
identify facial expression very fast and even 

without awareness (see Leiberg & Anders, this 

volume). These abilities seem to be remarkably 

disrupted if faces are turned upside-down. 

Consider the pictures in Figure 1. Although this 

woman is a well-known celebrity, it is difficult to 

recognize  her  from  the  inverted  photographs. 

One  might  detect  certain  differences  between  

the  two  pictures  despite  the fact that both seem 

to have the same facial expression. Interestingly, 

after rotating this page 180 deg so that the two 

faces  are  upright,  one  can  now  easily  identify 

the  person  depicted  in  these  pictures  and 

grotesque  differences  in  the  facial expression 

are revealed. This   illusion   has  been  discovered
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comparing results from complementary fields such as psychophysics, physiology and computer science. In 

this article, empirical findings are reviewed with regard to the proposed mechanisms and representations 

for processing identity and emotion in faces. Results from psychophysics clearly show that faces are 

processed by analyzing component information (eyes, nose, mouth, etc.) and their spatial relationship 
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Introduction

Everyday object recognition is usually a matter of 

discriminating between quite heterogeneous object 

classes that differ with regard to their global shape, 

parts and other distinctive features such as color or 

texture. Face recognition, in contrast, relies on the 

discrimination of exemplars of a very homogenous 

category. According to Bahrick et al. (1975) we are 

able to recognize familiar faces with an accuracy of 

90 % or more,  even  when  some  of  these faces 

have not been seen for fifty years. Moreover, people 
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by Thompson (1980). He used Margareth

Thatcher’s face which is why the illusion is known 

as the “Thatcher illusion”. It was well known 

already by painters and Gestalt psychologists that 

face processing is highly dependent on orientation 

(e.g. Köhler, 1940). However, the finding that 

upside-down faces are disproportionately more 

difficult to recognize than other inverted objects, 

has been referred to as the face inversion effect

and was first reported by Yin (1969).

Another interesting effect was discovered by 

Young et al. (1987). Composite faces were created 

by combining the top and bottom half of different 

faces. Figure 2a shows an example. If the two 

halves were aligned and presented upright, a new 

face resembling each of the two originals seemed 

to emerge. This made it difficult to identify the 

persons from either half. If faces were inverted or 

if the top and bottom halves were misaligned 

horizontally, then the two halves did not 

spontaneously fuse to create a new face, and the 

constituent halves remained identifiable.

Calder et al. (2000) used the same technique to 

investigate the processing of facial expressions. 

They prepared emotional face composites by 

aligning the top half of one expression (e.g., 

anger) with the bottom half of another (e.g., 

happiness) from the same person. When the face 

composites were aligned, a new facial expression 

emerged and participants  were  slower  to  

identify   the   expression   in  either  half   of these  

composite images. However, this effect 

diminished when faces were misaligned or 

inverted, which parallels the composite effect for 

facial identity by Young et al. (1987).

Interestingly, in an additional experiment Calder et 

al. found evidence for the view that the composite 

effects for identity and expression operate 

independently of one another.

These examples illustrate that information of parts 

and spatial relations are somehow combined in 

upright faces. In contrast, when faces are turned 

upside-down it seems that only the local part-

based information is processed.

In this chapter, we discuss the representations and 

processes used in recognition of identity and facial 

emotion. We follow a cognitive neuroscience 

approach, by discussing the topic from a 

psychophysical, physiological and computational 

perspective. Psychophysics describe the 

relationship between stimuli in our external world 

and our internal representations. We first review 

the psychophysics literature on recognition of 

faces and facial expressions. Because our goal is 

to gain a deeper understanding of how our brain 

produces behavior, we discuss possible neural 

substrates of the representations and processes 

identified in neuroscience. Computer science, the 

third perspective, provides computational 

algorithms to solve certain recognition problems 

and the possibility of biologically plausible 

computer models.
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Fig. 1. Thatcher illusion. When the photographs are viewed upside down (as above) it is more difficult to identify the person belonging to the 

pictures and the facial expressions seem similar. When the pictures are viewed right side up, it is very easy to identify the person depicted in these 

pictures and the face on the right appears highly grotesque. 



Psychophysical perspective

Recognition of identity

Two main hypotheses have been proposed to ex-

plain the recognition of identity in faces: the ho-

listic hypothesis and the component-configural

hypothesis. According to the holistic hypothesis,

upright faces are stored as unparsed perceptual

wholes in which individual parts are not explicitly

represented (Tanaka and Farah, 1991, 1993; Farah

et al., 1995b). The main empirical evidence in fa-

vor of this view is based on a paradigm by Tanaka

and Farah (1993). These authors argued that if

face recognition relies on parsed representations,

then single parts of a face, such as nose, mouth, or

eyes, should be easily recognized even if presented

in isolation. However, if faces are represented as

unparsed perceptual wholes (i.e., holistically), then

recognition of the same isolated parts should be

more difficult. In their experiments, participants

were shown a previously learned face together with

a slightly different version in which one single part

(e.g., nose or mouth) had been replaced. The task

was to judge which face had been shown in the

learning phase. The experiment was conducted in

both a whole face condition and an isolated parts

condition without facial context. In the isolated

condition, face parts proved to be more difficult to

recognize than in the whole face condition. How-

ever, when participants were trained to recognize

inverted faces, scrambled faces, and houses no

such advantage of context was found. Tanaka and

Farah concluded that face recognition relies

mainly on holistic representations, in contrast to

the recognition of objects. While the encoding and

matching of parts are assumed to be relatively

orientation invariant (see also Biederman, 1987),

holistic processing is thought to be very sensitive

to orientation (see also Farah et al., 1995b; Bieder-

man and Kalocsai, 1997).

The component-configural hypothesis is based

on a qualitative distinction between component

and configural information. The term component

(or part-based, piecemal, feature-based, featural)

information refers to those elements of a face

that are perceived as parts of the whole (e.g., the

eyes, mouth, nose, ears, chin, etc.). According to

Bruce (1988), the term configural information (or

configurational, spatial-relational, second-order

relational information) refers to the ‘‘spatial inter-

relationship of facial features’’ (p. 38). Examples

are the eye–mouth or intereye distance. Interest-

ingly, these distances are overestimated by

30–40% (eye–mouth distance) and about 15% (in-

tereye distance) in face perception (Schwaninger

et al., 2003b). In practice, configural changes have

been induced by altering the distance between

Fig. 2. Aligned and misaligned halves of different identities (Margaret Thatcher and Marilyn Monroe). When upright (as above), a

new identity seems to emerge from the aligned composites (left), which makes it more difficult to extract the original identities. This

does not occur for the misaligned composite face (right). When viewed upside-down, the two identities do not fuse to a new identity.
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components or by rotating components (e.g., turn-

ing the eyes and mouth upside-down within the

facial context like in the Thatcher illusion de-

scribed above). According to the component-con-

figural hypothesis, the processing of configural

information is strongly impaired by inversion or

plane rotation, whereas processing of component

information is much less affected. There are now a

large number of studies providing converging ev-

idence in favor of this view (e.g., Sergent, 1984;

Rhodes et al., 1993; Searcy and Bartlett, 1996;

Leder and Bruce, 1998; Schwaninger and Mast,

2005; see Schwaninger et al., 2003a, for a review).

These studies changed component information by

replacing components (e.g., eyes of one person

were replaced with the eyes of another person).

