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results. So, the distribution issue is very valuable. Recently, X.
Shi et al [7] tried to reduce the influence of grosses like
variations in lighting, facial expressions and occlusions to
improve the robustness of PCA. They present a simple
unsupervised pre-processing method,
two-dimensional
whitening reconstruction (TWR) where whitening processed
has conceded on a 2D face matrix rather than concatenated 1D
vector. The resultant face image with TWR pre-processing
could be approximate to a Gaussian signal. L.Z. Liao et al [8]
develop a whitening method where the whitening parameter in
the whitening filter is adaptive to the input data so as to make
the power spectrum of the whitened results as flat as possible.

Abstract—Holistic based face recognition methods are
generally more effective on normally distributed data matrix of
face images. The distribution of data matrix follows the standard
Gaussian distribution according to central limit theorem, which
has not been seen in practical scenarios. In this context, a simple
and effective method called transformation of a data matrix to
Gaussian matrix (TDG) is proposed. The TDG transforms an
arbitrarily distributed data matrix to a Gaussian distribution.
This transformed data matrix is then processed through
Principal Component Analysis (PCA) and Independent
Component Analysis (ICA). Experiments on a benchmark face
database IRIS are demonstrated that the proposed
transformation process could notably improve the accuracy rates
than state-of-art methods.

There are some transformations that have been used to
make the transformed data normal. For example, in some
cases, the square or square root or logarithm or reciprocal of
the data values may be normally distributed. Such simple
transformations of the data to make the data normal can be
grouped together under a transformation called the Box-Cox
transformation [9]. The inconvenience of Box-Cox like log
transformation works with only non-negative numbers. One
can always transform the variable to reflect non-negative
numbers but we won’t able to anticipate new incoming data
and perhaps, the data may still contain negative numbers.
Another well known transformation called Johnson
transformation [10], is very powerful and it can be used with
data that include zero and negative values. The computational
cost of transforming variables using Johnson transformation is
much higher than Box-Cox transformation due to presence of
higher number parameters that needs to be optimized. Both
Box-Cox and Johnson transformation, a computer can run
through several combinations of transformation parameters to
determine which set of parameter(s) makes the transformed
data as close to normal as possible. So, both of these
transformation are basically parameter based. Another linearly
transformation data values i.e. z-scores [11] giving scores a
common standard of zero mean and unity standard deviation
facilitates their interpretation. The people relate that
standardizing scores (z-scores) change the shape of their
distribution in any way become more or less normal.

Index Terms—Gauusian Orthogonal Ensemble (GOE), GramSchmidt Orthogonalization, Z-Scores, Q-Q Plot, TDG

I. INTRODUCTION
In image analysis, face recognition have been a
challenging and quite attractive key area of research which is
usually used in security systems and law enforcements. There
are number of popular face feature extraction methods has
been proposed which is being started with a data matrix that is
a concatenation of 1D image column vectors. The most
noticeable methods among these are Principle Component
Analysis (PCA) [1], and a generalized version of PCA i.e.
Independent Component Analysis (ICA) [2][3]. PCA or ICA
are more effective when the original image data matrix to be
close to Gaussian distribution [2][4][5]. According to central
limit theorem (CTL) [6], a several independent random
variables are mixed together in an additive fashion, and then
resulting distribution is usually normal or Gaussian. But the
CTL states that in many situations, the sample mean vary
normally if only the sample size is reasonably large. Since
normality of data is one key assumption of many statistical
issues, transformation of non-normal data to normal data or
near normal becomes important.
Some of the holistic feature extraction (HFE) methods data
matrix assumes that the data matrix is normally distributed.
This is because the normal distribution has some special
properties which may have more effective for HFE methods.
If the assumption of normality is not satisfied, then the results
of the statistical analysis may be incorrect. If the data is close
to being normal, we may still assume it is normal and for mild
departures from normality, the analysis may still give good

