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ABSTRACT

Two-Dimensional Face Recognition Algorithms
in the Frequency Domain

Alper Serhat Zeytunlu

The importance of security, law-enforcement and identity verification has
necessitated the development of automated stable, fast and highly accurate algorithms for
human recognition. Face recognition is one of the most popular techniques used for these
purposes. Face recognition algorithms are performed on very large size of datasets
obtained under various challenging conditions. Principal component analysis (PCA) is a
widely used technique for face recognition. However, it has major drawbacks of (1) losing
the image details due to the transformation of two-dimensional face images into one-
dimensional vectors, (ii) having a large time complexity due to the use of a large size
covariance matrix and (iii) suffering from the adverse effect of intra-class pose variations
resulting in reduced recognition accuracy. To overcome the problem of intra-class pose
variations, Fourier magnitudes have been used for feature extraction in the PCA
algorithm giving rise to the so called FM-PCA algorithm. However, the time complexity
of this algorithm is even higher. On the other hand, to address the other two drawbacks of

the PCA algorithm, two-dimensional PCA (2DPCA) algorithms have been proposed.

This thesis is concerned with developing 2DPCA algorithms that incorporate the

advantages of FM-PCA in improving the accuracy and that of 2DPCA algorithms in



improving the accuracy as well as the time complexity. Towards this goal, 2DPCA
algorithms, referred to as the FM-r2DPCA and FM-(2D)’PCA algorithms, that use
Fourier-magnitudes rather than the raw pixel values, are first developed. Extensive
simulations are conducted to demonstrate the effectiveness of using the Fourier-
magnitudes in providing higher recognition accuracy over their spatial domain
counterparts. Next, by taking advantage of the energy compaction property of the
Fourier-magnitudes, the proposed algorithms are further developed to significantly
reduce their computational complexities with little loss in the recognition accuracy.

Simulation results are provided to validate this claim.
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CHAPTER 1

Introduction

1.1 Background

Development of more sophisticated and effective techniques for human
identification is becoming increasingly important in view of their applications in security,
law-enforcement and verification [1]-[6]. For human identification, there are several
biometric techniques, which use specific information to classify the subjects. Such
specific information could be fingerprint, palmprint, signature, voice, iris,
deoxyribonucleic acid (DNA), face, etc. All these types of information are unique and
vary from one person to another. Many security services, airports and government

agencies use biometrics for identification and security purposes.

Human face recognition is one of the most popular techniques used in biometrics.
Face recognition systems are widely used for identification, security, law enforcement,
etc [7]-[9]. Also, face recognition systems are indispensable in cases such as when the
police officers have only the face information of a criminal. The importance of security
and identification necessitates stable, fast and highly accurate algorithms for face

recognition. Hence, new approaches have been proposed that are more advanced than the



preceding ones with higher recognition accuracy and lower complexity under specific

real-life conditions.

1.2 Face Recognition Systems

The goal of face recognition systems is to determine as to which face image
belongs to which person (subject) [7]-[11]. Raw images for a face recognition system are
grouped as training images and test images. The subject of each training image is already
known to the system, but for the test images, subjects are assigned through a
classification process. Typically, a face recognition system consists of data acquisition,

feature extraction and classification subsystems [7]-[11].

In a data acquisition subsystem, raw face images are first acquired and some pre-
processing is carried out to improve the recognition accuracy or to decrease the time
complexity of the recognition process. The resulting data are then employed by the
feature extraction subsystem for extraction of features. In the feature extraction
subsystem, each image is represented as a set of features, which are signatures to
characterize the data. The main advantage of this representation lies in reducing the data
size in comparison to size of the original data. Also, features are useful to discriminate
the details between different subjects and to determine the common characteristics of
different images of the same subject. In the literature of face recognition systems,
different techniques for feature extraction, such as principal component analysis (PCA)

[10] and its variants, row-directional two-dimensional PCA (r2DPCA) [12], column-



directional 2DPCA (c2DPCA) [13], two-directional two-dimensional PCA ((2D)’PCA)
[13], exist. PCA and its variants are well-known for their robustness and stability against
illumination variation, noise and changes in intra-class pose details within tolerable

limits.

Classification subsystem is the final module of a face recognition system. In this
part, the subject of each test image is determined. There are different approaches, such as
the nearest neighbour classifier, neural networks and hidden Markov model (HMM), for
classification. The nearest neighbour classifier is one of the most popular classification
approaches in the literature [10]-[13], [16], [18], [19], [26], [27]. In this classifier, a
distance metric is used to measure the distance between the feature set of a test image and
that of each of the training images. Then, the subject of the training image with the
shortest distance from the test image is assigned as the subject of the test image. The
Euclidean, Frobenius and Yang distances are commonly-used metrics in the nearest

neighbour classifiers to compute the distance between feature-sets [10]-[13].

1.3 A Brief Review of PCA-Based Face Recognition Systems

Principal component analysis, also known as the discrete Karhunen-Loéve
transform, is a linear transformation with a strong energy compaction property that
allows high-dimensional data to be represented compactly with a much smaller number
of coefficients [10], [14], [15]. In the classical PCA technique, each face image is

represented as a single point in a very high-dimensional space by concatenating a two-



dimensional face image into a one-dimensional vector. In the feature extraction process, a
transformation matrix is first computed using all the training image vectors, then the
feature set of a test or training image is obtained using this transformation matrix. Finally,
using these feature sets, a test image is classified by employing a suitable classification
technique. Although the PCA technique has a strong energy compaction property to
represent face images efficiently, it has significant drawbacks of (a) losing image details
due to concatenation that affects the accuracy and (b) having a large time complexity due

to the use of a large-size covariance matrix employed in the feature extraction module.

