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Abstract

Among various feature extraction algorithms, those
based on genetic algorithms are promising owing to
their potential parallelizability and possible applications
in large scale and high dimensional data classification.
However, existing genetic algorithm based feature ex-
traction algorithms are either limited in searching opti-
mal projection basis vectors or costly in both time and
space complexities and thus not directly applicable to
high dimensional data. In this paper, a direct evolution-
ary feature extraction algorithm is proposed for classify-
ing high-dimensional data. It constructs projection basis
vectors using the linear combination of the basis of the
search space and the technique of orthogonal comple-
ment. It also constrains the search space when seeking
for the optimal projection basis vectors. It evaluates in-
dividuals according to the classification performance on
a subset of the training samples and the generalization
ability of the projection basis vectors represented by
the individuals. We compared the proposed algorithm
with some representative feature extraction algorithms
in face recognition, including the evolutionary pursuit
algorithm, Eigenfaces, and Fisherfaces. The results on
the widely-used Yale and ORL face databases show that
the proposed algorithm has an excellent performance in
classification while reducing the space complexity by
an order of magnitude.

I. Introduction
A central issue in pattern recognition is how to extract dis-
criminating features for patterns, which can significantly af-
fect the classification performance. Generally, samples are
represented as vectors of feature values, and all of them lie
in a vector space, whose basis consists of the feature vec-
tors. Unfortunately, there is no guarantee that the original
representation of samples is composed of the most discrimi-
nant features. More often than not, transforming the original
features and discarding some redundant features can greatly
improve the classification performance. These actually un-
derlie all feature extraction algorithms.

Linear transformation is widely used for feature extrac-
tion in real-world applications. For example, Principal Com-
ponent Analysis (PCA) and Linear Discriminant Analysis
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(LDA), two classical feature extraction methods, both lin-
early transform the original features to get new representa-
tions (Fukunaga 1990). Mathematically, given an n × N
sample matrix X = [x1x2 · · ·xN ] (n is the original dimen-
sion of samples, and N is the number of samples), linear
feature extraction algorithms will acquire an n × m trans-
form matrix W, with which the new representations of sam-
ples can be derived as Y = W T X = [y1y2 · · · yN ]. Here,
0 < m � n is the dimension of the transformed feature
space.

According to the latest Face Recognition Vendor Test
2002 (http://www.frvt.org/) and the Face Authentication
Test on the ICPR’04 (Messer & others 2004), most state-of-
the-art face recognition systems still build themselves on the
statistics based feature extraction methods, although many
new techniques, kernel methods (Scholkopf & others 1998),
for instance, have been proposed in the last decade (Zhao &
others 2003). Eigenfaces (Turk & Pentland 1991) and Fish-
erfaces (Belhumeur & others 1997) are among the classical
statistic feature extraction methods in the literature of face
recognition. Eigenfaces is based on the technique of PCA,
which projects the original data onto the directions with
maximum variances over the whole data set. On the other
hand, Fisherfaces, based on the technique of LDA, projects
the data from the original space to a lower-dimensional
space such that, in the reduced space, the data from the
same categories become much closer, whereas those from
different categories become much further. These two meth-
ods are widely used. Their basic idea has a great impact
on most popular methods in the face recognition area and
they have become defacto benchmark methods in the perfor-
mance evaluation. However, as statistic methods, they both
suffer from the problem of small sample size, which refers
to the performance degradation due to the relatively small
sample size compared with the high dimensionality of data.

Feature extraction is essentially a kind of optimization
problems. As for linear feature extraction, its task is to
seek for m projection basis vectors w1, w2, · · · , wm ∈ Rn,
i.e. the column vectors in the transform matrix W, such that
the resulting transformed samples are most distinguishable.
Therefore, feature extraction can acquire its solutions via
such optimization techniques as Genetic Algorithms (GA)
(Goldberg 1989). More specifically, the GA encodes a set
of candidate transform matrixes, or features, in individuals.
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These individuals are evaluated according to the classifica-
tion performance of the transformed features obtained from
them. The GA then generates a new generation of individu-
als for the following iteration based upon the evaluation. As
a result, the classification performance of candidate trans-
form matrixes is improved along the GA iterations. When
the GA converges, the optimal transform matrix is finally
given by the fittest individual, i.e. the individual having the
highest value in evaluation. We call these GA based fea-
ture extraction algorithms as evolutionary feature extraction
algorithms (EFE). Compared with other feature extraction
algorithms, EFE algorithms have the advantage of potential
parallelizability and are thus expected to be more applicable
for large-scale and high-dimensional data.