The paper is structured as follows: Section II mainly
illustrates and analyzes the proposed method TDG, which
transform the arbitrarily distributed image data matrix to a
Gaussian distribution. Section III discusses the experimental
results on face databases. Finally, Section IV gives the
conclusion.
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II. TRANSFORMATION OF A DATA MATRIX TO GAUSSIAN
(TDG) PROCESS AND ANALYSIS

Algorithm 1. Transformation of Data Matrix to a Gaussian (TDG)
Input: An image data matrix X = [ x1 , x 2 , ..., x n ] ∈ ℜ m × n . There
are total of n images consist m number of real valued pixels.
1.
Let, a basis vector space for
is β = { x , x ,..., x

When we generate a sample data from face images, sometimes
we want to use that data to make predictions about the process
and the images. If the acquisition comes from a controlled
environment that follow some physical nature, then the data
from that process may follow a precise distribution otherwise
the distribution may be random. The shape of a distribution
provides clues to the process that generates the data, and can
be used to draw some interference about its application.
Motivated by these findings, we propose a transforming
method which transforms the image data matrix to a Gaussian
distribution.

Q

where each
2.

3.

4.

The Gaussian orthogonal matrix distribution or Gaussian
Orthogonal Ensemble (GOE) was one of the three Gaussian
matrix ensembles originally suggested by Eugene Winger as a
tool to study fluctuations in nuclear physics [12][13]. Matrix
ensembles like the GOE are of considerable importance in the
study of random matrix theory, as well as in various branches
of
physics
and
mathematics.
From
GOE,
Distributed [ A, GaussianOrthogonalMatrixDistribution (σ , n )]
,
written
more
concisely
as
A ≈ G aussianO rthogonalM atrixD istribution (σ , n ) can
be used to assert that a random squared symmetric matrices
A = { a i j } are distributed according to a Gaussian Orthogonal
Matrix Distribution have probability densities proportional to
Normal Distribution (0, σ ) . We know, the expression form
of a symmetric matrix A is A = Q D Q T where Q is an
orthogonal matrix, and D is a diagonal matrix of eigenvalue
elements of A . According to GOE, each element of symmetric
matrix follows a distribution of Gaussian where each element
is coming from an orthogonal basis space of data matrix X .

< xn , q1 >
< x ,q >
< x ,q >
).q1 − ( n 2 ).q2 −  − ( n n −1 ).qn −1
q1
q2
qn −1

Q (1 : m , :) − μ (1 : m )
Q =
σ (1 : m )

Finally, the feature extraction methods like PCA, ICA are applied on
this newly transformed data matrix Q .

∈ ℜ m×n .

form an orthogonal basis Q = { q1 , q 2 , q 3 , ..., q n } satisfying
the
following
(a)
(b)
q i = 1 for 1 ≤ i ≤ n

< q i , q j >= 0 for 1 ≤ i , j ≤ n , i ≠ j (c) Q T Q = I . In each
sequence, the basis vector will be subtracted from the
normalized relationships i.e. inner product between current
basis vectors and previously formed orthogonal vectors.
The distribution of this orthonormal vectors space
Q ∈ ℜ m × n is approximately proportional to less or more
Gaussian distribution. We know, if a variable is roughly
normally distributed, z-scores will follow near to a standard
normal distribution. So, we are then calculated the z-scores of
data matrix of orthonormal vectors space Q as follows:
Q (1 : m , :) − μ (1 : m )
Q =
σ (1 : m )
n



μ (1 : m ) =

σ (1 : m ) =

Q

j =1

j

(2)
over
all
n



j =1

(Q

j

− μ )

n

scores. Z-scores are linearly transformed data values having a
mean of zero and standard deviation of 1 i.e. they are scores
(or data values) that follow a standard Gaussian distribution.
B. Analysis of Data Matrix
In order to better display the influence of TDG on face
data matrix distribution, we present a statistical graphical test
called Quantile-Quantile (Q-Q) plot [15] which is to help us
assess if a set of data plausibly came from some theoretical
distribution such as Gaussian. If we run a statistical analysis
that assumes our data matrix is normally distributed, we can
use standard normal Q-Q plot to check that assumption. It is
just a visual check, allows us to see at-a-glance if our
assumption is plausible. A Q-Q plot is a scatter plot created by
plotting two sets quantiles against one another. If both sets of