Configural changes were induced by altering the

distance between components (e.g., larger or

smaller intereye distance). However, one possible

caveat is that these types of manipulations often

change the holistic aspects of the face and they are

difficult to carry out selectively. For example, re-

placing the nose (component change) might

change the distance between the contours of the

nose and the mouth, which induces a configural

change (Leder and Bruce, 1998, 2000). Moving the

eyes apart (configural change) can lead to an in-

crease in size of the bridge of the nose, which is a

component change (see Leder et al., 2001). Such

problems can be avoided by using scrambling and

blurring procedures to reduce configural and com-

ponent information independently (e.g., Sergent,

1985; Davidoff and Donnelly, 1990; Collishaw and

Hole, 2000; Boutet et al., 2003). Schwaninger et al.

(2002) extended previous research by ensuring that

scrambling and blurring effectively eliminate con-

figural and component information separately.

Furthermore, in contrast to previous studies,

Schwaninger et al. (2002) used the same faces in

separate experiments on unfamiliar and familiar

face recognition to avoid potential confounds with

familiarity. In an old–new recognition paradigm it

was found that previously learned intact faces

could be recognized even when they were scram-

bled into constituent parts. This result challenges

the assumption of purely holistic processing ac-

cording to Farah et al. (1995b) and suggests that

components are encoded and stored explicitly. In a

second condition, the blur level was determined

that made the scrambled versions impossible to

recognize. This blur level was then applied to

whole faces in order to create configural versions

that by definition did not contain local featural

information. These configural versions of previ-

ously learned intact faces could be recognized re-

liably. These results suggest that separate

representations exist for component and con-

figural information. Familiar face recognition

was investigated in a second experiment by run-

ning the same conditions with participants who

knew the target faces (all distractor faces were un-

familiar to the participants). Component and con-

figural recognition was better when the faces were

familiar, but there was no qualitative shift in

processing strategy as indicated by the fact that

there was no interaction between familiarity and

condition (see Fig. 3).

Schwaninger et al. (2002, 2003a) proposed a

model that allows integrating the holistic and

component-configural hypotheses. Pictorial as-

pects of a face are contained in the pictorial met-

ric input representation that corresponds to

activation of primary visual areas. On the basis

of years of experience, neural networks are trained

to extract specific information in order to activate

component and configural representations in the

ventral visual stream. The output of these repre-

sentations converges towards the same identifica-

tion units. These units are holistic in the sense that

they integrate component and configural informa-

tion. Note that this concept of holistic differs from

the original definition of Tanaka and Farah (1993)

and Farah et al. (1995b), which implies that faces

are stored as perceptual wholes without explicit

representations of parts (component information).

The model by Schwaninger et al. (2002, 2003a)

assumes that it is very difficult to mentally rotate a

face as a perceptual whole (Rock, 1973, 1974,

1988; Schwaninger and Mast, 2005). When faces

are substantially rotated from upright, they have

to be processed by matching parts, which explains

why information about their spatial relationship

(configural information) is hard to recover when

faces are inverted (for a similar view see Valentine

and Bruce, 1988). Since face recognition depends

on detecting subtle differences in configural
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information, a large inversion effect is observed

(Yin, 1969). Consistent with this view, Williams

et al. (2004) suggested that inverted faces are

initially processed by parts-based assessment be-

fore second-order relational processing is initiated.

Sekuler et al. (2004) used response classification

and found that the difference between the process-

ing of upright and inverted faces was of quanti-

tative, rather than of qualitative, nature, i.e.,

information was extracted more efficiently from

upright faces than from inverted faces. This is also

consistent with Schwaninger et al.’s model if one

assumes that configural processing is not abruptly

but gradually impaired by rotation (Murray et al.,

2000; Schwaninger and Mast, 2005) and integrated

with the output of component processing. Invert-

ing the eyes and mouth within an upright face re-

sults in a strange activation pattern of component

and configural representations that appears gro-

tesque when upright, but not when upside-down

(Thatcher illusion). This can be explained by the

integrative model as follows: in an inverted

Thatcher face, the components themselves are in

the correct orientation which results in a relatively

normal activation of component representations.

The unnatural spatial relationship (changed con-

figural information) is hard to perceive due to ca-

pacity limitations of an orientation normalization

mechanism. As a consequence, the strange activa-

tion pattern of configural representations is re-

duced and the grotesque perception disappears.

The composite face illusion can be explained on

the basis of similar reasoning. Aligned upright face

composites contain new configural information

resulting in a new perceived identity. Inverting the

aligned composites reduces the availability of con-

figural information and it is easier to access the

two different face identification units on the basis

of component information alone.

Note that the model does not apply to process-

ing component and configural information for

gaze perception. As shown by Schwaninger et al.

(2005), there is also an inversion effect on gaze

perception. However, this effect is not due to im-

paired configural processing but due to orienta-

tion-sensitive processing of local component

information in the eyes. This difference between

inversion effects for recognition of identity versus

Fig. 3. Recognition performance in unfamiliar and familiar face recognition across three different conditions at test. Scr: scrambled;

ScrBlr: scrambled and blurred; Blr: blurred. (Adapted with permission from Schwaninger et al., 2002.)
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perceived eye gaze direction are consistent with

separate functional systems for these tasks, which

is consistent with physiological evidence discussed

below.

In short, the model by Schwaninger et al. (2002,

2003a) allows the integration of the component

configural hypothesis and holistic aspects of

face processing relevant to recognition of identity.

It can also explain striking perceptual effects such

as the Thatcher illusion and the composite face

illusion. Most importantly, it provides an integra-

tive basis for understanding special characteristics

of face recognition such as the specialization

in upright faces and the sensitivity to configural

information.

Recognition of expressions

The structure and perception of facial expressions

have been subject to scientific examination since

at least Duchenne’s (1990) and Darwin’s (1872)

seminal work. The majority of these studies con-

sisted of showing static photographs of expres-

sions to observers and examining the relationship

between statically visible deformations of the

facial surface and the judgments made by the ob-

servers. It is, of course, clear that different

facial areas are important for the recognition of

different emotions (Hanawalt, 1944; Plutchik,

1962; Nummenmma, 1964; Bassili, 1979; Cunning-

ham et al., 2005). For example, as mentioned

above, Bassili (1979) used point-light faces to show

that the upper portions of the face are important

for some expressions, while the lower portions of

the face are important for other expressions.

Facial features also play differentiated roles in

other aspects of facial expression processing, such

as the perception of sincerity. For example, ac-

cording to Ekman and Friesen (1982), a true smile

of enjoyment, which Ekman refers to as a

Duchenne smile, has a characteristic mouth shape

as well as specific wrinkles around the eyes.

Faked expressions of enjoyment, in contrast, con-

tain just the mouth information. Furthermore,

Ekman and Friesen (1982) have shown that de-

ceptive expressions of enjoyment appear to have

different temporal characteristics than spontane-

ous ones.

Given the general preoccupation with the role of

featural information in the recognition of facial

expressions, it should not be surprising that the

vast majority of descriptive systems and models of

facial expressions are explicitly part-based (Frois-

Whittmann, 1930; Frijda and Philipszoon, 1963;

Leventhal and Sharp, 1965; Ekman and Friesen,

1978; Izard, 1979; Tronick et al., 1980; Essa

and Pentland, 1994; Ellison and Massaro, 1997).

Perhaps the most widely used methods for para-

metrizing the high-dimensional space of facial ex-

pressions is the facial action coding system (or

FACS; Ekman and Friesen, 1978), which segments

the visible effects of facial muscle activity and

rigid head motion into ‘‘action units.’’ Combina-

tions of these action units can then be used to

describe different expressions. It is important to

note that FACS was designed as a system for

describing the elements of photographs of facial

expressions. It is not a model of facial expression

processing and makes no claims about which

elements go together to produce different expres-

sions (Sayette et al., 2001).

