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Abstract

This paper advances an integrated learning and evolu-
tionary computation methodology for approaching the task
of learning the face space. The methodology is geared to
provide a framework whereby enhanced and robust face
coding and classification schemes can be derived and eval-
uated using both machine and human benchmark studies.
In particular we take an interdisciplinary approach, draw-
ing from the accumulated and vast knowledge of both the
computer vision and psychology communities, and describe
how evolutionary computation and statistical learning can
engage in mutually beneficial relationships in order to de-
fine an exemplar (Absolute)-Based Coding (ABC) multidi-
mensional face space representation for successfully coping
with changing population (face) types, and to leverage past
experience for incremental face space definition.

1. Introduction

Among the most challenging tasks for visual form
(‘shape’) analysis and object recognition are understanding
how people process and recognize each other’s face, and the
development of corresponding computational models and
automated face recognition systems [43]. The enormity of
the problem has involved hundreds of scientists in interdis-
ciplinary research but the ultimate solution remains elusive.
The face space metaphor [41] provides the starting point
for this paper. Our goal here is to advance an integrated
learning and evolutionary computation methodology for ap-
proaching the task of learning the face space. The method-
ology is geared to provide a framework whereby enhanced
and robust face coding and classification schemes can be de-
rived and evaluated using both machine and human bench-
mark studies. In particular we take an interdisciplinary ap-
proach, drawing from the accumulated and vast knowledge
of both the computer vision and psychology communities,
and describe how evolutionary computation and statistical
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learning can engage in mutually beneficial relationships
in order to define an exemplar (Absolute)-Based Coding
(ABC) multidimensional face space representation for suc-
cessfully coping with changing population (face) types, and
to leverage past experience for incremental face space defi-
nition. Evolutionary computation, akin to stochastic search
and instantiated through Genetic Algorithms (GAs), allows
for the computational efficiency needed to sift through the
huge number of possible face spaces.

A “fundamental question about cognition concerns how
knowledge about a category is acquired through encoun-
ters with examples of the category” [24]. Memory-based
reasoning supports the view that categorical concepts are
implicitly defined in terms of some of the exemplars en-
countered and it does not call for stored abstractions and/or
prototypes [17]. Knowlton and Squire [24] further view
that “category-level knowledge has no special status but
emerges naturally from item memory”, and that a novel
probe “would be endorsed as belonging to a particular cat-
egory as a function of the similarity between the new item
and the exemplars of that category already stored in mem-
ory”. Categorical effects have also been found to affect
perception of faces and Beale and Keil [3] have shown
that “subjects discriminate most accurately when face-pairs
straddle apparent category boundaries along a continuum
of morphed faces”. Memory-based reasoning leads one di-
rectly to the face space characterization, in terms of face ex-
emplars, labeled as Absolute-Based Coding (ABC). Driven
by clustering and density measures, ABC considers typi-
cality, like that for ethnicity, to be dependent on the lo-
cal density surrounding some face(s). The competing al-
ternative for the face space definition, Norm-Based Coding
(NBC), defines typicality in terms of the face distance from
the (mean) prototype abstracting known faces. Recent ex-
periments reported by Rhodes et al [37] seem to suggest
that the ABC model compares favorably against the NBC
model, even that it may not provide a complete account of
ethnicity effects in recognition.

The questions now begging an answer are how to de-



fine faces as (compact and discriminating) categorical self-
contained concepts, and how to measure their similarity.
Our answer to this question is that the exemplars referred
to earlier have to be represented along some face basis,
whose “natural” dimensions evolve over time in response
to the spatiotemporal statistics of the face space encoun-
tered. The generic solution advanced in this paper uni-
fies the Norm-Based Coding (NBC) and Absolute-Based
Coding (ABC), the alternative coding strategies compet-
ing to define the face space, as the exemplars are encoded
along shared (“prototypical”) dimensions. The natural di-
mensions for the face space bridge front-end image pro-
cessing and memory-based image retrieval, and combine
known perceptual (“representation”) and cognitive (“classi-
fication™) face recognition abilities like those discussed by
Burton et al [7] in support of their Interactive Activation and
Competition (IAC) model of face recognition. The specific
objective criteria addressed by this paper and concerning the
face space are then related to (i) the face recognizers used
to discriminate among faces or possibly categorize them ac-
cording to gender and/or ethnic origin, and (ii) the kind of
preprocessing face images are subject to prior to encoding
and classification. The above two criteria correspond to the
cognitive and perceptual processes referred to by the IAC
model. Most important, and fundamental to this undertak-
ing is to (iii) find the optimal mix of perceptual and cogni-
tive processes needed to define the face space, and to iden-
tify the specific characteristics of robust encoding schemes,
i.e., the basis along which the preprocessed face images are
projected.

