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Abstract. The paper contains description of hybrid methods of face
recognition which are based on independent component analysis, principal component analysis and rough set theory. The feature extraction and
pattern forming from face images have been provided using Independent
Component Analysis and Principal Component Analysis. The feature selection/reduction has been realized using the rough set technique. The
face recognition system was designed as rough-sets rule based classifier.

1

Introduction

Face recognition is one of the most classical pattern recognition projects. Many
techniques have been developed for face recognition based on facial images
[4,9,11,13,14,15,17,18,19]. One of the prominent methods is based on principal
component analysis [11,17,18]. Despite of the fact that many face recognition systems have been designed, new robust face recognition methods are still expected.
Independent Component Analysis (ICA) [2,3,5,8,16] is one of new powerful methods of discovery latent variables of data that are statistically independent.
We have tried to explore a potential of ICA methods combined with rough set
methods (hybrid method) in face recognition. For comparison, we have also studied an application of classic Principal Component Analysis (PCA) nn-supervised
technique combined with rough set method for extraction and selection of facial
features as well as for classification. For feature extraction and reduction techniques from face images we have applied the following sequence of processing
operations:
1. ICA for feature extraction and reduction, and pattern forming of facial images.

2. Rough set method for feature selection and data reduction.
3. Rough set based method for rule based classifier design.
Similar processing sequence has been applied for PCA for feature extraction and
reduction, and pattern forming of facial images.
ICA based patterns, with feature selected by rough sets have shown significant
predisposition for robust face recognition.
The paper is organized as follows. First, we present a brief introduction to rough
set theory and its application to feature selection, data reduction and rule based
classifier design. Then, we provide a short introduction to ICA and its application to feature extraction and data reduction. The following chapter briefly
describes PCA and its application to feature extraction and reduction. The paper concludes with description of numerical experiments in recognition of 40
classes of faces represented by gray scale images [11] using proposed methods.

2

Rough set theory and its application of rough sets to
feature selection

The rough sets theory has been developed by Professor Pawlak [10] for knowledge
discovery in databases and experimental data sets. This theory has been successfully applied to features selection and rule based classifier design [4,6,7,10,12,13,
14]. We will briefly describe a rough set method.
Let us consider an information system given in the form of the decision table
DT =< U, C ∪ D, V, f >,

(1)

where U is the universe, a finite set of N objects {x1 , x2 , ..., xN }, Q = C ∪ D is
a finite set of attributes,
C is a set of condition attributes, D is a set of decision
S
attributes, V = q∈C∪D Vq , where Vq is the set of domain (value) of attribute
q ∈ Q, f : U × (C ∪ D) → V - is a total decision function (information function,
decision rule in DT ) such that f (x, q) ∈ Vq for every q ∈ Q and x ∈ U .
For a given subset of attributes A ⊆ Q a relation
IN D(A) = {(x, y) ∈ U : f or all a ∈ A, f (x, a) = f (y, a)},

(2)

is an equivalence relation on universe U , called the indiscernibility relation. By
A∗ we denote U/IN D(A), i.e., the partition of U defined by IN D(A).
For a given information system S a given subset of attributes A ⊆ Q determines
the approximation space AS = (U, IN D(A)) of S. For a given A ⊆ Q and X ⊆ U
(a concept X), the A-lower approximation AX of set X in AS and the A-upper
approximation ĀX of set X in AS are defined as follows:
[
AX = {x ∈ U : [x]A ⊆ X} = {Y ∈ A∗ : Y ⊆ X},
(3)
ĀX = {x ∈ U : [x]A ∩ X 6= ∅} =

[

{Y ∈ A∗ : Y ∩ X 6= ∅}.

(4)

A reduct is the essential part of an information system (related to a subset of
attributes) which can discern all objects discernible by the original information
system. We have applied of rough sets reduct in the technique of feature selectionreduction of face images.
From a decision table DT , decision rules can be derived. Let C ∗ = {X1 , X2 , · · · ,
Xr } be C-definable classification of U and D∗ = {Yi , Y2 , · · · , Yl } be D-definable
classification of U . A class Yi from a classification D∗ can be identified with the
decision i (i = 1, 2, · · · , l). Then ith decision rule is defined by
DesC (Xi ) =⇒ DesD (Yj ) for Xi ∈ A∗ and Yj ∈ D∗ .