In 2004, Yang et al. proposed the r2DPCA technique [12] with an objective to
overcome the drawbacks of PCA. The r2DPCA technique works without concatenation
of the two-dimensional data. It directly employs the two-dimensional data for feature
extraction. Thus, the loss of image details resulting from the concatenation process is
significantly reduced. Consequently, the recognition accuracy gets improved in
comparison to the conventional PCA. The covariance matrix employed in r2DPCA is
smaller than the one employed in PCA. Since the computational complexity of the feature
extraction process depends mainly on the size of the covariance matrix, the r2DPCA
technique has a lower computational complexity than PCA does [12]. However, the
2DPCA approach, which utilizes the original face images for feature extraction, is not

sufficiently pose-tolerant against intra-class pose variations.

Although significant improvements have been achieved using the r2DPCA
technique, challenging real-life conditions require for more robust algorithms. One of the
most common real-life problems for face recognition is intra-class pose-variation that has

a negative effect on the recognition accuracy. To solve the intra-class pose-variation

4



problem, Bhagavatula and Savvides [16] have proposed a Fourier magnitude PCA (FM-
PCA) approach in 2005. In the FM-PCA approach, the Fourier magnitudes are employed
for the feature extraction step of the PCA algorithm. Use of the Fourier magnitudes for
feature extraction makes the algorithm more pose tolerant and the recognition accuracy is
also significantly increased for face databases having pose variations. However,

computing the Fourier magnitudes increases the time complexity.

During the same year that FM-PCA was proposed [16], Zhang and Zhou
presented a modified version of r2DPCA addressing one of its problems, namely, that it
takes into consideration only the variation in the information between the rows and not
between the columns. They developed a two-directional two-dimensional PCA
((2D)*PCA) technique [13] by combining r2DPCA [12] and c2DPCA [13], which is a
column version of r2DPCA. The (2D)’PCA algorithm takes into consideration not only
the variations in the information between rows, but also that between columns. As a
result, there is a very slight improvement in the recognition accuracy of (2D)*PCA over
that of r2DPCA, when the algorithm is run using the ORL database [17]. However, the
(2D)*PCA algorithm has a significant advantage over r2DPCA in terms of the time

complexity in view of the smaller size of the feature matrix of the former.

In addition to the r2DPCA and (2D)’PCA algorithms in the 2-D spatial domain,
there are two other algorithms, namely, diagonal PCA and Diagonal PCA + r2DPCA [18]
that have been reported in the literature. However, the recognition accuracies of these two
algorithms, using ORL database, have been reported to be generally lower than that of the

r2DPCA algorithm, in addition to the time complexities being higher than that of the



r2DPCA algorithm [19]. In view of these results, these two algorithms will not be further

pursued in this thesis.

1.4 Scope and Objective of the Thesis

From the brief review in Section 1.3 of the classical PCA algorithm and its
derivatives, it is seen that the (2D)*PCA algorithm developed by Zhang and Zhou [13] by
modifying r2DPCA reduces the complexity, with the recognition accuracy remaining
about the same. On the other hand, the FM-PCA algorithm developed by Bhagavatula
and Savvides [16] provides a significantly higher accuracy than that of PCA, but with a
computational complexity that is higher than that of PCA due to the cost of computing

the Fourier magnitudes of the pixels of the image.

This thesis is aimed at developing two-dimensional PCA-based algorithms that
incorporate the advantages of the FM-PCA and two-dimensional PCA algorithms.
Specifically, a study is undertaken to first develop the Fourier magnitude (FM) version of
the 2DPCA and (2D)’PCA algorithms. Then, by taking advantage of the energy
compaction property of the Fourier transform, the FM versions of both the r2DPCA and
(2D)*PCA algorithms are further modified to significantly reduce their computational

complexities.



1.5 Organization of the Thesis

This thesis is organized as follows.

In Chapter 2, a brief review of the PCA algorithm and its subsequent
modifications in the spatial domain, r2DPCA [12] and (2D)2PCA [13], is presented. This
chapter brings out the shortcomings of these algorithms and provides the background

material necessary for the development of the work undertaken in the thesis.

In Chapter 3, FM-PCA [16] 1s first examined along with extensive simulations of
PCA and FM-PCA using the ORL face database in which the intra-class pose variations
are substantial. It is verified that the considerable improvement in the recognition
accuracy is obtained at the expense of the overhead for computing the Fourier
magnitudes. It is shown that the FM-PCA algorithm inherits the drawbacks of the PCA
algorithm, namely, the high computational complexity in the feature extraction due to the
use of very large size covariance matrix and the loss of image details resulting from the
conversion of two-dimensional data into one-dimensional vectors. In order to explore the
possibility of improving the accuracy as well as reducing the time complexity as
compared to that of FM-PCA, two new algorithms are proposed by applying the Fourier
magnitude concept to r2DPCA and its modified version (2D)*PCA, which have been
reported in the literature to have higher recognition accuracy and lower time complexity
over PCA algorithm. Finally, extensive simulations for the r2DPCA and (2D)’PCA
algorithms as well as for the proposed FM-r2DPCA and FM-(2D)’PCA algorithms are
carried out using the ORL face database to compare the proposed algorithms with their

spatial domain versions and with the FM-PCA algorithm.



Unlike Chapter 3, in which the feature extraction and classification processes are
carried out based on the entire set of Fourier magnitude coefficients, in Chapter 4, using
the energy compaction property of Fourier magnitudes, only a small subset of the entire
Fourier magnitude coefficients, namely, the low-pass Fourier magnitude (LPFM)
coefficients, are used for this purpose leading to the development of new algorithms with
reduced computational complexity. Specifically, LPFM versions of the r2DPCA, and
(2D)’PCA algorithms are developed. Simulations are carried out to demonstrate the
effectiveness of the LPFM approach over their FM counterparts in significantly

decreasing the computational complexity with almost the same recognition accuracy.