Existing EFE algorithms encode candidate transform ma-
trixes, in other words generate candidate projection basis
vectors, primarily in two ways. Some EFE algorithms
generate the projection basis vectors via scaling the orig-
inal features or the principal vectors of the sample data
(Siedlecki & Sklansky 1989)(Pei & others 1995)(Vafaie &
De Jong 1995)(Raymer & others 2000)(Zheng & others
2005) or via algebraic operations on them (Vafaie & De Jong
1998)(Smith & Bull 2003). The others construct the projec-
tion basis vectors through rotating the standard basis of the
search space (Liu & Wechsler 2000)(Zhao & Lu 2005). The
drawback of scaling and algebraic operations lies in their
limited ability of searching for projection basis vectors. Al-
though the rotation method has no such limitation, its com-
putational cost is high due to the large amount of trigono-
metric operations it involved and its evaluation on the whole
set of training samples. Recently, Zhao et al. proposed a fast
EFE algorithm which successfully improved the efficiency
of the EFE algorithm while not impairing its classification
performance (Zhao & others 2006). However, both the ro-
tation based EFE algorithm (REFE) and the fast EFE algo-
rithm (FEFE) have a high space complexity. The individual
defined in REFE has a length of 5n2 − 4n and the length of
the individual in FEFE is 11n2+n.When the original dimen-
sion is high, these algorithms will not workable, in which
case such techniques as PCA and whitened PCA (WPCA)
are often used to reduce the dimension of data in advance
(Liu & Wechsler 2000). However, another two problems
arise when employing the pre-dimension reduction process.
For one thing, some useful discriminant information could
be lost in the process. For another, there is no systematic
method to determine the pre-reduced dimension.

In this paper, we present a direct evolutionary feature ex-
traction algorithm (DEFE). It generates the projection basis
vectors by linearly combining the basis of the search space
and using the orthogonal complement technique. The DEFE
algorithm reduces the space complexity of EFE from O(n2)
to O(n), which enables it to be directly applicable for high
dimensional data. Moreover, it improves the efficiency of
EFE by the means of constraining the search space via in-
corporating the analytical results on LDA solution spaces
into the construction of projection basis vectors. In the next
section, we give the proposed DEFE algorithm in detail. We
then show our face recognition experiments in section III
and conclude this paper in the last section.

II. The Direct Evolutionary Feature
Extraction Algorithm: DEFE

A. Constructing Projection Basis Vectors
The aim of constructing projection basis vectors is to gener-
ate candidate transform matrixes for the genetic algorithm.
Generally, the whole set of candidate projection basis vec-
tors are encoded in an individual. This is the reason why
the space complexity of existing evolutionary feature extrac-
tion algorithms is high. Here, in order to reduce the space
complexity and make the EFE algorithm more applicable for
high dimensional data, we propose to construct projection
basis vectors using the linear combination of the basis of the
search space and the orthogonal complement technique. As
a result, only one vector is needed to encode in the individ-
ual.

First, we generate one vector via linearly combining the
basis of the search space. Let {ei ∈ Rn|i = 1, 2, · · · , n}
be the basis of the search space Rn, and {ai ∈ R|i =
1, 2, · · · , n} be the linear combination coefficients. Then we
can get a vector as follows

v =
n∑

i=1

aiei. (1)

Second, we calculate a basis of the orthogonal complement
space of V = span{v}, the space expanded by v, in Rn.
Let {ui ∈ Rn|i = 1, 2, · · · , n− 1} be the basis, and assume
U = span{u1, u2, · · · , un−1}, then

Rn = V
⊕

U, (2)

where ‘
⊕

’ represents the direct sum of vector spaces, and

U = V ⊥, (3)

where ‘⊥’ denotes the orthogonal complement space. Fi-
nally, we randomly choose part of this basis as the projection
basis vectors.

According to the above method of generating projection
basis vectors, the information encoded in an individual in-
cludes the n combination coefficients and n-1 selection bits.
Each coefficient is represented by 11 bits with the leftmost
bit denoting its sign (‘0’ means negative and ‘1’ positive)
and the remaining 10 bits giving its value as a binary deci-
mal. Figure 1 shows such individual, in which the selection
bits b1, b2, · · · , bn−1, taking the value of ‘0’ or ‘1’, indicate
whether the corresponding basis vector is chosen as a pro-
jection basis vector. The individual under such definition has
12n-1 bits. Apparently, it is much shorter than the one used
by existing EFE algorithms, and thus the DEFE algorithm
proposed here has a much lower space complexity.