2. Background

The idea of learning the face space has been motivated
by the natural scene encoding. Encoding natural scenes
takes advantage of intrinsic image statistics and seeks also
to derive an natural (‘universal’) basis [21], [32]. The de-
rived basis functions have been found to closely approxi-
mate the receptive fields of simple cells in the mammalian
primary visual cortex. The receptive fields resemble var-
ious derivative-of-Gaussian (DOG) functions, which are
spatially localized, oriented and bandpass [32]. Barlow
[2] argues that such receptive fields might arise from unsu-
pervised learning, subject to redundancy reduction or min-
imum entropy coding. Olshausen and Field [32] derive
localized oriented receptive fields based on a criterion of
sparseness, while Bell and Sejnowski [5] use an indepen-
dence criterion to derive qualitatively similar results.

The rationale behind a natural basis is that the basis
should be complete and low dimensional, and it should thus
allow for the efficient derivation of suitable image represen-
tations corresponding to the intrinsic structure of sensory
signals. The intrinsic structures are essential for processes

such as image retrieval and object recognition. Once the
natural basis has been derived, no additional training is nec-
essary and both the training and the novel images on future
tasks are represented in terms of the already available nat-
ural basis. The natural basis, however, also has its draw-
backs, i.e., it might be too general to properly encode for a
specific task. As for face recognition, the class of objects
to be represented is quite specific, human face images, pos-
sibly indexed by gender, ethnicity and age, and one thus
should seek and learn the face rather than an ‘universal’
and all encompassing natural basis. This observation also
fits with knowledge that the “bias/variance dilemma may
be circumvented if we are willing to purposely introduce
bias, which then makes it possible to eliminate the variance
or reduce it significantly” [22]. Learning low dimensional
representations of visual objects with extensive use of prior
knowledge has also been recently suggested by Edelman
and Intrator [15] who claim that “perceptual tasks such as
similarity judgment tend to be performed on a low dimen-
sional representation of the sensory data. Low dimension-
ality is especially important for learning, as the number of
examples required for attaining a given level of performance
grows exponentially with the dimensionality of the under-
lying representation space.”

One popular technique capable of deriving low-
dimensional representation is Principal Component Anal-
ysis (PCA), which has been applied extensively for both
face representation and recognition. Kirby and Sirovich
[23] showed that any particular face can be economically
represented along the eigenpictures coordinate space, and
that any face can be approximately reconstructed by using
just a small collection of eigenpictures and the correspond-
ing projections (‘coefficients’). Applying PCA technique to
face recognition, Turk and Pentland [40] developed a well-
known eigenfaces method, where the eigenfaces correspond
to the eigenvectors associated with the dominant eigenval-
ues of the face covariance matrix. The eigenfaces thus de-
fine a feature space, or “face space”, which drastically re-
duces the dimensionality of the original space, and face de-
tection and identification are then carried out in the reduced
space. Under the same PCA scheme, shape and texture
(‘shape-free’ image) coding has recently become promi-
nent for encoding face images in order to encompass more
concrete information for face representation [13], [6], [11].
Shape and texture coding, usually used in conjunction with
norm based coding, is a two-stage process once the face has
been located. Coding starts by annotating the face using
important internal and face boundary points. Once these
control points are located, they are aligned using transla-
tion, scaling and rotation transformations as necessary, and
a corresponding mean shape is derived. The next stage then
triangulates the annotated faces and warps each face to the
mean shape. The first stage yields the shape, while the



second stage yields the texture and corresponds to what is
known as full anticaricature [13].