In Chapter 5, the thesis is concluded by summarizing and highlighting the main
contributions of the study undertaken therein. Some suggestions for further work to solve

the real-life problems in face recognition are also provided.



CHAPTER 2

Review of 1-D and 2-D PCA
Algorithms in the Spatial Domain

2.1 Introduction

This chapter gives a brief review of the classical PCA algorithm and its
derivatives in the spatial domain in order to provide the basic ideas used in their
development and to provide the background material essential for the development and
solutions of the problem undertaken in this thesis. The derivatives of the PCA algorithm
considered are the r2DPCA and (2D)’PCA algorithms. A brief discussion of the
Euclidean, Frobenius and Yang distance metrics that are generally used in classifiers of

PCA-based face recognition algorithms is also included.

2.2 Principal Component Analysis

The use of PCA as a feature extraction technique is popular in pattern recognition
because of its strong energy compaction property and its robustness against the data
acquired under reasonably different conditions. In 1987, Sirovich and Kirby [14]
proposed the idea of utilizing the principal components of the distribution of faces to
characterize the variations between them. In 1991, Turk and Pentland [10] utilized the

PCA technique for face recognition because of its efficiency and capability to distinguish



the patterns of the subjects using a small number of coefficients. A description of the
PCA algorithm follows.
A face image is basically a two-dimensional array I of size M X N given by

1000) -  I(ON—1)

I= 2.1)

I(M - 1,0) I(M — 1:,N -1
In the PCA method, each face image is first concatenated by arranging the elements of I
taken row-by-row (or alternatively column-by-column) into a column vector given by

1(0,0)

(M — 1,0)
1(1,0)

I(1, N — 1) (2.2)

I(M N 1,1)

IM-1,N-DL, .

The average of K concatenated training samples computed as

¥ =3, O (2.3)
is subtracted from each concatenated training sample giving

oD =10 _yp (2.4)
Then, the mean-subtracted training samples are used to construct a matrix given by

d@(0) d®)(0)

T=[p® @ .. &®]= - = : (2.5)
POMN-1) - P®(MN-1)

where K is the number of samples in the training set. Using T, the covariance matrix is

obtained as

10



C=TT" (2.6)

The covariance matrix, which actually gives the relationship between the samples,
is a square matrix of size MN X MN. In order to obtain the principal components of the
samples in the training set, the eigenvectors of the covariance matrix are computed.
Because of the large size of C, a direct computation of its eigenvalues and eigenvectors is
practically not feasible [10]. For example, the ORL face database has 40 subjects each
having 10 samples and the size of each sample is M X N = 112 x 92 [17]. If the training
set consists of K = 200 images, the size of € becomes MN X MN = 10304 x 10304
with MN = 10304 eigenvalues and eigenvectors. Thus, if these eigenvalues and
eigenvectors given by (2.6) are computed directly, it would result in a huge
computational burden.

Fortunately, there is a remedy to this problem. Each eigenvector corresponds to a
different amount of variation among the face images, in that an eigenvector of C
corresponding to a large eigenvalue is associated with large variations in the face images.
Thus, since the training set has only K samples (K < MN), no more than K — 1
eigenvectors are meaningful [10]. These meaningful eigenvectors (also called standard
images, eigenpictures, eigenfaces, or eigenimages) are obtained by eigen-decomposing
the matrix

D=TTT (2.7)
as

T —
where e; is an eigenvalue of D and d; is the corresponding eigenvector. Pre-multiplying

both sides of (2.8) by T yields

11



TTTTd; = Te;d; = e;(Te;d;) (2.9)

TTT(de) = ¢;(Td;) (2.10)
Thus, it is clear from above equation that the eigenvalue e; of D is also an eigenvalue of
C and the corresponding eigenvector of C is given as U; = T'd;. The matrix D being a

square matrix of size K X K has K eigenvalues and K eigenvectors. Thus, through this

process all the meaningful eigenvectors of € are obtained with much less computational

. . a; .
burden. Next, these eigenvectors, are normalized as u; = m and arranged in a sequence
j

corresponding to the decreasing eigenvalues, and denoted byu; j=12,..,K,
respectively.

Since the objective of the PCA technique is to significantly reduce the size of the
data, each image is represented by a feature vector  of size that is much less than MN,
the dimension of a training or test sample. A training image feature vector Q@ is
obtained by projecting the mean-subtracted training sample ®® onto the normalized and
ordered eigenvectors u;, j = 1,2,...,L, where L is the number of chosen normalized
eigenvectors that sufficiently expose the variations in the face images. The feature vector
Q7 corresponding to the it" training image sample is computed as

Q0 =Qp® (2.11)

where
Q=[u1 Uz .. u]T (2.12)
is called the transformation matrix. The size of each feature vector is L X 1 and it can be

expressed in terms of its coefficients as

12



)

. (0
Q® = [0; (2.13)

Lx1
where the j* element of the of the i*" training image’s feature vector is given by
w = uTo®,
Similarly, for a test image 1(¢59) the corresponding feature vector is obtained as
Qtest = Q(rtest — ) (2.14)
where T'*es9 s the concatenated vector corresponding to the test image It¢S9), Q is the
transformation matrix given by (2.12) and W is the mean vector given by (2.3). The

feature vector of the test image is given by

[w(test)'l
1
(test)l
Qtest) _ |(,02 | (2.15)
(test)
lw]—- JL><1
In the classification module of the PCA algorithm [10], Euclidean distance is
commonly used to measure the distance between the feature vector of a test image and

that of a training image. The Euclidean distance between the feature vector of a test and

that of each training image is computed as

. N2
dE(.Q(teSt), .Q(l)) — \/Z]!;l((l)j(teSt) _ (1)](1))
(2.16)
(test)

i
where w; and a)j(

) are, respectively, the j"elements of the test image feature vector

Q™Y and the it" training image feature vector 2¥. Then, the subject of the training

image corresponding to the feature vector 27 that has the shortest distance from the test

13



image feature vector 2% is assigned as the subject of the test image. The block diagram

of Fig.2.1 summarizes the PCA algorithm.