(5)

These decision rules are logically described as follows:
if (a set of conditions) then (a set of decisions).
The set of decision rules for all classes Yj ∈ D∗ is denoted by
{τij } = {DesC (Xi ) =⇒ DecD (Yj ) : where Xi ∩ Yj 6= ∅ for Xi ∈ A∗ , Yj ∈ D∗ }.
The set of decision rules for all classes Xi ∈ D∗ , where i = 1, 2, . . . , r, generated
by the set of decision attributes D (D-definable classes in S) is called the decision
algorithm resulting from the decision table DT .
In our approach C is a relevant relative reduct [1] of the original set of
condition attributes in a given decision table.
2.1

Rough sets for feature reduction/selection

Many feature extraction methods for different types of row data (like images
or time-series) do not guarantee that attributes (elements) of extracted feature
patterns will be the most relevant for classification tasks. One of possibilities for
selecting features from feature patterns is to apply rough sets theory [3,5,7,8].
Specifically, defined in rough sets computation of a reduct can be used for selection of some of extracted features constituting a reduct [6,7,10,12] as reduced
pattern attributes. These attributes will describe all concepts in a training data
set. We have used rough set method to find of reducts from the discretized
feature patterns and to select features forming the reduced pattern based on
chosen reduct. Choosing of one specific reduct from the set of reducts is yet
another searching problem [4,6,7,12,23,14]. We have selected reduct based on
dynamic reduct concept introduced in [1,3].

3

ICA - An introduction

ICA is the unsupervised computational and statistical method for discovering
intrinsic hidden factors in the data [2,3,5,8]. ICA exploits higher-order statistical dependencies among data and discovers a generative model for the observed
multidimesional data. In the ICA model, observed data variables are assumed

to be linear mixtures of some unknown independent sources (independent components). A mixing system is also assumed to be unknown. Independent components are assumed to be nongaussian and mutually statistically independent.
ICA can be applied to feature extraction from data patterns representing time
series, images or other media [2,5,8,16].
The ICA model assumes that the observed sensory signals xi are given as the
pattern vectors x = [x1 , x2 , · · · , xn ]T ∈ Rn . The sample of observed patterns
are given as a set of N pattern vectors T = {x1 , x2 , · · · , xN }, that can be represented as a n × N data set matrix X = [x1 , x2 , · · · , xN ] ∈ Rn×N which contains
patterns as its columns. The ICA model for the element xi is given as linear
mixtures of m source independent variables sj
xi =

m
X

hi,j sj ,

i = 1, 2, · · · , n,

(6)

j=1

where xi is observed variable, sj is the independent component (source signals)
and hi,j are mixing coefficients. The independent source variables constitute
the source vector (source pattern) s = [s1 , s2 , · · · , sm ]T ∈ Rm . Hence, the ICA
model can be presented in the matrix form
x = Hs,

(7)

where H ∈ Rn×m is n × m unknown mixing matrix where row vector hi =
[hi,1 , hi,2 , · · · , hi,m ] represents mixing coefficients for observed signal xi . Denoting by hc,i columns of matrix H we can write
x=

m
X

hc,i si .

(8)

i=1

The purpose of ICA is to estimate both the mixing matrix H and the sources
(independent components) s using sets of observed vectors x.
The ICA model for the set of N patterns x, represented as columns in matrix
X, can be given as
X = H S,
(9)
where S = [s1 , s2 , · · · , sN ] is the m × N matrix which columns correspond to
independent component vectors si = [si,1 , si,2 , · · · , si,m ]T discovered from the
observation vector xi . Once the mixing matrix H has been estimated, we can
compute its inverse B = H−1 , and then the independent component for the
observation vector x can be computed by
s = Bx.

(10)

The extracted independent components si are as independent as possible, evaluated by an information-theoretic cost criterion such as minimum Kulback-Leibler
divergence kurtosis, negenropy [2,3,8].

3.1

Preprocessing

Usually ICA is preceded by preprocessing, including centering and whitening.
Centering
Centering of x is the process of subtracting its mean vector µ = E{x} from x:
x = x − E{x}.