3. Face Representation and Classification

Robust indexing and retrieval encoding schemes require
both low dimensional feature representations, for data com-
pression and faithful reconstruction purposes, and enhanced
discrimination abilities for subsequent image retrieval [31].
Such complementary requirements can be addressed using
an approach similar to constrained optimization, where the
unifying theme is that of lowering the subspace dimension
(‘data compression’) subject to increased fitness for the dis-
crimination index. The three candidates for possible coding
schemes we have recently developed and found most appro-
priate are the Probabilistic Reasoning Models (PRM) [28],
the Enhanced Fisher Models (EFM) [26], and the Enhanced
Independent Component Analysis (EICA) [29]. Lowering
the subspace dimension for all three coding schemes is done
using PCA, possibly whitened. The three coding schemes
manipulate the discrimination index using the Bayes clas-
sifier, specific trade-offs between PCA and Fisher Linear
Discriminant (FLD), and the sparseness or independence of
the resulting image representations, respectively. Follow-
ing PCA data compression, the PRM method employs the
Bayes classifier, which yields the minimum error when the
underlying probability functions are known, and carry out
the recognition task in the compressed subspace using the
MAP (maximum a-posteriori) criterion.

The EFM models implement the dimensionality reduc-
tion with the goal to balance between the need that the se-
lected PCA eigenvalues account for most of the spectral en-
ergy of the raw data and the requirement that the (trailing)
eigenvalues of the within-class scatter matrix in the reduced
PCA subspace are not too small. A successful face recog-
nition methodology also depends heavily on preprocessing
and feature extraction. We have recently shown that an in-
tegrated shape (vector) and texture (‘shape free’) prepro-
cessing method [30], [25], [11] compares favorably against
existing methods. In particular we have shown that an inte-
grated shape (vector) and texture (‘shape-free’ image) pre-
processing method [30] is most successful when it is cou-
pled to the classifier referred to earlier. Shape encodes the
feature geometry of a face while texture provides a normal-
ized shape-free image by warping the original face image to
the mean shape, i.e., the average of aligned shapes. The di-
mensionalities of the shape and the texture spaces are again
first reduced using PCA. The corresponding but reduced
shape and texture features are then integrated through a nor-
malization procedure to form augmented features. The di-
mensionality reduction procedure, constrained by EFM (see
above) for enhanced generalization, maintains a proper bal-
ance between the spectral energy needs of PCA for adequate

representation, and the FLD discrimination requirements,
i.e., that the eigenvalues of the within-class scatter matrix
do not include small trailing values after the dimensionality
reduction procedure, as they appear in the denominator.

Independent Component Analysis (ICA), which has
emerged recently as a powerful solution to the problem of
blind source separation, seeks a linear transformation to ex-
press a set of random variables as linear combinations of
statistical independent source variables. The search crite-
rion involves the minimization of the mutual information
expressed as a function of high order cumulants. PCA con-
siders the 2nd order moments only and it uncorrelates the
data, while ICA provides a more powerful data represen-
tation, as it accounts for higher order statistics and it also
identifies the independent source components from their
linear mixtures (the observables).

3.1. From PCA and Eigenfaces to Proba-
bilistic Reasoning Models (PRM)

PCA is an optimal signal representation criterion that
offers reduction of a large set of correlated variables to
a smaller number of uncorrelated components. Following
its application, one derives an orthogonal projection basis
that directly leads to dimensionality reduction and possibly
to feature selection. Recently, PCA has been commonly
applied to representing and recognizing human faces, and
one well-known face recognition method is the Eigenfaces
method [40].

The Eigenfaces method defines a face space spanned by
the eigenvectors (eigenfaces) corresponding to the leading
eigenvalues of the face covariance matrix. The features
derived by Eigenfaces are thus specified by the following
equation:

Y = P'X Q)

where X and Y represent the original face image and the
derived features, respectively, and P is a projection matrix
consisting of the eigenfaces.

As PCA derives eigenfaces based on the observed varia-
tions using all the training samples, it enjoys good general-
ization abilities for image reconstruction when tested with
novel images not seen during training [34]. PCA is, how-
ever, an optimal signal representation criterion in the sense
of mean-square-error (MSE), and such PCA inspired fea-
tures do not necessarily provide for good discrimination.
Our solution integrates PCA, the optimal representation cri-
terion, with the Bayes classifier, the optimal classification
criterion. Such an integration leads to our PRM method
[28]. The PRM method applies PCA first for dimensionality
reduction with the goal of signal approximation, and then
utilizes the within-class scatter to estimate the covariance
matrix for each class in order to estimate the conditional
pdf. Finally, it applies the MAP rule for classification. The



MAP decision rule optimizes the class separability in the
sense of Bayes error and improves on PCA and FLD based
methods that apply criteria not related to the Bayes error.