Training images Subtract the mean vector

from all training image
Concatenate  the
vectors

training  1mages: &0 = O _yp

1® - r®

T=[p® ¢@ .. o]

Test image

Concatenate the

test image:

l(test) N r(test)

Fig.2.1: Summary of the PCA algorithm.
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2.3 Row-Directional Two-Dimensional PCA

In order to decrease the computational complexity of the PCA technique, methods
have been developed in which the DCT or DWT coefficients, instead of the raw pixel
coefficients of the image, are used for the feature extraction [20]-[24]. In these methods,
the recognition accuracy of the PCA method is also somewhat improved by decreasing
the effects of noise and illumination variations because of the use of transformed
coefficients. However, the high computational complexity due to the large size
covariance matrix and low recognition accuracy resulting from the concatenation of the
images still remain a matter of concern of the PCA techniques using transformed data.

In 2004, Yang et al. proposed a two-dimensional PCA algorithm [12], which
directly employs the two-dimensional data for feature extraction without concatenation.
Consequently, the face images are less distorted, and the image details are better
preserved in comparison to the PCA algorithm [12], [13]. They also modified the
covariance matrix with an objective of decreasing the time complexity and increasing the
recognition accuracy. The normalized eigenvectors of this covariance matrix are used to
construct a linear transformation matrix. A face image matrix is then projected onto this
transformation matrix row-by-row in order to obtain the feature matrix, which represents
the face image better than the feature vector obtained in the PCA algorithm. A
description of this 2DPCA algorithm, which henceforth will be referred to as the row-
directional 2DPCA (r2DPCA) algorithm, follows.

The modified covariance matrix is computed as

1 . — . —
Cr2ppca = EZF:l(I(l) - I)T(l(') - l) (2.17)
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where I is the i*" training image of size M X N, K is the number of training images and
I is the average of the training samples computed as

=3k, 10 (2.18)
The size of the resulting covariance matrix is N X N. Next, N eigenvalues and the
corresponding eigenvectors of C,oppca are computed. The eigenvectors are normalized
and arranged in a sequence Xj, j=1,2,..,N, corresponding to the decreasing
eigenvalues. Similar to the PCA algorithm, the data is compressed by using a
transformation matrix constructed using a subset of the normalized eigenvectors of

Cr2ppca as

X = [X;X; ... Xg] (2.19)
where f << N is the number of chosen normalized eigenvectors, which sufficiently
expose the variations among the face images. In order to obtain the feature matrix of the
it" training image I, it is projected onto the transformation matrix as
i) _ [7(D7® (O} I
20 =20z .. 2] = 10X (2.20)

In the above equation, the elements of the j** column Z](.i) of the i*" feature matrix is

obtained by projecting the i*" training image row-by-row onto the j* projective vector

of the transformation matrix, i.e., the j* column vector of the i*" feature matrix is
obtained as Z]@ = I(i)Xj, where j = 1,2,...,0 and i = 1,2, ..., K. Similarly, the feature

matrix of a test image It is computed by projecting it onto the transformation matrix
as

7(test) _ j(teshy (2.21)

where X is the transformation matrix as obtained in (2.19). Each column vector of Z® or
Z(test) obtained in (2.20) or (2.21) is called the principal component vector of the

16



sample image I® or 1) [12]. It is noted that each principal component of a two-
dimensional PCA is a vector, while each principal component of PCA is a scalar.

In the classification module of the r2DPCA algorithm [12], and other two-
dimensional face recognition schemes [13], [24], matrix similarity measures, instead of
the Euclidean distance, are used. After obtaining the distance between the feature matrix
of a test image and that of each training image, the subject of the training image whose
feature matrix has the shortest distance from the test image feature matrix Z(es9 is
assigned the subject of the test image. The Frobenius and Yang distances are commonly
used matrix similarity measures in the literature for two-dimensional face recognition
schemes [12], [13], [18], [19], [26]. The classifiers using these similarity measures are
called as nearest neighbour classifiers. Frobenius distance metric is an adapted form of
the Euclidean distance metric for the classification of the samples, which are represented

as two-dimensional feature sets; it is given by

. , 2
dF(Z(teSt),Z(l)) — \/Z]Y:lzﬁzl(z(test)(u,]) AU (R)) (2.22)

where Z = [Z(,j)],xy. Yang distance [12], which provides a higher recognition
accuracy than the Frobenius distance does, is obtained by summing the Euclidean
distance between the respective columns of the test and training image feature matrices

and is given by

. . . 2
dy (202, 20) = 3V \/zﬁzl(z(test)(u, ) —ZOwj)) (2.23)

The 2DPCA technique increases the recognition accuracy and decreases the
computational complexity. However, it requires many more coefficients to represent the

face images than the PCA technique does. In the 12DPCA, the size of the feature matrix
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for an M X N face image is M X 5, and thus has many more coefficients than the
feature vector of size L X 1 obtained in the PCA technique.

Also, in the r2DPCA technique, since the rows of the i face image are projected
onto the vectors of the transformation matrix as Z® = I®X, only the variations between

the rows of a face image are projected while ignoring the variations between the columns.

The block diagram of Fig.2.2 summarizes the r2DPCA algorithm.

Training images

Compute the average Compute the covariance matrix;
of the training images:

K
1 S- -
:"> C =_E I® —DTa®d —|

4 L

Compute the eigenvectors of Coppca- Then, normalize and arrange the eigenvectors in a

sequence X, (j = 1,2, ..., K), corresponding to the decreasing values of their eigenvalues.
So, the data is compressed by using a transformation matrix constructed using sufficient

number of meaningful normalized eigenvectors of Cyppca as X = [X1X2 Xﬁ].