Massaro and colleagues proposed a parts-based

model of perception (the fuzzy logical model of

perception or FLMP) in which the features are

independently processed and subsequently inte-

grated. The model makes specific claims about

how the featural information is processed and in-

tegrated, and thus makes clear predictions about

the perception and categorization of facial expres-

sions. In one study, Ellison and Massaro (1997)

used computer graphics animation techniques to

produce static facial expressions where either (a)

the mouth shape was parametrically varied, (b) the

eyebrow shape was parametrically varied, or (c)

both were independently parametrically varied.

The faces were shown to a number of observers,

who were asked if the expression in the photo-

graphs was that of happiness or anger. Ellison and

Massaro found that both features (eyebrow posi-

tion and mouth position) affected the participants’

judgments, and that the influence of one feature

was more prominent when the other feature was

neutral or ambiguous. Moreover, the FLMP cap-

tured patterns in the data better than either holistic

models or a straight-forward additive model based

on recognition rates of the individual features.
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Elison and Massaro consequently claimed that

the perceptual system must be using featural infor-

mation in the recognition process and cannot be

employing a purely holistic approach. These results

are consistent with the finding that the aligned

combination of two different emotions leads to

decreased recognition performance (Calder et al.,

2000).

Just as is true for the processing of facial iden-

tity, the separate roles of component-configural

and holistic information have been discussed

within the context of facial expressions. There

are at least two models that integrate holistic in-

formation (Izard et al., 1983; White, 2000). White

(2000) proposed a ‘‘hybrid model,’’ according to

which expression recognition is part-based on one

hand and holistic in the sense of undecomposed

wholes on the other hand.

Several researchers have examined the role of

temporal information in the perception and rec-

ognition of expressions (Bassili, 1978, 1979; Bruce,

1988; Edwards, 1998; Kamachi et al., 2001).

Kamachi et al., for example, manipulated the ve-

locity in which a neutral face turned into an emo-

tional one. They found that happiness and surprise

were better recognized from fast sequences, sad-

ness was better recognized from slow sequences,

and angriness was best recognized at medium

speed. This indicates that different expressions

seem to have a characteristic speed or rate of

change. In an innovative study, Edwards (1998)

presented participants with photographs of indi-

vidual frames from a video sequence of a dynamic

expression, in a scrambled order, and asked

participants to place the photographs in the cor-

rect order. Participants were remarkably accurate

in their reconstructions, showing a particularly

strong sensitivity to the temporal characteristics in

the early phases of an expression. Interestingly,

participants performed better when asked to com-

plete the task with extremely tight time constraints

than when given unlimited time, from which

Edwards concluded that conscious strategies are

detrimental to this task. He further concluded

that the results show that humans do encode and

represent temporal information about expressions.

In sum, it is clear that different expressions re-

quire different features to be recognized, that one

can describe expressions in terms of their features

and configuration, and that dynamic information

is represented in the human visual system and is

important for various aspects of facial expression

processing. Moreover, simple, purely holistic mod-

els do not seem to describe the perception of facial

expressions very well.

Dynamic information

The vast majority of research on the perception of

faces has tended to focus on the relatively stable

aspects of faces. This has consequently led to a

strong emphasis on static facial information (i.e.,

information that is available at any given instant,

such as eye color, distance between the eyes, etc.).

In general, however, human faces are not static

entities. Humans are capable of moving their faces

in a wide variety of ways, and they do so for an

astonishingly large number of reasons. Recent ad-

vances in technology, however, have allowed re-

searchers to begin examining the role of motion in

face processing.

Before one can determine what types of motion

are used in the recognition of faces and facial ex-

pressions (i.e., the dynamic features), one must

determine if motion plays any role at all. To this

end, it has been clearly established that dynamic

information can be used to recognize identity (Pike

et al., 1997; Bruce et al., 1999, 2001; Lander et al.,

1999, 2001; Knappmeyer et al., 2003) and to rec-

ognize expressions (Bassili, 1978, 1979; Hump-

hreys et al., 1993; Edwards, 1998; Kamachi et al.,

2001; Cunningham et al., 2005; Wallraven et al.,

2005a). Overall, the positive influence of dynamic

information is most evident when static informa-

tion is degraded.

It is difficult, if not impossible, to present dy-

namic information without static information.

Thus, Pike et al. (1997) and Lander and colleagues

performed a series of control experiments to en-

sure that the apparent advantage moving faces

have over static faces is due to information that is

solely available over time (i.e., dynamic informa-

tion). One might, for example, describe dynamic

sequences as a series of static snapshots. Under

such a description, the advantage of dynamic

stimuli would not lie with dynamic information,
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but with the fact that a video sequence has more

static information (i.e., it has supplemental infor-

mation provided by the different views of the face).

To test this hypothesis, Lander et al. (1999) asked

participants to identify a number of famous faces.

The faces were presented in three different for-

mats. In one condition, participants saw a nine-

frame video sequence. In a second condition,

participants saw all nine frames at once, arranged

in an ordered array. In the final condition, the

participants saw all nine frames at once in a jum-

bled array. Lander et al. found that the faces were

better recognized in the video condition than in the

either of the two static conditions, and that the

performances in the two static conditions did not

differ from one another. Thus, the reason why

video sequences are recognized better is not simply

that they have more snapshots.

To test whether the advantage is due to motion

in general or due to some specific type of motion,

Lander and Bruce (2000) and Pike et al. (1997)

presented a video where the images were in a ran-

dom order. Note that such sequences have infor-

mation about the motion, but this motion is

random (and does not occur in nature). It was

found that identity is more accurately recognized

in normal sequences that in random sequences,

implying that it is not just the presence of motion

that is important, but the specific, naturally oc-

curring motion that provides the advantage. Fur-

ther, it was found that reversing the direction of

motion (by playing the sequence backwards) de-

creases recognition performance, suggesting that

the temporal direction of the motion trajectories is

important (Lander and Bruce, 2000). Finally, by

changing the speed of a motion sequence (e.g., by

playing parts or all of a video sequence too fast or

slow), the researchers showed that the specific

tempo and rhythm of motion is important for face

recognition (Lander and Bruce, 2000).

In a perhaps more direct examination of the role

of motion, Bassili (1978, 1979) used Johonnson

point-light faces as stimuli (see Johonnson, 1973,

for more information on point-light stimuli). More

specifically, the face and neck of several actors and

actresses were painted black and then covered with

approximately 100 white spots. These actors and

actresses were then recorded under low light

conditions performing either specific expressions

(happy, sad, surprise, disgust, interest, fear, and

anger) or any facial motion the actor/actress de-

sired. They kept their eyes closed during the re-

cording sessions. Thus, in the final video sequence,

all that was visible were the 100 white points. Each

participant saw a single display, either as a single

static snapshot or a full video recording of one ex-

pression, and was asked to describe what they saw.