3.2. From Linear Discriminant Analysis
(LDA) and Fisherfaces to Enhanced
Fisher Models (EFM)

LDA, similar to the Fisher Linear Discriminant (FLD), is
yet another commonly used criterion in pattern recognition
and recently in face recognition [39], [18], [4]. The LDA
derives a projection basis that separates the different classes
as far as possible and compacts the same classes as close as
possible. One representative LDA/FLD - based method is
the Fisherfaces method [4].

The Fisherfaces method specifies a face space by com-
bining the PCA and the FLD projections:

Q=RS )

where R is the PCA projection matrix similar to P in Eq.
1, and S is the FLD projection matrix, which is derived by
maximizing the ratio of the between- and within-class scat-
ters in the transformed space [4]. The features defined are
as follows:

7 =Q'X (3)

Unlike PCA, FLD differentiates between the within- and
between-class scatters and derives a class specific feature
space. The Fisherfaces, known also as the Most Discrimi-
nating Features (MDF) space, is superior to the Eigenfaces
encoding scheme, known as the Most Expressive Features
(MEF) space for face recognition, only when the training
images are representative of the range of face (class) image
variations; otherwise, the performance difference between
the MEF and MDF is not significant [39]. The FLD proce-
dure, when implemented in a high dimensional PCA space,
leads often to overfitting [31]. Overfitting is more likely to
occur for the small training sample size scenario, which is
the typical one for face recognition [35]. One possible rem-
edy for this drawback is to artificially generate additional
data and thus increase the sample size [18]. Another solu-
tion, to analyze the reasons for overfitting and propose new
models with improved generalization abilities, led to our
EFM method [31]. The EFM method first addresses (con-
cerning PCA) the range of principal components used and
how it affects performance, and (regarding FLD) the rea-
sons for overfitting and how to avoid it. It presents, then,
specific models to improve generalization by balancing the
spectral energy criterion for sufficient representation (per-
ception) and the eigenvalue spectral requirement for good
generalization. This requires that the selected PCA eigen-
values account for most of the spectral energy of the raw
data, while the (trailing) eigenvalues of the within-class

scatter matrix in the reduced PCA subspace are not too
small. The range of principal components can be specified
according to the eigenvalues spectrum. As an example, for
one PRM model, we utilized less than 7% of the total prin-
cipal components.

3.3. Shape and Texture Representations

The feature geometry of a face, shape (vector), com-
prises a set of control points that underscore the important
face features such as eyebrows, eyes, bridge of the nose,
nose, mouth, and the contour of the face. The shapes of all
the training face images are aligned with respect to one an-
other under the transformations of translation, rotation and
scaling, and the mean shape is defined as the average of
these aligned shapes. Texture is derived by warping the
original face image to the mean shape. Under the con-
straints of representation and generalization, the shape and
texture features are integrated through a normalization pro-
cedure to form augmented features [30].

The augmented features encoding both shape and texture
information are defined as follows:

v} v \*
Y = (_1 _2) (4)
Yl [ Yzl

where Y7 and Y3 are the lower dimensional shape and tex-
ture features derived using PCA under the constraints of the
EFM for enhanced generalization performance. For com-
parison purposes we also compute the shape images and
masked images. Shape images undergo the same alignment
procedure as the shapes do, but preserve the intensity infor-
mation within the outlines of the faces only. Masked images
are derived by first using the centers of two eyes as control
points for alignment, and then putting a mask on them.
Our comparative study shows that the augmented shape
and texture features carry the most discriminant informa-
tion followed in order by textures, shape vectors, masked
images, and shape images. It also shows that our shape and
texture based Enhanced Fisher classifier Model (EFM) per-
forms the best among the Eigenfaces method using the L
or Lo distance measure, and the Mahalanobis distance clas-
sifiers using a common covariance matrix for all the classes
[25], [12] or a pooled within-class covariance matrix [16].