O

Obtain the feature matrix of the it training image I®

by projecting it onto the transformation matrix as

20 = 20z ..z =10x

\'

Obtain the feature matrix of a test image 1(*®sY by projecting it

onto the transformation matrix as Ztest) = j(testhx

4 \ 4

Obtain the Frobenius distance or Yang distance between a test image feature matrix and each training

image feature matrix using, respectively, (2.22) or (2.23). Next, classify the test image to the class of the

training image having the feature matrix closest to that of the test image.

Fig.2.2: Summary of the r2DPCA algorithm.
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2.4 Two-Directional Approach for 2DPCA

The row-directional 2DPCA technique [12] discussed in the previous section
improves the recognition accuracy and reduces the computational complexity in
comparison to the PCA technique, but it projects the variations only between the pixels of
the rows of a face image and ignores the variations of those between the columns. Zhang
and Zhou [13] in 2005 proposed a two-directional approach for 2DPCA in which the
variations of the image details between the rows as well as the columns are taken into
consideration. More specifically, they developed a technique that combines r2DPCA with
a PCA technique that emphasizes the variations of the pixels between the columns. The
latter is essentially a column alternative of the former. In the following, a brief
description of the column alternative of the r2DPCA algorithm followed by a description

of the two-directional 2DPCA is provided.

2.4.1 Column-Directional 2DPCA

In the column-directional 2DPCA technique (c2DPCA), column-directional

variations of a face image are emphasized [13].

The covariance matrix is computed as
1 . — . —
Ce2ppca = EZF:l(I(l) ) (l(') - I)T (2.24)

where K is the number of the training images and I = iZle I1® is the average of the
K

training images. The size of this covariance matrix is M X M. Next, M eigenvalues and
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the corresponding eigenvectors of C.oppca are computed. The eigenvectors are arranged
and normalized as described in Section 2.3. The transformation matrix is constructed

using a sufficient number of normalized eigenvectors of C.oppca as

where @ K M.

The feature matrix for each training image is obtained as
z® = [zPZ7 .. 2{] = Y110 (2.26)

In (2.26), the elements of the j®* column Z](.i) of the i*" feature matrix is obtained by

projecting the i*" training image column-by-column onto the j®* projective vector of

the transformation matrix Y, that is the j* column vector of the i*" feature matrix is
. i nT . . .
obtained as Z](.l) =IO Y;, where j=12,..,a and i =1,2,...,K. The feature matrix

of a test image 1Y is computed by projecting it onto the transformation matrix

column-by-column as
Z(test) — YTI(test) (227)

Similar to the r2DPCA technique, a nearest neighbour classifier can be used to
classify the test images as described in Section 2.3. As in the case of r2DPCA, the
c2DPCA technique also has a higher accuracy and lower complexity in comparison to the

PCA technique.
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2.4.2 Two-Directional Two-Dimensional PCA

As pointed out earlier, the two 2DPCA algorithms discussed so far project the
variations of the information only between the rows or only between the columns of a
face image. The size of the resulting feature matrix is very large. In order to obtain a
more efficient feature representation, Zhang and Zhou [13] have proposed to take the
variations of the image details between the rows as well as that between the columns into
consideration by combining r2DPCA with ¢2DPCA. A brief description of the two-
directional 2DPCA ((2D)*PCA) is provided below.

In the (2D)*PCA technique, the transformation matrices X and ¥ given by (2.19)
and (2.25) are first obtained, as described in Sections 2.3 and 2.4.1. Next, the feature

matrix for each training image is computed as

M — yT[®
Z® = yTIOx (2.28)

The size of the feature matrix a X §, where @« << M and [ <« N, is chosen to sufficiently
expose the variations among the face images. Similarly, the feature matrix of a test image

is computed as

(test) _ yTy(test)
Z yTy(teshx (2.29)

Similar to the 2DPCA or c2DPCA technique, a nearest neighbour classifier can be used
to classify the test images, as described earlier. In the (2D)*PCA technique, the number of
coefficients in the feature matrix for image representation is significantly reduced in
comparison to the 2DPCA or ¢2DPCA technique. Although in the (2D)*PCA technique
a more efficient face representation is obtained, still it is sensitive to intra-class pose

variations. A summary of the (2D)*PCA algorithm is given in Fig.2.3.
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Tr aining images Compute the covariance matrices;

K
C te th 1 S S
ompute the average Cooppes = EZ:(l(.) -Dra® -1
of the training images: i=1

[=2138,10

K
1 S e =
Caampea = ). (AP = DA® ~ DT
i=1

4 L

Y =[Y;Y;..Y] and X = [X;X, ... X;] .

Compute the eigenvectors of Ceoppca and Crpppca- Then, normalize and arrange the
eigenvectors in a sequence ¥; and X; (j = 1,2, ..., K), corresponding to the decreasing
values of their eigenvalues. Then, obtain the transformation matrices Y and X using

sufficient number of normalized eigenvectors of Cgppca and Croppca  as

a2

7O = yTiHx

Obtain the feature matrix of the i? training image I® as

Compute the feature matrix the test image 159 by projecting

it onto the transformation matrix as
Y(test) — ZTl(teSt)X

2

A 4

Obtain the Frobenius distance or Yang distance between a test image feature matrix and each training

image feature matrix using, respectively, (2.21) or (2.22). Next, classify the test image to the class of the

training image having the feature matrix closest to that of the test image.

Fig.2.3: Summary of the (2D)*PCA algorithm.