The collection of points was recognized as being a

face more often in the dynamic conditions than in

the static conditions (73% vs. 22% of the time,

respectively). Additionally, the sequences were rec-

ognized as containing a face slightly more often for

the free-form motion conditions than for the ex-

pression conditions (55% vs. 39%, on average, re-

spectively). In a second experiment, the actors and

actresses were again recorded while performing the

various emotions. In the first set of recordings, they

again wore the black makeup and white spots. The

second set of recordings was made without make-

up. Participants were asked to identify the expres-

sion using a forced choice task. Overall, faces were

recognized more often in the full-face condition

than in the dots-only condition (65% vs. 33% cor-

rect responses, respectively). Critically, the percent-

age of correct responses in the point-light condition

(33%) is significantly higher than expected by

chance, suggesting that the temporal information is

sufficient to recognize expressions. Basilli (1979)

went on to examine the role of upper versus lower

internal facial motion for the recognition of ex-

pressions and found that different facial areas were

important for different expressions.

It remains unclear as exactly what the appro-

priate dynamic features are. One traditional way

of describing motion is to separate it into rigid and

nonrigid motions (see, e.g., Gibson, 1957, 1966;

Roack et al., 2003). Rigid face motion generally

refers to the rotations and translations of the entire

head (such as the one which occurs when someone

nods his/her head). Nonrigid face motion, in con-

trast, generally refers to motion of the face itself,

which consists mostly of nonlinear surface defor-

mations (e.g., lip motion, eyebrow motion). Most

naturally occurring face-related motion contains

both rigid and nonrigid motion. Indeed, it is very

difficult for humans to produce facial (i.e.,
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nonrigid) motion without moving their head (rigid

motion), and vice versa. Thus, it should not be

surprising that few studies have systematically ex-

amined the separate contributions of rigid and

nonrigid face motions. Pike et al. (1997) conducted

one of the few studies to explicitly focus on the

contribution of rigid motion. They presented a 10 s

clip of an individual rotating in a chair through a

full 3601 (representing a simple change in relative

viewpoint). They found higher identity recognition

performance in dynamic conditions than in static

conditions. Christie and Bruce (1998), in contrast,

presented five frames of a person moving his/her

head up and down (e.g., representing social com-

munication — a nod of agreement) and found no

difference between static and dynamic conditions.

They suggest that the apparent conflict between

the two studies comes from the type of rigid head

motion: viewpoint change versus social signal.

Munhall et al. (2004) focused explicitly on the role

of rigid head motion in communication and

showed in an elegant study that the specific pat-

tern of rigid head motion that accompanies speech

can be used to disambiguate the speech signal

when the audio is degraded. Hill and Johnson

(2001) used facial animations to show that rigid

head motion is more useful than nonrigid motion

for identity recognition and that nonrigid motion

was more useful than rigid motion in recognizing

the gender of an individual.

In sum, it is clear that some form of facial in-

formation is available only over time, and that it

plays an important role in the recognition of iden-

tity, expression, speech, and gender. Moreover, at

least several different types of motion seem to ex-

ist, they play different roles, and a simple rigid/

nonrigid dichotomy is neither sufficient nor ap-

propriate to describe these motions. Additional

research is necessary to determine what the dy-

namic features for face processing are.

Physiological perspective

Face-selective areas — evidence from neuroscience

At least since the discovery of the face inversion

effect (Yin, 1969) it has been discussed whether a

specific area for the processing of faces exists in

the human brain. Neuropsychological evidence

for specialization has been derived from proso-

pagnosia, a deficit in face identification following

inferior occipitotemporal lesions (e.g., Damasio

et al., 1982; for a review see DeRenzi, 1997).

There have been a few reports of prosopagnostic

patients in which object recognition seemed

to have remained intact (e.g., McNeil and

Warrington, 1993; Farah et al., 1995a; Bentin

et al., 1999). Prosopagnosia has been regarded as a

face-specific deficit that does not necessarily

reflect a general disorder in exemplar recognition

(e.g., Henke et al., 1998). Consistent with this

view, patients who suffered from associative

object agnosia have been reported, while their

face identification remained unaffected (e.g.,

Moscovitch et al., 1997). Such a double dissocia-

tion between face and object recognition would

imply that the two abilities are functionally

distinct and anatomically separable. However, on

the basis of methodological concerns, some au-

thors have doubted whether face recognition can

really be dissociated from object recognition

based on current literature on prosopagnosia

(e.g., Gauthier et al., 1999a; see also Davidoff

and Landis, 1990).

Evidence for the uniqueness of face processing

has also been derived from event-related potential

(ERP) and magnetoencephalographic (MEG)

studies. A response component called the N170

(or M170 in MEG) occurring around 170ms after

stimulus onset is usually twice as large for face

stimuli when compared to other control stimuli

such as hands, houses, or animals (e.g., Bentin et

al., 1996; Liu et al., 2002). However, the debate on

whether such activation is unique for faces or

whether it represents effects of expertise that are

not specific to face processing is still ongoing (for

recent discussions see, e.g., Rossion et al., 2002;

Xu et al., 2005).

In functional brain imaging, several areas have

been identified as being of special importance

for the processing of faces (see Haxby et al., 2000,

for a review). These involve a region in the

lateral fusiform gyrus, the superior temporal

sulcus (STS), and the ‘‘occipital face area’’

(OFA; Gauthier et al., 2000a). All areas have been
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identified bilaterally, albeit with a somewhat

stronger activation in the right hemisphere. The

face-selective area in the fusiform gyrus has been

referred to as the ‘‘fusiform face area’’ (FFA) by

Kanwisher et al. (1997). While FFA activation has

been related to facial identity, the STS in humans

reacts particularly to changing aspects of faces

with social value, such as expression, direction of

gaze, and lip movement (e.g., Puce et al., 1998;

Hoffman and Haxby, 2000). In a recent functional

magnetic resonance imaging (fMRI) study using

adaptation (reduction of brain activity due to

repetitive stimulus presentation), Andrews and

Ewbank (2004) investigated differences in face

processing by the FFA versus the STS. Activity in

the FFA was reduced over time by stimuli having

the same identity. Adaptation was dependent on

viewpoint but not on size changes. The STS

showed no adaptation to identity but an increased

response when the same face was shown with a

different expression or from different viewpoints.

These results suggest a relatively size-invariant

neural representation in FFA for recognition of

facial identity, and a separate face-selective region

in STS involved in processing changeable aspects

of a face such as facial expression. OFA and in-

ferior occipital gyrus seem to be associated with

early structural encoding processes; they are pri-

marily sensitive to sensory attributes of faces

(Rotshtein et al., 2005). Rossion et al. (2003) ob-

tained results in an fMRI study suggesting

that OFA and FFA might be functionally associ-

ated: PS, a patient suffering from severe pros-

opagnosia due to lesions in the left middle

fusiform gyrus and the right inferial occipital cor-

tex, performed poorly in a face-matching task de-

spite normal activation of the intact right FFA.

Rossion et al. thus concluded that the FFA

alone does not represent a fully functional mod-

ule for face perception, but that for normal face

processing intact OFA and FFA in the right

hemisphere with their re-entrant integration are

necessary. Yovel and Kanwisher (2005) came

to a different conclusion. They correlated the be-

havioral performance in a face-matching task of

upright and inverted faces with the neuronal re-

sponses to upright and inverted faces in the

three regions: FFA, STS, and OFA. It was

found that only the FFA showed a difference in

activity between upright and inverted faces.

This can be interpreted as functional dissociation

between FFA and the other cortical regions in-

volved in face processing. The authors also con-

cluded that the FFA appears to be the main

neurological source for the behavioral face

inversion effect originally reported by Yin (1969).

The latter, however, is not exclusive to faces.