(11)

Whitening (sphering)
The second frequent preprocessing step in ICA is decorrelating (and possibly
dimensionality reducing), called whitening [16]. In whitening the sensor signal
vector x is transformed using formula
y = Wx, so

E{yyT } = Il ,

(12)

where y ∈ Rl is the l − dimensional (l ≤ n) whitened vector, and W is l × n
whitening matrix. The purpose of whitening is to transform the observed vector
x linearly so that we obtain a new vector y (which is white) which elements
are uncorrelated and their variances are equal to unity. Whitening allows also
dimensionality reduction, by projecting of x onto first l eigenvectors of the covariance matrix of x.
Whitening is usually realized using the eigen-value decomposition (EVD) of the
covariance matrix E{xxT } ∈ Rn×n of observed vector x
1

1

Rxx = E{xxT } = Ex Λx2 Λx2 ETx .

(13)

Here, Ex ∈ Rn×n is the orthogonal matrix of eigenvectors of Rxx = E{xxT }
and Λ is the diagonal matrix of its eigenvalues
Λx = diag(λ1 , λ2 , · · · , λn ),

(14)

with positive eigenvalues λ1 ≥ λ2 · · · ≥ λn ≥ 0. The whitening matrix can be
computed as
W = Λ−1/2
ETx ,
(15)
x
and consequently the whitening operation can be realized using formula
ETx x = Wx.
y = Λ−1/2
x

(16)

Recalling that x = H s, we can find from the above equation that
y = Λ−1/2
ETx H s = Hw s.
x

(17)

We can see that whitening transforms the original mixing matrix H into a new
one, Hw
Hw = Λ−1/2
Ex H.
(18)
x

Whitening makes it possible to reduce the dimensionality of the whitened vector,
by projecting observed vector into first l (l ≤ n) eigenvectors corresponding to
first l eigenvalues λ1 , λ2 , · · · , λl of the covariance matrix Ex . Then, the resulting
dimension of the matrix W is l × n, and there is reduction of the size of observed
transformed vector y from n to l.
Output vector of whitening process can be considered as an input to ICA algorithm. The whitened observation vector y is an input to unmixing (separation)
operation
s = By,
(19)
where B is an original unmixing matrix.
An approximation (reconstruction) of the original observed vector x can be
computed as
x̃ = Bs,
(20)
−1
where B = Ww
.

For the set of N patterns x forming as columns the matrix X we can provide
the following ICA model
X = B S,
(21)
where S = [s1 , s2 , · · · , sN ] is the m × N matrix which columns correspond to
independent component vectors si = [si,1 , si,2 , · · · , si,m ]T discovered from the
observation vector xi . Consequently we can find the set S of corresponding independent component vectors as
S = B−1 X.
3.2

(22)

Fast ICA

The estimation of the mixing matrix and independent components has been realized using Karhunen and Oja FastIca algorithm [16]. In computational efficient
Karhunen and Oja ICA algorithm the following maximization criterion has been
exploited
m
X
J(s̃) =
|E{s̃4i } − 3[E{s̃2i }]2 |.
(23)
i=1

This equation corresponds to 4-th order cumulant kurtosis. ICA assumes that
independent components must be nongaussian. The base for estimating the ICA
model is assumption about nongaussianity. One can observe that that kurtosis
is a normalized version of the fourth moment kurt(y) = E{(y 4 )}. Kurtosis has
been frequently used as a measure of nongaussianity in ICA and related fields.
In practical computationally, kurtosis can be estimated by using the fourth moment of the sample data.
A negentropy, as robust measure of nongaussianity can be used for approximations of a kurtosis.
J(y) = H(ygauss ) − H(y),
(24)

where ygauss is a Gaussian random variable with the same covariance matrix
as y. Since it requires estimation of the probability density of y, hence the
approximations of negentropy can be written as
J(y) ≈
≈

p
X

1
1
E{y 3 }2 +
kurt(y)2 ≈
12
48

(25)

ki [E{Gi (y)} − E{Gi (ν)}]2 ,

(26)

i=1

where ki are some positive constants, and ν is a standardized Gaussian variable
of zero mean and unit variance. The variable y = wT x is assumed to be of zero
mean and unit variance, and the functions Gi are some nonquadratic functions.
The above measure can be used to test nongaussianity. It is always non-negative,
and equal to zero if y has a Gaussian distribution.
If one uses only one nonquadratic function G, the approximation results in
J(y) ≈ [E{G(y)} − E{G(v)}]2 .