2.5 Summary

In this chapter, a brief review of the classical PCA algorithm and its two-
dimensional derivatives in the spatial domain, 12DPCA, ¢2DPCA and (2D)2PCA, has
been presented in order to provide the background material essential for the work

undertaken in this thesis. Advantages and shortcomings of these techniques have been
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discussed in terms of the recognition accuracy and computational complexity. The PCA
algorithm, which is the foundation for the development of many other algorithms, has
been first introduced. A two dimensional version of the PCA technique, namely, 2DPCA
that exposes the image details among the rows and has a lower computational complexity
compared to that of PCA, has been presented. Next, the two-directional 2DPCA
algorithm ((2D)’PCA), which combines r2DPCA and its column-directional counterpart,
c2DPCA, is briefly described. This algorithm, while exposing the image details between
the rows as well as between the columns has a lower computational complexity in

comparison to its two constituent algorithms.
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CHAPTER 3

Two-Dimensional PCA Algorithms in

the Fourier Domain

3.1 Introduction

As mentioned in the previous chapter, the classical PCA algorithm [10] is affected
by intra-class pose variations. In an effort to overcome this problem, Bhagavatula and
Savvides have proposed in [16] to apply the Fourier magnitudes of the pixels of the
images for feature extraction in the PCA algorithm instead of the pixel values themselves.
This resulted in considerable improvement in the recognition accuracy, but at the expense
of the overhead for computing the Fourier magnitudes. As stated in the previous chapter,
the two-dimensional extensions of the PCA algorithm, r2DPCA and (2D)’PCA, provide
higher accuracies with lower complexities as compared to PCA. Hence, we propose to
employ the Fourier magnitudes for feature extraction in these two 2DPCA algorithms in
order to explore the possibility of improving the accuracy as well as reducing the time
complexity over that of FM-PCA. In this chapter, a brief description of the FM-PCA
algorithm is given, followed by extensive simulation results, using the ORL database, to
study the improvement in the recognition accuracy and the computational cost of the FM-

PCA over the classical PCA. We then propose FM-versions of the two-dimensional

24



r2DPCA and (2D)’PCA algorithms. Finally, extensive simulations are carried out to
study the effectiveness of applying the FM approach to the two-dimensional PCA

algorithms.

3.2 Fourier-Magnitude PCA

3.2.1 A Brief Review

Although the PCA technique, discussed in Section 2.2, has been commonly used
for feature extraction and data representation in the literature, it is sensitive to intra-class
pose variations. In order to decrease the adverse effect of intra-class pose-variations in
the PCA algorithm, Bhagavatula and Savvides [16] have employed the Fourier
magnitudes (FM) of face images for the feature extraction. Using the ORL face database,
in which there are substantial intra-class pose variations, they have shown that employing
the Fourier magnitudes of the images for feature extraction improves the recognition
accuracy of the PCA algorithm [16]. A brief explanation of the Fourier magnitude PCA

(FM-PCA) follows.

In this method, the Fourier transform of a digital image of size M X N is first

computed as [27], [28]

Ip(u,v) = IMISN- 11 n)e ") u=12,..,M—1;v=12,..,N—-1 (3.1)

Each Fourier coefficient given by (3.1) is a complex number expressed as

Ir(u,v) =Re(IF(u,v))+jIm(IF(u,v)), where Re(IF(u,v)) and Im(IF(u,v)) are,
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respectively, the real and imaginary parts of the coefficient Iz (u, v). The magnitude of the

coefficient is given by

Iy (u,v) = |Ip(u,v)| = \/Rez(lp(u, v)) + Im2(Ix(u, v)) (3.2)

The magnitudes of the Fourier coefficients for the i training image can be represented

asan M X N matrix given by

(l) (1
I [I (u, V)]MXN (3.3)
Similarly, the magnitudes of the Fourier coefficients of a test image is given by
(test) (test)
I 3.4
= [ ] (3:4)

Any matrix given by (3.3) or (3.4) can be expressed as a column vector by rearranging
the elements of Iy taken row-by-row (or alternatively, column-by-column):
Irm(0,0)

lep(M — 1,0)
IFM(er)

Tem =1 1L (LN=1) (3.5)
lep(M — 1,1)

(M — 1,N — 1),

MNx1
The average of K such concatenated Fourier magnitude versions of the training samples

computed as

1
Wem = -

P (3.6)

26



is subtracted from each of the concatenated FM versions of the training samples giving

®v = Tim — Prm (3.7)

Then, the above mean-subtracted training samples are used to construct a matrix given by

1 K
o o " P(©@) o Dpy(0)
Tem = [q)FM Ppy - Ppy | = @ 5 5 ® E (3.8)
Gpyy(MN—-1) - Ppy(MN—1)

Using T gy, we define the matrix D gy as

Dpym = TFTMTFM (3.9)
Next, its eigenvalues and the corresponding eigenvectors are computed by

TemTemd; = €;d; (3.10)

where e; is an eigenvalue of Dpgyand d; is the corresponding eigenvector. Pre-
multiplying both sides of (3.10) by T gy yields

TFMTI:‘FMTFMdjT = Trmejd; = €j(Teme;d;) 3.11)

TemTem(Temd;) = €j(Temd;) (3.12)

Since the covariance matrix Cpy = TpmTpy, the eigenvalue ej of Dpy is also an

eigenvalue of Cpp and the corresponding eigenvector of Cppy is given as U; = Tppyd;.

Next, these eigenvectors, are normalized as u; = ”Zﬁ and arranged in a sequence

corresponding to the decreasing eigenvalues, and denoted byuw; j=12,..,K,

respectively.
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Each sample is represented by a feature vector £2py. A training feature vector

.(21(3,, is obtained by projecting d)g,%,, onto the normalized and ordered eigenvectors u;,

j=1,2,...,L, where L is the number of chosen normalized eigenvectors that sufficiently
expose the variations in the face images. The feature vector 27 corresponding to the it"

training image sample is computed as

ol = Qem® (3.13)
where

Qem=[M1 Uz .. u]’ (3.14)

is called the transformation matrix. Similarly, for a test image I ‘(;t,;St), the corresponding

feature vector is obtained as

test)

Q8 = Qey(Te™ — Wey) (3.15)

test). . . .
where I' ‘(p;,s )is the concatenated vector corresponding to the test image’s Fourier

magnitude version I g-t,;St), Qprp is the transformation matrix given by (3.14) and Wgy is

the mean vector given by (3.6).