In a behavioral study, Diamond and Carey

(1986) found comparable inversion effects for

faces and side views of dogs when dog experts

were tested. Subsequent behavioral and

imaging studies using recognition experiments

with trained experts and artificial objects (‘‘Gree-

bles’’) as well as bird and car experts with bird and

car images provided further evidence in favor

of a process-specific interpretation rather than a

domain-specific interpretation (Gauthier et al.,

1999b, 2000a). According to their view (‘‘expertise

hypothesis’’), FFA activity is related to the

identification of different classes of visual stimuli

if they share the same basic configuration

and if substantial visual expertise has been

gained. The question on whether FFA activity is

domain or process specific is being debated

since several years now. It is beyond the scope

of this chapter to review this ongoing debate but

for an update on the current status see, for exam-

ple, Downing et al. (2005), Xu (2005), Bukach

et al. (in press), Kanwisher and Yovel (in press).

Nevertheless, it should be noted that activation in

face-selective regions of the fusiform area is not

exclusive to faces. Significant responses to other

categories of objects have been found in normal

subjects, for example, for chairs, houses, and tools

(Chao et al., 1999; Ishai et al., 1999, 2000; Haxby

et al., 2001). Moreover, it has also been shown that

face-selective regions in the fusiform area can be

modulated by attention, emotion, and visual im-

agery, in addition to modulation by expertise as

mentioned above (e.g., O’Craven et al., 1999;

Vuilleumier et al., 2001; Ishai et al., 2002). In re-

cent years, substantial progress has been made re-

garding models on how different brain areas

interact in processing information contained in

faces. Three main accounts are summarized in the

following section.
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Cognitive neuroscience models of face processing

The model by Bruce and Young (1986) is one of

the most influential accounts in the psychological

face processing literature. This framework pro-

poses parallel routes for recognizing facial identity,

facial expression, and speech-related movements

of the mouth. It is a rather functional account

since Bruce and Young did not provide specifics

regarding the neural implementation of their

model. The recent physiological framework pro-

posed by Haxby et al. (2000) is consistent with the

general conception proposed by Bruce and

Young. According to Haxby et al.’s model, the

visual system is hierarchically structured into a

core and an extended system. The core system

comprises three bilateral regions in occipitotem-

poral visual extrastriate cortex: inferior occipital

gyrus, lateral fusiform gyrus, and STS. Their func-

tion is the visual analysis of faces. Early perception

of facial features and early structural encoding

processes are mediated by processing in inferior

occipital gyrus. The lateral fusiform gyrus

processes invariant aspects of faces as the basis

for the perception of unique identity. Changeable

properties such as eye gaze, expression, and lip

movement are processed by STS. The representa-

tions of changeable and invariant aspects of faces

are proposed to be independent of one another,

consistent with the Bruce and Young model. The

extended system contains several regions involved

in other cognitive functions such as spatially

directed attention (intraparietal sulcus), prelexical

speech perception (auditory cortex), emotion

(amygdala, insula, limbic system), and personal

identity, name, and biographical information

(anterior temporal region).

The model of Haxby et al. has been taken as a

framework for extension by O’Toole et al. (2002).

By taking into account the importance of dynamic

information in social communication, they

further explain the processing of facial motion.

In their system, dynamic information is processed

by the dorsal stream of face recognition and static

information is processed by the ventral stream.

Two different types of information are contained

in facial motion: social communication signals

such as gaze, expression, and lip movements,

which are forwarded to the STS via the middle

temporal (MT) area; and person-specific motion

(‘‘dynamic facial signatures’’). O’Toole et al. sug-

gest that the latter type of information is also

processed by the STS, representing an additional

route for familiar face recognition. This model is

in accordance with the supplemental information

hypothesis that claims that facial motion consti-

tutes additional information to static information.

According to O’Toole et al., structure-from-mo-

tion may also support face recognition by com-

munication between the ventral and the dorsal

streams. For instance, the structural representa-

tion in FFA could be enhanced by input from MT.

Thus, the model also integrates the representation

enhancement hypothesis.

In a detailed review of psychological and neural

mechanisms, Adolphs (2002) provides a descrip-

tion of the processing of emotional facial expres-

sions as a function of time. The initial stage

provides automatic fast perceptual processing of

highly salient stimuli (e.g., facial expressions of

anger and fear). This involves the superior col-

liculus and pulvinar, as well as activation of the

amygdala. Cortical structures activated in this

stage are V1, V2, and other early visual cortices

that receive input from the lateral geniculate nu-

cleus of the thalamus. Then, a more detailed struc-

tural representation of the face is constructed until

about 170ms. This processing stage involves the

fusiform gyrus and the superior temporal gyrus,

which is consistent with Haxby et al.’s core system.

Dynamic information in the stimulus would en-

gage MT, middle superior temporal area, and

posterior parietal visual cortices. Recognition

modules for detailed perception and emotional re-

action involve Haxby et al.’s extended system. Af-

ter 300ms conceptual knowledge of the emotion

signaled by the face is based on late processing in

the fusiform and superior temporal gyri, orbito-

frontal and somatosensory cortices, as well as ac-

tivation of the insula.

The assumption of separate processes for facial

identity and facial expression is supported by a

number of studies. Neuropsychological evidence

suggests a double dissociation; some patients show

impairment in identity recognition but normal

emotion recognition, and other patients show
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intact identity recognition but impaired emotion

recognition (for reviews see Damasio et al., 1982,

1990; Wacholtz, 1996; Adolphs, 2002). In a recent

study, Winston et al. (2004) revealed dissociable

neural representations of identity and expression

using an fMRI adaptation paradigm. They found

evidence for identity processing in fusiform cortex

and posterior STS. Coding of emotional expres-

sion was related to a more anterior region of STS.

Bobes et al. (2000) showed that emotion matching

resulted in a different ERP scalp topography com-

pared to identity matching. In another ERP study,

Eimer and Holmes (2002) investigated possible

differences in the processing of neutral versus

fearful facial stimuli. They found that the N170,

which is related to structural encoding of the face

in processing identity, did occur in both the neu-

tral and the fearful conditions. This indicates that

structural encoding is not affected by the presence

of emotional information and is also consistent

with independent processing of facial expression

and identity. However, results from other studies

challenge the assumption of completely independ-

ent systems. DeGelder et al. (2003) found that

subjects suffering from prosopagnosia performed

much better when faces showed emotions than

when they depicted a neutral expression. With

normal subjects, the case was the opposite. DeG-

elder et al. assume that the areas associated with

expression processing (amygdala, STS, parietal

cortex) have a modulatory role in face identifica-

tion. Their findings challenge the notion that

different aspects of faces are processed independ-

ently (assumption of dissociation) and only after

structural encoding (assumption of hierarchical

processing). Calder and Young (2005) share a

similar view. They argue that a successful proof of

the dissociation of identity and expression would

require two types of empirical evidence. First, pa-

tients with prosopagnosia but without any impair-

ment in facial expression recognition. Second,

intact processing of facial identity and impaired

recognition of emotion without impairment of

other emotional functions. On the basis of their

review the authors conclude that such clear

patterns have not been revealed yet. The reported

selective disruption of facial expression recogni-

tion would rather reflect an impairment of more

general systems than damage (or impaired access)

to visual representations of facial expression. The

authors do not completely reject the dissociation

of identity and expression, but they suggest that

the bifurcation takes place at a much later stage

than that proposed by the model of Haxby et al.,

namely only after a common representational sys-

tem. This alternative approach is supported by

computational modeling studies using principal

component analysis (PCA; see next section). A

critical problem of these approaches, however, is

that they rely on a purely holistic processing strat-

egy of face stimuli, which in light of the previously

discussed behavioral evidence seems not plausible.