B. Evaluating Individuals
We evaluate individuals based on both the performance ac-
curacy on training samples and the generalization ability of
the projection basis vectors represented by the individuals.
In order to evaluate an individual D, we first retrieve the pro-
jection basis vectors from it and project all sample data onto
them. Considering the high cost of classifying the whole
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Figure 1: The individual defined in the DEFE algorithm.
Each coefficient is represented with 11 bits.

set of training samples in evaluation, we measure the perfor-
mance accuracy of D by the classification accuracy of a min-
imum distance classifier on a subset of the training samples
instead of the whole training set. In this paper, we use the
set of samples which are furthest from their cluster centers.
We call this set as the boundary subset. Let NBS(D) and
N c

BS(D) be the size of the boundary subset and the num-
ber of the correctly classified samples in it, the performance
accuracy is then defined as

ζa(D) = N c
BS(D)/NBS(D). (4)

The generalization ability of the individual D is measured
referring to the criterion of linear discriminant analysis.
Specifically, we use the within-class and between-class scat-
ter distances of samples, dw(D) and db(D), to measure the
generalization ability. Suppose the samples x1, x2, · · · , xN

belong to L clusters, and Ij , j = 1, 2, · · · , L, is the index
set of the samples in the jth cluster, which has Nj samples.
Let M0 = 1

N

∑N
i=1 yi and Mj = 1

Nj

∑
i∈Ij

yi be the mean
of all samples and those in the jth cluster. Then

dw(D) =
1
L

L∑

j=1

1
Nj

∑

i∈Ij

(yi − Mj)T (yi − Mj), (5)

and

db(D) =
1
N

L∑

j=1

Nj(Mj − M0)T (Mj − M0), (6)

where ‘T’ is the transpose operator. The generalization abil-
ity of D is then measured by

ζg(D) = db(D)/dw(D). (7)

And the total fitness of D is defined as the summation of
the performance accuracy term and the generalization ability
term, i.e.

ζ(D) = ζa(D) + ζg(D). (8)

C. Generating New Individuals
Three genetic operators are used to generate new individ-
uals: selection, crossover, and mutation. The selection is
based on the relative fitness of individuals, i.e. the propor-
tion of the fitness of an individual to the total fitness of the
population determines how many times the individual will
be selected as parent individuals. After evaluating all indi-
viduals, we select S-1 pairs of parent individuals from them,

where S is the size of the GA population. S-1 new individu-
als generated from these parent individuals together with the
individual with the highest fitness in current generation form
the population of the next generation.

The crossover operator is conducted under a given prob-
ability. If two parent individuals are not subjected to
crossover, the one having higher fitness will be chosen into
the next generation. Otherwise, two crossover points are
randomly chosen, one of which is within the coefficient bits
and the other is within the selection bits. These two points
divide both parent individuals into three parts, and the sec-
ond part is then exchanged between them to form two new
individuals, one of which is randomly chosen as an individ-
ual in the next generation.

At last, each bit in the S-1 new individuals is subjected to
mutation from ‘0’ to ‘1’ or reversely under a specific proba-
bility. After applying all the three genetic operators, we have
a new population for the next GA iteration.

D. Constraining the Search Space
In existing EFE algorithms, no constraint is imposed upon
the search space. Instead, they search blindly in the origi-
nal space. This leads to the limitation of these EFE algo-
rithms in search efficiency. Besides, recent researches on
LDA show that the projection basis vectors containing rich
discriminant information are very much likely to lie in a sub-
space of the original space (Yang & others 2005), such as the
null space of Sw = 1

N

∑L
j=1

∑
i∈Ij

(xi − Mj)(xi − Mj)T ,
the within-class scatter matrix of samples, and the range
space of Sb = 1

N

∑L
i=1 Nj(Mj − M0)(Mj − M0)T , the

between-class scatter matrix of samples. Here, Mj , j =
0, 1, · · · , L, are calculated over the samples in the original
space, i.e. x1, x2, · · · , xN . Therefore, to further improve the
search efficiency and the performance of the obtained pro-
jection basis vectors, some constraints are necessary for the
search space.