3.4. Enhanced Independent Component
Analysis (EICA)

ICA (Independent Component Analysis) is not restricted
to 2nd order statistics and as a result it reduces statistical
dependencies and produces a sparse code useful for subse-
quent pattern discrimination and associative recall [32]. The
role ICA plays is to seek non-accidental and sparse feature



codes analogue to the goal of sensory systems “to detect re-
dundant features and to form a representation in which these
redundancies are reduced and the independent features and
objects are represented explicitly” [19].

The ICA of a random vector X factorizes the covariance
matrix, Cov(X), into the following form:

Cov(X) = FAF! (5)

where A is diagonal real positive and F' transforms the orig-
inal random vector X into a new one Z, where X = F'Z,
such that the components of the new random vector Z are
independent or “the most independent possible” [10]. To
derive the ICA transformation F', Comon [10] developed an
algorithm that consists of three operations: whitening, rota-
tion, and normalization.

A comparative assessment regarding ICA sensitivity to
the dimension of the space where it is carried out led us to
develop the EICA method [29]. Specifically, as a result of
the sensitivity analysis regarding enhancing the ICA perfor-
mance, EICA is carried out in a compressed and whitened
PCA space where the small trailing eigenvalues are dis-
carded. As an example, in our experiments we kept 5% - 7%
of the total principal components. The reason for this as-
pect of EICA is that during whitening the eigenvalues of the
covariance matrix appear in the denominator and that the
small trailing eigenvalues mostly encode noise. As a con-
sequence the whitening component, if used in an uncom-
pressed image space, would fit for misleading variations and
thus generalize poorly to new data. We have also assessed
the performance of the EICA alone or when combined with
other discriminant criteria such as the Bayesian framework
or FLD. Discriminant analysis has shown that the ICA cri-
terion, when carried out in the properly compressed and
whitened space, performs better than the Eigenfaces and
Fisherfaces methods for face recognition, but its perfor-
mance deteriorates when augmented by additional criteria
such as the MAP rule of the Bayes classifier or the FLD. The
reason for the last finding is that the Mahalanobis distance
embedded in the MAP classifier duplicates to some extent
the whitening component, while using FLD is counter to the
independence criterion intrinsic to EICA.

4. Exploratory Pursuit

The problem we address now is that of learning the face
space(s) from large and diverse populations using evolu-
tion as the driving force. The dimensions (‘BASIS’) for
the (ABC) face space, to be evolved using GAs, are such
that their “fitness” is enhanced and driven by the classifica-
tion/discrimination (“cognitive’) and representational (“per-
ceptual’) factors referred to earlier, and the interplay be-
tween the complexity, the cost (“dimension”) and the (cate-

gorical) density of the face space on one hand, and the trade-
offs between faithful face reconstruction (“representation”)
and the expected classification accuracy (“guaranteed risk’)
for the face classifier, on the other hand. The quality of the
face space can be also driven by the diversity encountered
while learning the face space. Characteristic of both co-
evolution and active learning methods, challenging training
samples could be boosted and thus given extra weight while
assessing the fitness of the face space.

The fundamental problem, that of finding the proper mix
of cognitive (“classification”) and perceptual (“preprocess-
ing”) processes, and in the process deriving the optimal
projection basis for face encoding, can be addressed using
Evolutionary Pursuit (EP) [27]. In analogy to (exploratory)
pursuit methods from statistics, EP seeks to learn an op-
timal face space for the dual purpose of data compression
and pattern classification. The challenges that EP has suc-
cessfully met on limited population types, are characteristic
of sparse functional approximation and statistical learning
theory. Specifically, EP increases the generalization ability
of the face recognizer as a result of handling the trade-off
between minimizing the empirical risk encountered during
training (“performance accuracy”), and narrowing the pre-
dicted risk (“confidence interval”) for reducing the guaran-
teed risk during future testing on unseen probe images. The
prediction risk, corresponding to the penalty factor from
regularization methods, measures the generalization abil-
ity of the object classifier, and it is driven by the regular-
ization index corresponding to class separation. EP imple-
ments strategies characteristic of genetic algorithms (GAS)
for searching the space of possible solutions in order to de-
termine the optimal projection basis. EP starts by projecting
the original images into a lower dimensional and whitened
PCA space. Directed but random rotations of the basis vec-
tors in this space are then searched by GAs where evolu-
tion is driven by a fitness function defined in terms of per-
formance accuracy (‘empirical risk’) and class separation
(‘confidence interval’).