As discussed in the previous section, there is a

growing number of studies in the psychophysics

literature that clearly suggest an important role of

both component and configural information in

face processing. This is supported by neurophys-

iological studies. In general, it has been found that

cells responsive to facial identity are found in in-

ferior temporal cortex while selectivity to facial

expressions, viewing angle, and gaze direction can

be found in STS (Hasselmo et al., 1989; Perret

et al., 1992). For some neurons, selectivity for

particular features of the head and face, e.g. the

eyes and mouth, has been revealed (Perret et al.,

1982, 1987, 1992). Other groups of cells need the

simultaneous presentation of multiple parts of a

face, which is consistent with a more holistic type

of processing (Perret and Oram, 1993; Wachsmuth

et al., 1994). Yamane et al. (1988) have discovered

neurons that detect combinations of distances bet-

ween facial parts, such as the eyes, mouth, eye-

brows, and hair, which suggest sensitivity for the

spatial relations between facial parts (configural

information).

Although they are derived from different phys-

iological studies, the three models by Haxby,

O’Toole et al., and Adolphs share many common

features. Nevertheless, it seems that some links to

behavioral and physiological studies are not taken

up in these models. As discussed above, the con-

cept of component and configural processing

seems to be a prominent characteristic of face

processing. The models, however, do not make this

processing step explicit by specifying at which

stage this information is extracted. Furthermore,
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the distributed network of brain regions involved

in the processing of face stimuli has so far not been

characterized in terms of the features that are

processed in each region — how does a face look

like for the amygdala, for example? Some of these

questions may be answered in connection with a

closer look at the computational properties of face

recognition. In the next section, we therefore

present a brief overview of computational models

of identity and expression recognition.

Computational perspective

Since the advent of the field of computer vision

(Marr, 1982), face recognition has been and con-

tinues to be one of its best-researched topics with

hundreds of papers being published each year in

conferences and journals. One reason for this in-

tense interest in face recognition is certainly due to

the growing range of commercial applications for

computational face recognition systems — espe-

cially in the areas of surveillance and biometrics,

but increasingly also in other areas such as hu-

man–computer interaction or multimedia applica-

tions. Despite these tremendous efforts, however,

even today there exists no single computational

system that is able to match human performance

— both in terms of recognition discriminability

and in terms of generalization to new viewing

conditions including changes in lighting, pose,

viewing distance, etc. It is especially this fact that

has led to a growing interest of the computer vi-

sion community in understanding and applying

the perceptual, cognitive, and neurophysiological

issues underlying human performance. Similar

statements could be made about the area of auto-

matic recognition of facial expressions — the crit-

ical difference being that commercial interest in

such systems is less than in systems that can per-

form person identification. Nevertheless, the area

of expression recognition continues to be a very

active topic in computer vision because it deals

with the temporal component of visual input: how

the face moves and how computers might be able

to map the space of expressions are of interest for

computer vision researchers leading to potential

applications in, for example, human–computer

interaction in which the actions of the user have

to be analyzed and recognized in a temporal

context.

As the previous sections have shown, however,

apart from having commercial prospects, tech-

niques developed by the computer vision commu-

nity also have wide uses in cognitive research: by

analyzing and parametrizing the high-dimensional

space of face appearances, for example, research-

ers gain access to a high-level, statistical descrip-

tion of the underlying visual data. This description

can then be used to design experiments in a well-

defined subspace of facial appearance (for a review

of face spaces see Valentine, 1995). A well-known

example consists of the PCA of faces that defines

prototypes in a face space (Leopold et al., 2001).

The same holds true in the case of facial expres-

sions as the amount of spatio-temporal data

quickly becomes prohibitive in order to conduct

controlled experiments at a more abstract level

that goes beyond mere pixels. A recent study that

has used advanced computer vision techniques to

manipulate components of facial expressions is the

study by Cunningham et al. (2005). In the follow-

ing, we will briefly review the main advances and

approaches in both the area of identity recognition

and recognition of expressions (see Li and Jain,

2004, for further discussion).

As a first observation, it is interesting to note

that both identity and expression recognition in

computer vision follow the same basic structure: in

the first step, the image is scanned in order to find

a face — this stage is usually called face detection

and can also encompass other tasks such as esti-

mating the pose of the face. As a result of space

restrictions, we will not deal with face detection

explicitly — rather, the reader is referred to

Hjelmas and Low (2001). Interestingly, the topic

of face detection has received relatively little at-

tention in cognitive research so far (see, e.g., Lewis

and Edmonds, 2003) and needs to be further ex-

plored. Following face detection, in a second step

the image area that comprises the face is further

analyzed to extract discriminative features ranging

from holistic approaches using the pixels them-

selves to more abstract approaches extracting the

facial components. Finally, the extracted features

are compared to a database of stored identities or

333



expressions in order to recognize the person or

their expression. This comparison can be done by

a range of different classification schemes from

simple, winner-take-all strategies to highly com-

plex algorithms from machine learning.

Research in face recognition can be roughly di-

vided into three areas following the type of infor-

mation that is used to identify the person in the

feature extraction step: (1) Holistic approaches

use the full image pixel information of the area

subtended by the face. (2) Feature-based ap-

proaches try to extract more abstract information

from the face area ranging from high-contrast

features to semantic facial features. (3) Hybrid

systems combine these two approaches.

The earliest work in face recognition focused

almost exclusively on high-level, feature-based ap-

proaches. Starting in the 1970s, several systems

were proposed which relied on extracting facial

features (eyes, mouth, and nose) and in a second

step calculated two-dimensional geometric prop-

erties of these features (Kanade, 1973). Although it

was shown that recognition using only geometric

information (such as distances between the eyes,

the mouth, etc.) was computationally effective and

efficient, the robust, automatic extraction of such

high-level facial features has proven to be very

difficult under general viewing conditions (Brunelli

and Poggio, 1993). One of the most successful face

recognition systems based on local image infor-

mation therefore used much simpler features that

were supplemented by rich feature descriptors: in

the elastic bunch-graph matching approach, a face

image is represented as a collection of nodes which

are placed in a regular grid over the face. Each of

these nodes carries so-called ‘‘jets’’ of Gabor-filter

responses, which are collected over various scales

and rotations. This representation is very compact

yet has proven to be very discriminative, therefore

enabling good performance even under natural

viewing conditions (Wiskott et al., 1997). It is

interesting to note this system’s similarity to the

human visual system (see Biederman and Kalocsai,

1997) as the Gabor filters used closely resemble the

receptive field structure found in the human cor-

tex. The advantage of such low-level features as

used also in later recognition systems lies in their

conceptual simplicity and compactness.

In the early 1990s, Turk and Pentland (1991)

developed a holistic recognition system called ‘‘ei-

genfaces,’’ which used the full pixel information to

construct an appearance-based low-dimensional

representation of faces. This approach proved to

be very influential for computer vision in general

and inspired many subsequent recognition algo-

rithms. Its success is partially due to the fact that

natural images contain many statistical redundan-

cies. These can be exploited by algorithms such as

PCA by building lower-dimensional representa-

tions that capture the underlying information con-

tained in, for example, the space of identities given

a database of faces. The result of applying PCA to

such a database of faces is a number of eigenvec-

tors (the ‘‘eigenfaces’’) that encode the main sta-

tistical variations in the data. The first eigenvector

is simply the average face and corresponds to the

prototype face used in psychology. Recognition of

a new face image is done by projecting it into the

space spanned by the eigenvectors and looking for

the closest face in that space. This general idea of a

face space is shared by other algorithms such as

linear discriminant analysis (LDA; Belhumeur

et al., 1997), independent component analysis

(ICA; Bartlett et al., 2002), non-negative matrix

factorization (NMF; Lee and Seung, 1999), or

support vector machines (SVMs; Phillips, 1999).