Thanks to the linear combination mechanism used by
DEFE, it is very easy for us to force the GA to search in
a constrained space. Our method is to construct vectors by
linearly combining the basis of the constrained search space,
instead of the original space. Take null(Sw), the null space
of Sw, as an example. Suppose we want to constrain the GA
to search in null(Sw). Let {αi ∈ Rn|i = 1, 2, · · · , m}
be the eigenvectors of Sw associated with zero eigenvalues.
They form a basis of null(Sw). After obtaining a vec-
tor v via linearly combining the above basis, we have to
calculate the basis of the orthogonal complement space of
V = span{v} in the constrained search space null(Sw),
but not the original space Rn (recall part A of this sec-
tion). For this purpose, we first calculate the isomorphic
space of V in Rm, denoted by V̂ = span{PT v}, where
P = [α1α2 · · ·αm] is an isomorphic mapping. We then cal-
culate a basis of the orthogonal complement space of V̂ in
Rm. Let {β̂i ∈ Rm|i = 1, 2, · · · , m−1} be the obtained ba-
sis. Finally, we map this basis back into null(Sw) through
{βi = P β̂i ∈ Rn|i = 1, 2, · · · , m− 1}. The below theorem
demonstrates that {βi|i = 1, 2, · · · , m−1} comprise a basis
of the orthogonal complement space of V in null(Sw).
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Theorem 1: Assume A ⊂ Rn is an m dimensional
space, P = [α1α2 · · ·αm] is an identity orthogonal basis
of A, where αi ∈ Rn, i = 1, 2, · · · , m, and PT P = Em,
the m dimensional identity matrix. For any v ∈ A, sup-
pose V̂ = span{P T v} ⊂ Rm. Let {β̂i ∈ Rm|i =
1, 2, · · · , m − 1} be an identity orthogonal basis of the
orthogonal complement space of V̂ in Rm. Then {βi =
P β̂i ∈ Rn|i = 1, 2, · · · , m−1} is a basis of the orthogonal
complement space of V = span{v} in A.

Proof: First of all, let us prove ∀i ∈ {1, 2, · · · , m − 1},
βi ∈ A.

Since βi = P β̂i =
∑m

j=1 βijαj , βi can be represented by
a basis of A. Thus βi ∈ A.

Secondly, let us prove A = U
⊕

V , where
U = span{β1, β2, · · · , βm−1}. This is to prove
{β1, β2, · · · , βm−1, v} is a linear independent bundle.

Since βi = P β̂i and PT P = Em, we have βT
i βj =

β̂T
i β̂j . But {β̂i|i = 1, 2, · · · , m−1} is an identity orthogonal

basis. Thus, β1, β2, · · · , βm−1 are orthogonal to each other.
Furthermore, ∀i ∈ {1, 2, · · · , m−1}, βT

i v = (P β̂i)T v =
β̂T

i PT v. Because {β̂i|i = 1, 2, · · · , m − 1} is an iden-
tity orthogonal basis of the orthogonal complement space
of V̂ = span{PT v} in Rm, β̂T

i (P T v) should be 0. There-
fore, βT

i v = 0, i.e. βi is also orthogonal to v.
To sum up, we get that {β1, β2, · · · , βm−1, v} is a linear

independent bundle containing m orthogonal vectors in the
m dimensional space A. Thus, A = U

⊕
V .

Now, Theorem 1 is proven. END.

III. Experiments
In this section, face recognition experiments are conducted
to assess the performance of the proposed DEFE algorithm
in comparison with two classical face recognition tech-
niques, Eigenfaces (Turk & Pentland 1991) and Fisherfaces
(Belhumeur & others 1997), as well as a representative
EFE algorithm, Evolutionary Pursuit (EP) (Liu & Wechsler
2000).

A. Testing Methodology
After obtaining the optimal projection basis vectors and pro-
jecting all samples onto them, we employ a minimum dis-
tance classifier to classify novel samples. The classification
performance is measured in terms of the Top 1, Top 2, Top
3, Top 4, and Top 5 recognition rates.

Two widely-used face databases are used. One is the Yale
database, which consists of 165 face images of 15 subjects.
All the images are first clipped to retain only the face area
and calibrated according to the eye centers and the average
face shape. The final size of the images is 121 by 168. We
design two kinds of experiments on this database: the light-
ing test and the hybrid test. In the lighting test, which aims
to evaluate the robustness of the algorithms to illumination
variations, we select out the images taken under the same
lighting condition to form test sets and use the remaining
images for training. As a result, we get three pairs of train-
ing and test sets. The three test sets correspond to the left
light, the frontal light, and the right light. Each test set has

11 images. In the hybrid test, which is designed to assess
the performance of the algorithms over various recognition
conditions, one image is randomly selected from the images
of each subject to form a test set of 15 images. Five differ-
ent pairs of training and test sets are constructed to assess
the algorithms.

