the value
of the weights in the original space, W, using of the model given in section
1.4.2 yielding Fi = DF (Vi,T). The weights are given by

Wi = Fmax − ‖Fi‖, (1.16)

where Fmax = maxi ‖Fi‖.
We can now project the weights onto the corresponding subspace as

Ŵi = ΦT Wi. (1.17)

To classify a test image, we assign the class label of the closest sample.
That is given by,

s = argmini‖Ŵi

(
V̂i − T̂

)
‖, (1.18)

and selecting the class label, c∗, of Vs.

1.7.3 Experimental results

Once more, we randomly selected 100 subjects from the AR face database.
From each individual we used the eight images with neutral, happy, angry and
scream expressions taken during two sessions – each session separated by two
weeks time [46]. All algorithms were tested using the leave-one-expression-
out procedure. For example, when the happy face was used for testing, the
neutral, angry and scream faces were used for training.

In our first experiment, only those images taken during the first session were
used. The results obtained using the proposed weighted subspace approaches
as well as those of PCA, ICA and LDA are shown in Fig. 1.7.3(a). In this
figure we also show the results obtained by first morphing all faces to a neutral-
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expression face image and then building a PCA, ICA and LDA subspace. The
bars in this figure show the average recognition rate for each of the methods.
The standard deviation for the leave-one-expression-out test is shown by the
small variance line at the top of the bars.

The second test was similar to the first one, except that, this time, we used
the images of the first session for training and those of the second session for
testing. The results are summarized in Fig. 1.7.3(b). It is worth mention-
ing that the weighted-LDA approach works best for the scream face with a
recognition rate of ∼ 84%. Other methods could not do better than 70% for
this expression. In the figures shown above this is made clear by the small
variance associated to our method as compared to the others.

1.7.4 Recognition from Video Sequences

Compared to the large number of algorithms developed to do recognition
from still images, the literature on video-based methods is relatively small.
One reason for this imbalance was due to the low accessibility of high-quality
video cameras which, until recently, were expensive and of limited quality.
The second reason is algorithmical. While it is generally difficult to success-
fully do feature extraction from still images, this process has proven even
more challenging over dynamic sequences [51]. This second point raises an
important question: Would the methods defined to recognize faces from a sin-
gle test image perform better if they could work with multiple images or video
sequences? Note that if the answer to this question were positive, there would
be less need for the design of feature extraction algorithms that can do a more
direct analysis of dynamic sequences. Understanding the limitations of cur-
rent algorithms when applied to video will help researchers design algorithms
that can specifically solve these problems [74].

To answer our question though, we need to be able to use our computa-
tional model, originally defined to work with stills, to handle multiple images.
Zhang and Martinez [74] present one such approach. In their algorithm the
method of [48] is reformulated within the framework presented in this chap-
ter. This results in a robust algorithm that can accurately recognize faces
even under large expressions, pose and illumination changes and even under
partial occlusions. Experimental results using a database of video sequences
corresponding to fifty people yielded a classification accuracy of ∼ 95%.

1.8 SUMMARY

In the model presented in this chapter, and depicted in Fig. 1.3, motion (dy-
namic) cues are processed independently from static cues. This is consistent
with neurophysiological evidence that supports dorsal stream processing of dy-
namic cues and ventral stream processing of static cues. Although dynamic
and static cues are processed separately in our model, they are combined to
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accomplish the tasks of recognition of identity and facial expression at the end
of the hierarchy. This is also consistent with experimental data that show dis-
ruption in recognition when one of the two cues (dynamic or static) is altered
[49].

The nature of this model provides a framework in which to reconcile ap-
parently contradictory psychophysical data. The process of motion estima-
tion (whose task is to calculate the deformation between the faces we want
to match), DF, within a hierarchical model of face processing is key to ex-
plaining why in some experiments – slower recognition times are obtained
when attempting to identify faces with distinct facial expression, e.g., smiling
versus neutral faces. At the same time, the model does not require a direct
interaction between the processes of face identification and facial expression
recognition. This is important, because it is consistent with the observation
that some agnosic patients are impaired only with regard to one of the two
tasks (either identification of people or facial expression recognition).

This model suggests that motion is useful for successful matching of face im-
ages bearing distinct facial expressions. Following [49, 50], we further hypoth-
esized that the computed motion fields could be used to select the most invari-
ant textural (appearance) features between the images we want to match. It is
observed that the results that generated by the proposed model is consistent
with psychophysical and neurophysiological data. Additionally, recognition
of identity is reduced by discarding the outcome of the DF module from the
similarity function, i.e., going from (1.2) to (1.1). These motion features could
also be used to construct a motion-based feature-space for the recognition of
identity and expression. Motion may be used as an alternative, independent
means for identifying people and expressions. In computer vision, reasonable
results have been obtained by constructing feature-spaces based solely on mo-
tion cues. These results could ultimately be used to reinforce the recognition
task, or help to make a decision where other processes are not adequate.

We have demonstrated the use of our model to classify faces within a set of
facial expression categories. We have also experimentally shown that the DF
carries the necessary information to successfully achieve this task. By com-
bining the DF and a linear classifier, we were able to predict the classification
RT of each of the facial expressions of the AR database.

Extensions to the classical subspace approach [73] and to the recognition
from video sequences [74] show the generality of the model presented in this
chapter. Moreover, this chapter has illustrated how one can successfully em-
ployed the model defined herein to make predictions on how the human visual
system works – predications later confirmed in a set of psychophysical exper-
iments.
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