qn = xn − (

(c) Q T Q = I
Calculate the z-scores of data matrix of orthonormal vectors space
Q as follows:

scores from each individual score, and then dividing by the
n
standard deviation
over all
2

q1 = x1

< x3 , q1 >
< x ,q >
).q1 − ( 3 2 ).q2
q1
q2

< q i , q j > = 0 for 1 ≤ i , j ≤ n , i ≠ j

i.e. subtracting the mean

In this regards, with the help of Gram-Schmidt process
[14], if β = { x 1 , x 2 , ..., x n } ∈ ℜ m × n is a basis for the vector
space Q, then the vectors

q3 = x3 − (

} ∈ ℜ m× n

x i is a image column vector of length m .

Output: Transformed Data Matrix Q

= [ x1 , x2 ,..., xn ] ∈ ℜm×n .

< x2 , q1 >
).q1
q1

n

i

i
xi = [ y11i , y21
,..., y ipq ]T ∈ ℜm×1 where m = p × q , let data

q2 = x2 − (

2

Form an orthogonal basis Q = { q 1 , q 2 , q 3 , ..., q n } through
Gram-Schmidt Orthogonalization which satisfy the following:
(a) q = 1 for 1 ≤ i ≤ n
(b)

A. Transformation of a Data Matrix to Gaussian (TDG)
Algorithm 1 briefly illustrates the steps of TDG method.
1
2
n
p× q
Give a set of 2D training images y , y ,..., y ∈ ℜ , and
then convert each 2D training image into column vector, say,
matrix X

1

(1)
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of TDG data and standard normal forming a line that’s
roughly straight. So, the TDG can transfer original data matrix
to be a signal close to normal distribution.
III. PERFORMANCE EVALUATION AND ANALYSIS

(a)

A well-known benchmark face database, IRIS [16] is used
to test the proposed method TDG on PCA and ICA. From the
database, experiments are considered on visual faces of
expression and illumination datasets which are captured under
various expressions, illuminations, and poses. For our
experiment, we have collected 3 different expressions Exp1
(Surprised), Exp2 (Laughing), Exp3 (Anger), and 4 different
illumination conditions Lon (left light on), Ron (right light
on), 2on (both lights on), off (left and right lights off) with
varying poses. The expression dataset reposes of total 660
images of 20 individual persons and there are 33 different
images with 3 different expressions. Similarly, the
illumination dataset reposes of 748 images of 17 individual
persons and there are 44 different images with 4 illuminations.
To arrange the database according to our experiment, we have
first created 3 sets for expression and 10 sets for illumination
as shown in second, third and fourth columns of Table I. The
660 images of expression is arranged as for instance, in Set 1,
Exp 1 and Exp 2 images i.e. 20x22=440 images are separated
for training purpose and the rest of the images in Exp 3 i.e.
20x11= 220 images are kept as testing images. In case of
illumination, the 748 images of four (4) different illuminations
are organized in ten (10) different sets for training and testing
purpose. For example, for Set 1, Lon, Ron and 2on images i.e.
17x33= 561 images are separated as training images and the
rest of the images in off i.e. 17x 11 = 187 images are kept as
testing images. In this way up to Set 4 but alternative
illuminations for training and testing images has been
organized. Again, for Set 5, Lon and Ron images i.e.
17x22=374 are grouped as training set and 2on, off images i.e.
17x22= 374 images are grouped as testing set, and the same
way will continued for another 5 sets i.e. up to Set 10.