The main difference between these algorithms lies

in the statistical description of the data as well as

in the metrics used to compare different elements

of the face space: PCA and LDA usually result in

holistic descriptions of the data where every region

of the face contributes to the final result; ICA and

NMF can yield more sparse descriptors with spa-

tially localized responses; SVMs describe the space

of face identities through difficult-to-recognize

face exemplars (the support vectors) rather than

through prototypical faces as PCA does. In terms

of metrics, there are several possibilities ranging

from simple Euclidean distances to weighted

distances, which can take the statistical properties

of the face space into account.

The advantage of PCA (and other holistic ap-

proaches) in particular is that it develops a gen-

erative model of facial appearance which enables

it, for example, to reconstruct the appearance of a

noisy or occluded input face. An extreme example
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of this is the morphable model by Blanz and Vetter

(1999, 2003), which does not work on image pixels

but works on three-dimensional (3D) data of laser

scans of faces. Because of their holistic nature,

however, all of these approaches require specially

prepared training and testing data with very care-

fully aligned faces in order to work optimally.

Given the distinction between local and holistic

approaches, it seems natural to combine the two

into hybrid recognition architectures. Eigenfaces

can of course be extended to ‘‘eigenfeatures’’ by

training facial features instead of whole images.

Indeed, such systems have been shown to work

much better under severe changes in the appear-

ance of the face such as due to occlusion by other

objects or make-up (see Swets and Weng, 1996).

Another system uses local information extracted

from the face to fit a holistic shape model to the

face. For recognition, not only holistic informa-

tion is used, but also local information from the

contour of the face (Cootes et al., 2001). Finally, in

a system proposed by Heisele et al. (2003), several

SVMs are trained to recognize facial features in an

image, which are then combined into a configura-

tion of features by a higher-level classification

scheme. Again, such a scheme has been shown to

outperform other, purely holistic, approaches.

Recently, several rigorous testing schemes have

been proposed to evaluate the various methods

proposed by computer vision researchers: the

FERET (FacE REcognition Technology)

evaluations in 1994–1996 and three face recogni-

tion vendor tests in 2000, 2002, and 2005 (see

http://www.frvt.org). Although these evaluations

have shown that performance has increased

steadily over the past years, several key challenges

still need to be addressed before face recognit-

ion systems can become as good as their human

counterpart:

Robust extraction of facial features: Although

face detection is possible with very high accu-

racy, this accuracy is usually achieved by anal-

yzing large databases of face and nonface

images to extract statistical descriptors. These

statistical descriptors usually do not conform to

meaningful face components — components

that humans rely on to detect faces.

Tolerance to changes in viewing conditions: Ex-

isting databases often contain only frontal im-

ages or a single illumination. In the real world,

however, changes in illumination and pose are

rather frequent — usually several changes occur

at the same time.

Dealing with large amounts of training data:

Connected to the previous point, typical recog-

nition systems need massive amounts of train-

ing data to learn facial appearance under

various viewing conditions. While this is rem-

iniscent of the extensive experience humans ac-

quire with faces, this represents a challenge for

the statistical algorithms as the relevant dis-

criminative information has to be extracted

from the images.

Taking into account the context: Faces seldom

appear without context — in this case context

can mean a particular scene, evidence from

other modalities, or the fact that faces are part

of the human body and therefore co-occur. This

information could be used not only for more

reliable face detection, but could also assist in

recognition tasks. Interestingly, context effects

are also not well studied in the behavioral lit-

erature.

Dealing with spatio-temporal data: Even though

humans can recognize faces from still images,

we generally experience the world dynamically

(see Section ‘‘Dynamic information’’ above).

Although first steps have been made (Li and

Chellappa, 2001), the full exploitation of this

fact remains to be done.

Characterizing performance with respect to hu-

mans: Although the claim that current systems

do not yet reach human performance levels is

certainly valid, there has been relatively little

research on trying to relate computational and

human performance in a systematic manner

(examples include the studies by Biederman and

Kaloscai, 1997; O’Toole et al., 2000; Wallraven

et al., 2002, 2005b; Schwaninger et al., 2004).

Such information could be used to fine-tune

existing as well as develop novel approaches to

face recognition.

In addition to work on face recognition, con-

siderable attention has been devoted to the

335



automatic recognition of facial expressions. Early

work in this area has focused mainly on recogni-

tion of the six prototypical or universal expres-

sions (these are angry, disgust, fear, happy, sad,

and surprised; see Ekman et al., 1969) whereas in

later work the focus has been to provide a more

fine-grained recognition and even interpretation of

core components of facial expressions.

As mentioned above, all computational systems

follow the same basic structure of face detection,

feature extraction, and classification. Moreover,

one can again divide the proposed systems into

different categories on the basis of whether they

use holistic information, local feature-based infor-

mation, or a hybrid approach. An additional as-

pect is whether the systems estimate the

deformation of a neutral face for each image or

whether they rely explicitly on motion to detect a

facial expression.

Systems based on holistic information have em-

ployed PCA (Calder et al., 2001) to recognize

static images, estimating dense optic flow to anal-

yze the deformation of the face in two dimensions

(Bartlett et al., 1999), as well as 3D deformable

face models (DeCarlo and Metaxas, 1996). In con-

trast, systems based on local information rely on

analyzing regions in the face that are prone to

changes under facial expressions. Such systems

have initially used tracking of 2D contours (Ter-

zopoulos and Waters, 1993) or high-contrast re-

gions (Rosenblum et al., 1996; Black and Yacoob,

1997), elastic bunch-graph matching with Gabor

filters (Zhang et al., 1998), as well higher-level 3D

face models (Gokturk et al., 2002). Despite good

recognition results on a few existing test databases,

however, these systems mostly focused on recog-

nition of the six prototypical expressions. There-

fore, they could not extract important dimensions

such as the intensity of the recognized expressions

— dimensions, which are critical for human–com-

puter interface (HCI) applications, for example.

A very influential description of facial expres-

sions is FACS developed by Ekman and Friesen in

the late 1960s and continuously improved in the

following years. As mentioned above (see section

on recognition of expressions), FACS encodes

both anatomical muscle activations as well as so-

called miscellaneous actions in 44 action units. It is

important to stress again that the co-activation of

action units into complex expressions is external to

FACS, making it a purely descriptive rather than

an inferential system. In addition, the mapping

from action units to complex expressions is am-

biguous. Nevertheless, most recent systems try to

recognize action units from still images or image

sequences — perhaps due to the fact that FACS is

one of the few parametric, high-level descriptions

of facial motion. As a result of the highly localized

structure of action units, these systems rely mostly

on local information and use a combination of

low-level, appearance-based features and geomet-

ric facial components for increased robustness

(Bartlett et al., 1999; Donato et al., 1999). One of

the most advanced recognition systems (Tian et

al., 2001) uses a hybrid scheme combining both

low- and high-level local information in a neural

network to recognize 16 action units from static

images with an accuracy of 96%.

Similarly to face recognition systems there exist

several standard databases for benchmarking fa-

cial expression algorithms (Ekman and Friesen,

1978; Kanade et al., 2000) — so far, however, no

comprehensive benchmark comparing the differ-

ent systems for facial expression analysis has been

developed.