As in the case of the PCA algorithm, the Euclidean distance is used to measure
the distance between the feature vector of a test image and that of a training image. Then,
the subject of the training image corresponding to the feature vector Q7 that has the
shortest distance from the test image feature vector 27 is assigned as the subject of the

test image. A block diagram of Fig.3.1 summarizes the FM-PCA algorithm.
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Training images

Obtain
Fourier
magnitudes
of training
images.

O
Iem

Concatenate the

training images:

(O] ()]
Iem = Tem

Subtract the mean vector
from all training image
vectors

Dy = T — Pem

Test image

Obtain
Fourier
magnitudes

(test)
I[-‘M

Concatenate

the test image:

(test) (test)
Iem = Tpy

Fig.3.1: Summary of the FM-PCA algorithm.
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3.2.2 Simulation Results

In this subsection, detailed simulation results for the conventional PCA algorithm
as well as for the FM-PCA algorithm are provided in terms of the recognition accuracy
and the computational complexity. Simulations are performed on a 2.8 GHz Intel Core i7
CPU with 4GB RAM and Windows 7 operating system. Simulations are carried out using
MATLAB [29]. The algorithms are tested on the Olivetti Research Laboratory (ORL)
face database [17], a benchmark database in the literature [12], [13], [18], [19], [22], [23],
[26]. The database consists of face images taken against a dark homogeneous background
and represented with an 8 bit-greyscale. There are 40 subjects, each having 10 different
images of size 92x112. The images of each subject vary from one another in terms of
pose, expression and zooming. In addition, the intra-class pose variations are substantial

in this database. The complete set of images in the database are shown in Fig. 3.2.

For the sake of clarity in explaining how the simulations are conducted, we assign
indices 1-to-10, starting with the left most image to the right most image, for each
subject. A set of 5 indices are chosen randomly and the five images in each subject
corresponding to these indices are chosen as the training images (thus, constituting a total
of 200 training images) to train a given algorithm. For each of the training image, the
corresponding feature matrix is obtained. For a given test image, the Euclidean distance
between the feature vector of the test image and that of each of the 200 vectors of the

training images is obtained, and the one with the closest distance chosen to determine the
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Fig.3.2: Face images in the ORL face database.
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class of the test image under consideration. This is repeated for each of the 200 test

images and the recognition accuracy found.

The above procedure is repeated 49 times, each time choosing randomly a set of 5
indices that is distinct from the sets of the previous runs of the algorithm. Finally, the
recognition accuracy of the algorithm is obtained as the average of the recognition

accuracies derived from the 50 runs.

Table 3.1 gives the performance of the PCA and FM-PCA algorithms in terms of
the recognition accuracy for different sizes of the feature vector. The recognition
accuracy as a function of the feature vector size is also illustrated in Fig. 3.3. It is clearly
seen from the table and this figure that the use of the Fourier magnitudes in feature

extraction for PCA improves its recognition accuracy substantially.

We now consider the time complexities for the PCA and FM-PCA algorithms.
For this purpose, each algorithm is run 10 times and the average execution time is
computed; ten runs are considered sufficient to compute the time complexity, since the
algorithms are not data dependent for a fixed image size. The average total time taken for
each of the algorithms is given in Table 3.2. As expected, it is seen from this table that
FM-PCA has a higher time complexity than that of FM-PCA due to the overhead

involved in the computation of the Fourier magnitudes.

In conclusion, it is to be noted that there is about 3% improvement in the

recognition accuracy, but at the cost of a 23% increase in the computational time.
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Table 3.1 : Recognition accuracy in percentage of the PCA and FM-PCA algorithms.

Number of Recognition
principal accuracy (%)
components PCA | FM-PCA
10 89.9 92.6
11 90.3 93.1
12 90.7 93.5
13 90.8 93.7
14 90.9 93.9
15 91.1 94.1
16 91.1 94.2
17 91.2 94.3
18 91.2 94.3
19 91.3 94 .4
20 914 94 .4
21 91.5 94.5
22 91.5 94.6
23 91.6 94.7
24 91.7 94.7
25 91.7 94.7
26 91.8 94.8
27 91.8 94.8
28 91.9 94.8
29 91.9 94.8
30 91.9 94.8
31 91.9 94.8
32 91.9 94.8
33 91.9 94.8
34 91.9 94.9
35 91.9 94.9
36 91.9 94.8
37 91.9 94.9
38 92 94.8
39 92 94.9
40 92 94.8
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Fig.3.3: Recognition accuracies for the PCA and FM-PCA algorithms using the

Euclidean distance for classification.

Table 3.2: Time complexity in seconds of the PCA and FM-PCA algorithms.

Algorithm and number of
principal components Total time complexity (s)
PCA
35 3.016
FM-PCA
35 3.719
PCA
38 3.027
FM-PCA
38 3.730
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3.3 Proposed Two-Dimensional PCA Algorithms in the

Fourier Domain

As seen from the previous section, the use of the Fourier magnitudes in the PCA
algorithm improves the recognition accuracy, but at the expense of increased time
complexity. On the other hand, we also know that the two-dimensional extensions of the
PCA algorithm have lower time complexities, while providing at the same time higher
accuracies compared to the PCA. Hence, in this section, we develop Fourier magnitude
versions of the two-dimensional PCA algorithms, r2DPCA and (2D)’PCA, and refer to

them as FM-r2DPCA and FM-(2D)*PCA, respectively.

3.3.1 Fourier-Magnitude r2DPCA

The Fourier magnitudes for the pixels of an image are computed first using (3.2).