(b)

(c)
(d)
Fig. 1. A sample of pixel value distribution of the original data matrix
and its transformed data matrix.

quantiles came from the same distribution, we should see the
points forming a line that’s roughly straight.
We have conducted an analysis from Imaging, Robotics,
and Intelligent Systems (IRIS) [16] visual expression dataset.
From the dataset, a data matrix is generated by combining 660
face images of 30 individuals as each column of data matrix
represents a face image. In Fig. 1a, the curve indicates density
of a normal distribution and that histogram area is not fitted
properly to normal curve. It becomes clearer in Fig. 1b, when
we plot out the Q-Q of original sample data vs. standard
normal. From the points of both sample data matrix and
standard normal, we see that the points are not forming a
straight line. That means original data matrix is not a normally
distributed on which holistic feature extraction methods like
PCA, ICA are not more effective. In Fig. 1c, we have shown
the Probability Density of transformed (TDG) data values
where noticed that histogram area is almost laid down with
classic symmetrical bell curve standard normal distribution
with a mean of 0. Fig. 1d Q-Q plot also shows that the points

CLASSIFICATION RESULTS ON IRIS VISUAL DATABASE

Dataset

Training Sample

Number of Training Images

Number of Testing Images

ICA

TDG-ICA

PCA

TDG-PCA

Expression

TABLE I.

Set 1

Surprised, Laughing (20 x 22 = 440)

Anger (20 x 11 = 220)

75.45

76.36

78.63

80

Set 2

Laughing, Anger (20 x 22 = 440)

Surprised (20 x 11 = 220)

75.45

83.18

75.45

84.54

Set 3

Surprised, Anger (20 x 22 = 440)

Laughing (20 x 11 = 220)

77.72

79.54

85.45

87.27

76.21

79.69

79.84

83.93

76.47

85.02

86.09

Illumination

Average
Set 1

Lon, Ron, 2on (17 x 33 = 561)

Off (17 x 11 = 187)

72.72

Set 2

Lon, Ron, Off (17 x 33 = 561)

2on (17 x 11 = 187)

89.83

89.30

93.58

94.11

Set 3

Lon, 2on, Off (17 x 33 = 561)

Ron (17 x 11 = 187)

88.23

91.44

95.72

97.32

Set 4

Ron, 2on, Off (17 x 33 = 561)

Lon (17 x 11 = 187)

89.30

89.30

95.18

94.65

Set 5

Lon, Ron (17 x 22 = 374)

2on, Off (17 x 22 = 374)

79.67

82.08

87.16

87.43

Set 6

Lon, 2on (17 x 22 = 374)

Ron, Off (17 x 22 = 374)

75.93

78.07

81.55

83.68

Set 7

Lon, Off (17 x 22 = 374)

Ron, 2on (17 x 22 = 374)

77.80

79.14

79.41

87.43

Set 8

Ron, 2on (17 x 22 = 374)

Lon, Off (17 x 22 = 374)

72.72

74.59

83.42

85.02

Set 9

Ron, Off (17 x 22 = 374)

Lon, 2on (17 x 22 = 374)

84.49

83.95

85.82

90.37

Set 10

2on, Off (17 x 22 = 374)

Lon, Ron (17 x 22 = 374)

83.24

87.5

94.14

90.42

81.39

83.18

88.10

89.65

Average
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In this paper, we present a transformation method called
TDG. To draw the influence of TDG, we present a Q-Q
statistical test. Finally, classification experiments on visual
IRIS database demonstrate that TDG based state-of-art
methods could greatly improve the performances than other
related methods.

A. Components Selection
Liu [17] has shown that the selection of number of
principal components (PCs) has a significant effect on the
performance of PCA/ICA based face recognition. In the
selection of PCs approach, it is not always that large number
of PCs will always give better performances. Sometimes, only
few numbers has effected more whereas increasing number of
PCs is decreasing the recognition performances. In the
experiments, an optimal number of 60 and 80 PCs/ICs for
PCA/ICA on expression and illumination datasets are chosen
respectively. Here, FastICA [18] with a contrast function was
2
G ( x ) = − exp( x
) used in case of ICA.
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B. Performance Evaluation and Analysis
To clearly show the performance of TDG on state-of-art
methods, we present two popular face recognition methods
Principal Component Analysis (PCA) and Independent
Component Analysis (ICA). To demonstrate that TDG is
effective for both state-of-art methods, we have evaluated the
effect of recognition performance through a classification
technique i.e. Random Forest [19] is configured to have 50
decision trees.
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