Evolutionary computation represents an emerging
methodology motivated by the natural selection. Evolution
takes place by maintaining one or more populations of indi-
viduals, each of them a candidate solution, and competing
for limited resources in terms of placing offsprings in fu-
ture generations. The competition is implemented via selec-
tion mechanisms that choose from the dynamically chang-
ing populations due to the birth and death of individuals.
The selection mechanisms evaluate the fitness value of in-
dividuals based on some fitness criteria (fitness functions),
while the population evolves via genetic operators that re-
flect the concept of inheritance (offsprings resemble their
parents). When the fitness functions lack an analytical form
suitable for gradient descent or the computation involved is
prohibitively expensive, as it is the case when the solution



space is too large to search it exhaustively, one alternative
is to use (directed) stochastic search methods for nonlinear
optimization and variable selection. The unique exploration
(variations farther away from an existing population) and
exploitation (minor variations of the more fit patents) abil-
ity of evolutionary computation guided by fitness values has
made possible to analyze very complex search spaces.

Learning the face space requires EP to search through
a large number of possible subsets of rotated axes in a
properly whitened PCA space. The rotation angles (rep-
resented by strings of bits) and the axis indicators (indi-
cating whether the axes are chosen or not) constitute the
form of the search space whose size (2 to the power of the
length of the whole string) is too large to search exhaus-
tively. The number and choice of (non-orthogonal) axes
in the subsets and the angles of rotations are evolved us-
ing genetic algorithms (GAs). GAs work by maintaining a
constant-sized population of candidate solutions known as
individuals (‘chromosomes”). The power of genetic algo-
rithms lies in their ability to exploit, in a highly efficient
manner, information about a large number of individuals.
The search underlying GAs is such that breadth and depth
— exploration and exploitation — are balanced according
to the observed performance of the individuals evolved so
far. By allocating more reproductive occurrences to above
average individual solutions, the overall effect is to increase
the population’s average fitness.

Evolution is driven by a fitness function formulated as
follows:

S(F) = ca(F) + Agy(F) (6)

Where F' encompasses the parameters (such as the num-
ber of axes and the angels of rotations defining each chro-
mosome solution) subject to learning, the first term ¢, (F’)
records performance accuracy, i.e., the empirical risk, the
second term ¢, (F') is the generalization index, i.e., the pre-
dicted risk, and X is a positive constant that indicates the
importance of the second term relative to the first one. Ac-
curacy indicates the extent to which learning has been suc-
cessful so far, while the generalization index gives an in-
dication of the expected fitness on future trials. By com-
bining those two terms together with a proper weight factor
A, GA can evolve balanced results with good recognition
performance and generalization abilities. The fitness func-
tion has a similar form to the cost functional used by the
regularization theory [36] and to the cost function used by
the sparse coding [32]. The cost functional of the former
method exploits a regularization parameter to control the
compromise between a term of the solution’s closeness to
the data and a term indicating the degree of regularization
(“‘quality”) of the solution, while the cost function of the lat-
ter method uses a positive constant to achieve the balance
between a term of information preserving and a term as-
sessing the sparseness of the derived code.

We consider now the application of the EP method to
learning the face space for face recognition [27]. The ex-
perimental data consists of a FERET subset of 1,107 im-
ages corresponding to 369 subjects such that there are three
frontal images for each subject. The variety of the subset
is such that for the first 200 subjects the third image is ac-
quired at low illumination, while for the remaining 169 sub-
jects the face images are acquired during different photo
sessions and the later acquired images are referred to as du-
plicates. Two images of each subject are used for training
with the remaining image for testing. In other words, the
training set includes 738 images while the test set 369 im-
ages. The images are cropped to the size of 64x96 and the
eye coordinates are manually detected. The background is
uniform and the face images are not masked. The reasoning
behind not masking the face images is that “at least on some
occasions, the processing performed by the visual system to
judge identity is better characterized as ‘head recognition’
rather than “face recognition”’ [38]. Masking as it has been
usually implemented deletes the face outline, and the effect
of such deletions on recognition performance is discussed in
our recent paper [30]. Shape-free face recognition methods
avoid this problem by using the shape of the outline encoded
by a number of control points for subsequent alignment and
normalization [11].