Interestingly, several of the systems discussed

here have been explicitly benchmarked against hu-

man performance — both in the case of prototyp-

ical expressions (Calder et al., 2001) and in the case

of action unit recognition (Bartlett et al., 1999;

Tian et al., 2001). This shows that in the area of

facial expression recognition, the coupling between

psychological and computational research is much

closer than that seen in identity recognition — one

of the reasons may be that expression analysis has

drawn more heavily from results in psychological

research (Ekman et al., 1969; Ekman and Friesen,

1978).

Finally, the following presents a list of key chal-

lenges in the area of automatic recognition of fa-

cial expressions that still need to be addressed to

design and implement robust systems with human-

like performance:

Robust extraction of facial features: Even more

than in the case of identity recognition,
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extraction of the exact shape of facial compo-

nents would enable to determine action units

very precisely.

Dealing with variations in appearance: In con-

trast to identity recognition, expressions need to

be recognized despite changes in gender and

identity (as well as of course additional param-

eters such as pose, lighting, etc.). Current algo-

rithms do not yet perform these generalizations

well enough.

Going beyond FACS: Although FACS has re-

mained popular, it is still unclear whether it re-

ally is a useful basis for describing the space of

facial expressions — both from a human per-

spective as well as from a statistical point of

view. Among the alternatives that have been

proposed is FACS+, an encoding system for

facial actions that seeks to determine well-de-

fined actions as well as the mapping between

these actions and complex expressions (Essa

and Pentland, 1997). Another alternative is the

MPEG4 face-coding scheme, a very generic face

animation framework based on movement of

keypoints on the face (e.g., Koenen, 2000; see

also Section ‘‘Dynamic information’’ above).

Full spatio-temporal, high-level models for rec-

ognition: Facial expressions are a highly efficient

form of communication — the communicative

aspect is not yet exploited by current systems,

which is partially due to the lack of explicit

models of how humans employ facial motions

to convey meaning. Such knowledge could, for

example, prove useful as a high-level prior for

automatic recognition of expressions.

More descriptive power: For humans, recogni-

tion of the expression is only the first step in a

longer pipeline, which involves not only judg-

ments of intensity, but also other interpretative

dimensions such as believability, naturalness,

etc. Our behaviour may be more determined by

these dimensions rather than by the classifica-

tion itself.

Summary and conclusions

The review of psychophysical studies showed that

faces are processed in terms of their components

and their spatial relationship (configural informa-

tion). The integrative model by Schwaninger et al.

(2002, 2003a) provides a good basis for combining

the component-configural hypothesis and holistic

aspects of face processing. According to the model,

component and configural information are first

analyzed separately and then integrated for recog-

nition. Rotating the faces in the plane results in a

strong impairment of configural processing, while

component processing is much less, if at all,

affected by plane rotation. This could be due to

capacity limitations of an orientation normaliza-

tion mechanism such as mental rotation, which is

required in order to extract configural information

from the plane rotated or inverted faces. Because

adult face recognition relies more on the process-

ing of configural information than basic level ob-

ject recognition, a strong inversion effect is

obtained.

Different facial areas and facial motions are im-

portant for the recognition of different emotions.

Most of the models on facial expression processing

have stressed the importance of component infor-

mation while some models also integrate con-

figural information (e.g., Izard et al., 1983; White,

2000). As pointed out by Schwaninger et al. (2002,

2003a), a model which assumes separate process-

ing of component and configural information be-

fore integrating them can explain the effects of

facial expression processing in the Thatcher illu-

sion and the face composite illusion. In upright

faces, both component and configural information

can be processed. This results in a bizarre facial

expression in the Thatcher illusion and in a new

identity or facial expression when different face

composites are aligned. Turning faces upside-

down disrupts configural processing. As a conse-

quence, the bizarre facial expression in the

Thatcher illusion vanishes. Similarly, the absence

of interference from configural information in in-

verted composites makes it easier to identify the

different identities (Young et al., 1987) or emo-

tions (Calder et al., 2000).

The model by Bruce and Young (1986) proposes

separate parallel routes for recognizing facial iden-

tity, facial expression, and speech. Recent physio-

logical models proposed by Haxby et al. (2000),

O’Toole et al. (2002), and Adolphs (2002) are
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consistent with this view. Although now much is

known about the role and interaction of different

brain areas in recognition of identity and expres-

sion, the neuronal implementation of analyzing

component and configural information and their

integration with motion information is less clear.

Interestingly, both identity and expression rec-

ognition in computer vision follow the same basic

processing steps. Following face detection, in a

second step the image area containing a face is

processed to extract discriminative features, which

are then compared to a database of stored iden-

tities or expressions. The different recognition al-

gorithms can be distinguished on whether they use

holistic information, local feature-based informa-

tion, or a hybrid approach; the last two are usually

more successful than the first one. One example

of a close connection between computational

modeling and psychophysical research in this con-

text is the set of studies by Wallraven et al. (2002,

2005b) on the implementation and validation of a

model of component and configural processing in

identity recognition. On the basis of the model

developed by Schwaninger et al. (2003a, 2004)

outlined above, they implemented the two routes

of face processing using methods from computer

vision. The building blocks of the face represen-

tation consisted of local features that were ex-

tracted at salient image regions at different spatial

frequency scales. The basic idea for the implemen-

tation of the two routes was that configural

processing should be based on a global, position-

sensitive connection of these features, whereas

component processing should be local and posi-

tion insensitive. Using these relatively simple in-

gredients, they showed that the model could

capture the human performance pattern observed

in the psychophysical experiments. As can be seen

in Fig. 4, the results of the computational model

are very similar to the psychophysical results ob-

tained with humans in the experiment conducted

by Schwaninger et al. (2002) (see also Fig. 3).

Fig. 4. Human and computational (Comp) performance for the face recognition task of Schwaninger et al. (2002) for unfamiliar

(Unfam) and familiar (Fam) face recognition (adapted from Wallraven et al., 2005b). Performance is shown as area under the ROC-

curve (AUC). In order to determine the relative contributions of component and configural processing, participants had to recognize

previously learnt faces in either scrambled (Scr), blurred (Blr), or scrambled-blurred (ScrBlr) conditions (also see human data in Fig. 3).

The recognition performance of the computational model (Comp) was very similar to human performance. Moreover, the results

indicate that the two-route implementation of configural and component processing captures the relative contributions of either route

to recognition. The observed increase for familiar face recognition by humans could also be modeled with the computational system.
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Moreover, combining the two routes resulted in

increased recognition performance, which has im-

plications in a computer vision context regarding

recognition despite changes in viewpoint (see Wall-

raven et al., 2005b).

In general, a closer coupling between psycho-

physical research, neuroscience, and computer vi-

sion would benefit all research areas by enabling a

more advanced statistical analysis of the informa-

tion necessary to recognize individuals and ex-

pressions as well as the development of better,

perceptually motivated recognition algorithms

that are able to match human classification per-

formance. This will be necessary in order to better

understand processing of component, configural,

and motion information and their integration for

recognition of identity and facial expression.

Abbreviations

FACS facial action coding system

FERET FacE REcognition Technology

FFA fusiform face area

FLMP fuzzy logical model of perception

HCI human–computer interface

ICA independent component analysis

LDA linear discriminant analysis

MT middle temporal

NMF non-negative matrix factorization

OFA occipital face area

STS superior temporal sulcus

SVM support vector machine
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