(27)

Karhunen and Oja have introduced a very efficient method of maximization
suited for this task. It is here assumed that the data is preprocessed by centering
and whitening. The FastICA learning rule finds a direction, i.e. a unit vector w
such that the projection wT x maximizes nongaussianity. Nongaussianity is here
measured by the the criterion being an approximation of negentropy given in [2,
5, 8].
3.3

Feature extraction using ICA

In feature extraction which is based on independent component analysis [2,3,5,8]
one can consider an independent component si as the i-th feature of the recognized object represented by the observed pattern vector x. The feature pattern
can be formed from m independent components of the observed data pattern.
The use of ICA for feature extraction is partly motivated by results in neurosciences, revealing that the similar principle of pattern dimensionality can be
found in the early processing of sensory data by the brain.
In order to form the ICA patterns we propose the following procedure:
1. Extraction of nf element feature patterns xf from the recognition objects.
Composing the original data set Tf containing N cases {xTf,i , ci }. The feature
patterns are represented by matrix Xf and corresponding categorical classes
are represented by column c.
2. Heuristic reduction of feature patterns from the matrix Xf into nf r element
reduced feature patterns xf r (with resulting patterns Xf r ). This step could
be directly possible for example for features computed as singular values of
image matrices.
3. Pattern forming through ICA of reduced feature patterns xf r from the data
set Xf r .

(a) Whitening of the data set Xf r including reduced feature patterns of
dimensionality nf r into nf rw element whitened patterns xrf w (projected
reduced feature patterns into nf rw principal directions).
(b) Reduction of the whitened patterns xf rw into first nf rwr element reduced
whitened patterns xf rwr through projection of reduced feature patterns
into first principal directions of data.
4. Computing the unmixing matrix W and computing reduced number nicar
of independent components for each pattern xf rwr obtained from whitening
using ICA (projection patterns xf rwr into independent component space).
5. Forming nicar element reduced ICA patterns xicar from corresponding independent components of whitened patterns, with the resulting data set Xicar .
Forming a data set Ticar containing pattern matrix Xicar and original class
column c
6. Providing rough sets based processing of the set Ticar containing ICA patterns xicar . Discretizing pattern elements and finding relative reducts from
set Ticar . Choosing one relevant relative reduct. Selecting the elements of
patterns xicar corresponding to chosen reduct and forming the final pattern
xf in . Composing the final data set Tf inal,d containing discrete final patterns
xf in,d and class column. Composing the real valued data set Tf in from the set
Ticar choosing elements of real-valued pattern using selected relative reduct.
3.4

ICA and rough sets

The ICA does not guarantee that selected first independent components, as a
feature vector, will be the most relevant for classification. As opposed to PCA,
ICA does not provide an intrinsic order for the representation features of a
recognized object (for example an image). Thus, one cannot reduce a ICA pattern
just by removing its trailing elements (which is possible for PCA patterns).
Selecting features from independent components is possible through application
of rough sets theory [3,5,7,8]. Specifically, defined in rough sets computation
of a reduct can be used for selection some of independent components based
attributes constituting a reduct. These reduct-based independent component
based features will describe all concepts in a data set. The rough set method is
used for finding of reducts from the discretized reduced ICA patterns. The final
pattern is formed from reduced ICA patterns based on the selected reduct.
The results of discussed method of feature extraction/selection depend on a data
set type and designer decisions: a) selection of dimension of the independent
component space, b) discretization method applied, and (c) the selection of a
reduct, etc.

4

ICA-faces. Rough-set-ICA-faces

ICA tries to find a linear transformation of patterns using basis as statistically
independent as possible, and to project feature patterns into independent component space. Figure 1 depicts an example of ICA-face. By applying rough sets

Fig. 1. ICA-face

processing one can find the final pattern composed with independent component
patterns corresponding to elements of selected reduct. We can call this pattern
a rough-set-ICA-face.