The other database is the ORL database. It contains 400
images of 40 subjects. One image of each subject is ran-
domly chosen to form a test set and the remaining 360 im-
ages are used as a training set. Again, five different pairs of
training and test sets are constructed.

As for parameter settings, we set the GA parameters in ex-
perience learned from experiments. Specifically, the size of
the GA population is 100, the crossover probability is 0.8,
and the mutation probability is 0.01. Meanwhile, we con-
strain the GA to search in the null space of Sw, referring to
(Yang & others 2005). In our experiments, the GA is set
to evolve 50 generations because satisfactory results can be
obtained already at that generation. This is also a tradeoff
between the recognition performance and the time cost.

B. Experimental Results

Figure 2: The recognition rates of DEFE, EP, Eigenfaces,
and Fisherfaces in the lighting test on the Yale database.

We first evaluate the algorithms with the lighting test on
the Yale database. In the experiments, we find that the EP al-
gorithm can not be applied directly because of its high space
complexity. Similarly with (Liu & Wechsler 2000), we use
WPCA to reduce the data into a 30 dimensional space before
applying the EP. As for Eigenfaces, we test its performance
when using 20, 30, 40, 50, 60, 70, and 80 principal compo-
nents and take the best result among them. Figure 2 shows
the resulting recognition rates of the algorithms in the light-
ing test on the Yale database. The diagrams illustrate that
the Top 1 recognition rate of the DEFE algorithm is a little
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lower than that of Fisherfaces, but much higher than these of
another two algorithms. As for the other recognition rates,
the DEFE, the same as Fisherfaces, is better than the others.

We then conduct the hybrid test on the Yale database. The
settings are the same as before and the results are given in
Table 1. This time, both the DEFE and Fisherfaces achieve
the best recognition rates of 100%, which are much better
than these of Eigenfaces and the EP.

Table 1: The recognition rates of DEFE, EP, Eigenfaces, and
Fisherfaces in the hybrid test on the Yale database.

Algorithm Top 1 Top 2 Top 3 Top 4 Top 5
DEFE 100% 100% 100% 100% 100%

EP 91% 96% 97% 99% 99%
Eigenfaces 89% 91% 91% 93% 95%
Fisherfaces 100% 100% 100% 100% 100%

Finally, we compare the algorithms on the ORL database.
The dimension of the WPCA transformed space in the EP is
set to 60. In Eigenfaces, we use 20, 30, 40, 50, 60, 70, 80,
90, and 100 principal components respectively, and again,
the best result among them is taken. Figure 3 displays the re-
sults. Apparently, the DEFE algorithm overwhelms all other
three algorithms.

Figure 3: The recognition rates of DEFE, EP, Eigenfaces,
and Fisherfaces on the ORL database.

According to above results, it is obvious that the proposed
DEFE algorithm works excellently with high dimensional
data, in which case the EP algorithm can not be directly ap-
plied at all. Moreover, the DEFE algorithm obtains the best
recognition rates in almost all the tests, whereas the perfor-
mance of the other three algorithms is not that stable. We
suppose that it is the relatively small sample size compared
with the high dimensionality of the data that leads to the

poor performance of the statistic methods, say Eigenfaces
and Fisherfaces. All these results testify the feasibility and
advantages of the DEFE algorithm proposed in this paper.

IV. Conclusions
With the aims of reducing the space complexity of evo-
lutionary feature extraction algorithms and improving the
search efficiency of them, we propose in this paper a direct
evolutionary feature extraction algorithm. Not only can it be
directly applied to high dimensional data, but also achieves
an excellent classification performance. As a result, it suc-
cessfully enhances the overall performance of EFE algo-
rithms and provides a promising feature extraction method.

In Summary, the proposed direct evolutionary feature ex-
traction algorithm mainly has the following two fine proper-
ties: (1) it reduces the space complexity of EFE algorithms
by an order of magnitude, from O(n2) to O(n) ; (2) it sup-
plies a simple and effective scheme to constrain the search
space of EFE algorithms.
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