Starting from the 30 dimensional PCA space, the EP
method derives 26 vectors as the optimal basis for the
learned face space. Note that while for PCA the basis vec-
tors have a natural order, this is not the case with the pro-
jection basis derived by EP due to the rotations involved
during the evolutionary process. The natural order charac-
teristic of the principal components reflects the represen-
tational aspect of PCA and its relationship to spectral de-
composition. The very first principal components encode
global image characteristics, in analogy to low-frequency
components. EP, on the other hand, is a procedure geared
primarily towards recognition and generalization. It also
worth to point out that while PCA derives orthogonal ba-
sis vectors, EP’s basis vectors are usually not orthogonal.
Orthogonality is a constraint for optimal signal representa-
tion, but not a requirement for pattern recognition. Actually,
non-orthogonality has been known to have great functional
significance in biological sensory systems [14].

The recognition performance, for the EP face space
learned using 26 basis vectors, yields 92% while testing on
unseen face images, unavailable during training, and it com-
pares favorably against two popular face recognition meth-
ods, the Eigenfaces and Fisherfaces methods [27]. To assess
the statistical significance of the experimental results, we
implemented the McNemar’s test [1] to determine whether
or not there is strong statistical evidence to indicate that the
EP method improves the face recognition performance over
the Eigenfaces and the Fisherfaces methods. Based on the



statistical testing results, we found that the EP method sig-
nificantly improves the face recognition performance over
Eigenfaces and Fisherfaces.

5. Conclusions

This paper has reviewed recent developments regard-
ing face representation and classification. In analogy to
exploratory pursuit methods, which seek interesting pro-
jections (defined according to some projection indices) of
high dimensional data, we have also advocated Evolution-
ary Pursuit (EP) as a novel evolutionary framework for ob-
ject retrieval and recognition, and have shown its appli-
cation to learning the face space, i.e., deriving its system
of coordinates. EP allows for different types of bases, as
some statistical methods do, but it updates the dictionary of
choices (‘kernels’) simultaneously as neural networks do.
The criterion EP exploits is similar in form to the cost func-
tional used by the regularization theory and to the cost func-
tion used by the sparse coding. As this criterion underscores
the recognition performance and the generalization abilities
of the derived basis, EP is different from the basis pursuit
method developed by Chen and Donoho [9], whose crite-
rion is based on signal approximation and minimizing the
L1 norm of the corresponding coefficients. It is also inter-
esting to note that, in analogy to statistical learning theory
[42], the generalization index encompassed in the criterion
is conceptually similar to the capacity of the classifier and
its use is to prevent overfitting. As a result, EP provides
a new methodology for both functional approximation and
pattern classification problems.

One important dimension to be further explored is the
ability of the face space to accommaodate invariance to dif-
ferent view-points and non-rigid facial expressions. The
invariance aspect could be addressed by developing corre-
sponding face space “manifolds” suitable for both face in-
dexing and retrieval. One could also consider the real pos-
sibility that more than one face space is needed for face
classification and recognition, and that semantically loaded
attributes related to gender, ethnicity, and age, could deter-
mine the characteristics of each such face space. Another
relevant question to be addressed in the future is to what
extent and in what form motion information can augment
in a beneficial way the face space for classification pur-
poses. The derived face space(s) could also provide for a
better understanding of the face space metaphor when one
needs to define typicality and its density correlate in a high-
dimensional space [8].

The interplay between complexity and training perfor-
mance is of paramount importance for pattern recognition
and it has been addressed here using the EP (Evolutionary
Pursuit) approach. As an example, when concept formation
and categorization is of interest for face recognition, using

EP corresponds to the model selection problem in terms of
the expected number of projection axes and their specific
characteristics. Model selection thus considers robust mix-
ture (of faces) decomposition and their sparse functional ap-
proximation. For large search spaces, EP could become the
candidate of choice for sparse functional approximation and
the derivation of local kernels. Sparse approximation us-
ing kernel methods has been recently shown recently to be
equivalent to support vector machines (SVM) [20]. Finding
equivalences between EP, kernel methods and SVM, and
basis pursuit [9] and their relative merits are subject for fu-
ture research.
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