5

Face recognition using ICA and rough sets

We have applied independent component analysis and rough sets for the face
recognition. We have considered data set of images with 40 classes of 112 × 92
pixel gray scale images with 10 instances per class [11]. Figure 2 presents examples of face classes. We have applied the following method of feature extraction
and pattern forming from 112×92 pixels gray scale face images [11]. The original
feature patterns have been extracted from the lower 92 × 92 pixels sub-image of
an original image. First, we have sampled that subimage taking its every second
pixel and we have formed the sampled 46 × 46 pixels subimage. This subimage
has been considered as a recognized object. The feature pattern has been created
T
as a nor × nor (nor = 46 × 46 = 2116) element vector xorig = [x1row , · · · , x2116
row ]
containing concatenated rows of a sampled subimage. As a result of that phase
of the pattern forming it was obtained the N × (nor + 1) feature data set Tf
with N (N = 400) cases containing nor = 2116 element feature patterns and
associated classes ({xior )T , class} (class = 1, 2, · · · , 40).
Then we have applied ICA (including the whitening phase) to the pattern part
X of the data set Tf in order to transform feature patterns into independent
component space and to reduce pattern dimensionality.

Fig. 2. Example of face classes

Additionally the rough set technique has been applied for feature selection and
data set reduction.
The original feature patterns have been projected into reduced 100 element independent component space (including 120 element whitening phase). Then we
have found 14 element reduct from the ica patterns using rough set method and
we have formed 14-element final patterns. The rough sets rule based classifier
has provided 88.75% of classification accuracy for the test set.

6

PCA for feature extraction and reduction from facial
images

Reduction of pattern dimensionality may improve the recognition process by
considering only the most important data representation, possibly with uncorrelated elements retaining maximum information about the original data and with
possible better generalization abilities. We have applied PCA, with the resulting

Karhunen-Loéve transformation (KLT) [4], for the orthonormal projection (and
reduction) of feature patterns xf composed with concatenated rows of sampled
face images.
6.1

PCA

We generally assume that our knowledge about a domain is represented as a
limited size sample of N random n-dimensional patterns x ∈ Rn representing extracted feature patterns. We assume that the pattern part of data set
X of feature patterns can be represented by a N × n data pattern matrix
X = [x1 , x2 , . . . , xN }. The training data set can be characterized by the square
n × n dimensional covariance matrix Rx . Let the eigenvalues of the covariance
matrix Rx are arranged in the decreasing order λ1 ≥ λ2 ≥ · · · λn ≥ 0 (with
λ1 = λmax ), with the corresponding orthonormal eigenvectors e1 , e2 , · · · , en .
Then the optimal linear transformation
y = Ŵx,

(28)

is provided using the m × n optimal Karhunen-Loéve transformation matrix Ŵ
£
¤T
Ŵ = e1 , e2 , . . . , em ,

(29)

composed with m rows being the first m orthonormal eigenvectors of the original
data covariance matrix Rx . The optimal matrix Ŵ transforms the original ndimensional patterns x into m-dimensional (m ≤ n) feature patterns y
Y = (ŴXT )T = XŴT ,

(30)

minimizing the mean least square reconstruction error. The PCA can be effectively used for the feature extraction and the dimensionality reduction by
forming the m-dimensional (m ≤ n) feature vector y containing only the first
m most dominant principal components of x. The open question remains, which
principal components to select as the best for a given processing goal [3]. One
of possible methods (criteria) for selection of a dimension of a reduced feature
vector y is to choose a minimal number of the first m most dominant principal
components y1 , y2 , · · · , ym of x for which the mean square reconstruction error
is less than heuristically set the error threshold ².
6.2

Numerical experiment

The original face feature patterns have been projected into reduced 100 element
principal component space.
Then we have found 19 element reduct from the PCA patterns using rough set
method and we have formed 19-element final patterns. The rough sets based rule
based classifier has provided 86.25% of classification accuracy for the test set.

6.3

Eigen-faces. Rough-set-eigen-faces

PCA of face feature patterns (obtained by concatenation of image rows) makes
it possible to find the principal components of data set and to project feature
patterns into principal component space. PCA intends to find the representation
of patterns based on uncorrelated basis variables. The optimal Karhunen-Loeve
transform matrix is composed with eigenvectors of data covariance matrix. Rows
of optimal transform matrix represent orthogonal bases. Figure 3 depicts an
example of eigen-face. By applying rough sets processing one can find the final
pattern composed with reduced principal component patterns corresponding to
elements of selected reduct. We call this pattern a rough-set-eigenface.

Fig. 3. Eigen-face

7

Conclusion

A proposed hybrid processing technique including ICA and rough sets has demonstrated significant predispositions for face recognition. The proposed method
outperforms a hybrid method which comprises PCA and rough sets.
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