The magnitudes of the Fourier coefficients for the i training image can be represented

as an M X N matrix given by I = [ 1Y (S v)] - Similarly, the FM version of a

test image is represented as I(teSt) [I (teSt)( ,v)] . The Fourier magnitude
MXN

matrices of the training images are then used to obtain the covariance matrix of FM-

r2DPCA as
FM-r2DPCA = 1( FM) ( FM) ( . )
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where K is the number of training samples and Iy is the matrix in which each entry is

[®

the average of the corresponding entries in the matrices I,

i =1,2,..,K, and is given

by
— 1 1
Igpm = EZ?:JS]\)/[ (3.17)

Next, the eigenvalues and eigenvectors of Cry_r2ppca are computed. The eigenvectors

are normalized and rearranged in descending order of the corresponding eigenvalues. A

transformation matrix Xpy = [XFMleMZ XFMB] is obtained using sufficient number of

. . . -th ..
normalized eigenvectors of Crpy_,2ppca- The, feature matrices for the 7 training sample

and the test sample are, respectively, given by

Zem = TemXem (2. 18)
and
Zoe™ = 155" Xem 2.19)

For the classification module of the FM-r2DPCA algorithm, the Frobenius or
Yang distance metric, given by (2.22) and (2.23), is used. The distance between the
feature matrix of a test sample and that of each training sample is obtained. Then, the
subject of the training sample, whose feature matrix has the shortest distance from the
test image feature matrix Z g&m , 1s assigned as the subject of the test image. The block
diagram of Fig.3.4 summarizes the FM-r2DPCA algorithm.
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Training images

Obtai Compute the average of the : :
e an . p ] g Compute the covariance matrix;
ourier training samples: K
magnitude |::> 1 K ) 1 ey pe—
sof = =1\ 0 Cem-rzopca =32 ) (Tem = Tem)” (I — Tem)
training FM — K FM i=1
| |images. i=1
@ Compute the eigenvectors of Cgym_r2ppca- Then, normalize and arrange the
FM
eigenvectors in a sequence Xemp J = 1.2,..,K, corresponding to the

decreasing values of their eigenvalues. So, the data is compressed by using a

transformation matrix constructed using sufficient number of meaningful

normalized eigenvectors of Cgm_r2ppca 2S Xpm = [XFM1XFM2 XFM;;]-

o

j Obtain the feature matrix of the i*" training image lgal

by projecting it onto the transformation matrix as

zl(:lel = [ZFMgl)ZFMS) ."ZFMS)] = 11(2113[XFM

Test image \V4
Obtain Obtain the feature matrix of a test image Ig;“) by projecting
'3 |Fourier
' mag(nitudgs I:> it onto the transformation matrix as Z3se™" = I3e* X py.
test
I
i g L4

Obtain the Frobenius distance or Yang distance between a test image feature matrix and each training

image feature matrix using, respectively, (2.22) or (2.23). Next, classify the test image to the class of the

training image having the feature matrix closest to that of the test image.

Fig.3.4: Summary of the FM-r2DPCA algorithm.

3.3.2 Fourier Magnitude (2D)2PCA

As discussed in Section 2.4.2, the (2D)’PCA algorithm has a lower
computational complexity than that of even the r2DPCA algorithm. Hence, we now
develop an FM-version of the (2D)*PCA algorithm. Henceforth, this algorithm is

referred to as the FM-(2D)*PCA algorithm.
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The row-directional covariance matrix Cppy_r2ppca 1S computed using (3.16) and

its column-directional counterpart is computed as
1 . _ . _
CrM-czpPCca = EZ¥=1(IS\)4 - IFM)(ll(:ll\)a - lFM)T (3.20)

The eigenvalues and eigenvectors of Cpy_r2ppca and Crpy—_c2ppca are then computed.
Next, the eigenvectors of each of the two covariance matrices are normalized and

arranged in descending order of the corresponding eigenvalues. Then, the row-directional
and column-directional transformation matrices Xy = [XFMIXFM2 ...XFMB] and
Yem = [YFMlYFMZ ...YFMa] are obtained using sufficient numbers of the eigenvectors of

Crm-r2ppca and Cpym_c2ppca, respectively.

The feature matrices for the i” training sample and the test sample are,

respectively, given by

Zlgll\)/l = YEMIE'&XFM (3.21)
and
ZS\?{SQ = YFTMIS;SOXFM (3.22)

For the purpose of classification, we again employ the Frobenius as well as the
Yang distance metrics given by (2.22) and (2.23), respectively. The distance between the
feature matrix of a test sample and that of each of the training samples is obtained. Then,
the subject of the training sample, whose feature matrix has the shortest distance from the
feature matrix of the test sample, is assigned as the subject of the test image. A summary

of the FM-(2D)*PCA algorithm is given in Fig. 3.5.
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T r a"ung im ag es Compute the covariance matrices;
Compute the 1 B ) —
o average of the CeM-r2pPCA = EZ(IFM — Ten) " (U — )
L po training samples: =1
ourier K j L K
magnitude 1 . i — i N
s of Igm = EZ Il(?ll\)/l CeM—c2pPCca = EZ(I% - IFM)(ISI?/[ —Tg)T
training i=1 i=1
i [images. JTr
(® Compute the eigenvectors of Cey_czppca and Cgm_r2ppca- Then, normalize
M and arrange the eigenvectors in a sequence YFM]. and XFM]., j=12,..,K,
corresponding to the decreasing values of their eigenvalues. Then, obtain the
transformation matrices Y;p and X;p using sufficient number of normalized
eigenvectors of Cem—c2pPCA and Cem—r2DPCA as
Yoar = [Yem(Yemy - Year ] and Xy = [XFMﬁ(FMZ wXeay p] .
~>
j Obtain the feature matrix of the i*! training image I® as
o By
Ziw = YiuliuXew
Test image A4 _ .
Compute the feature matrix the test image I(*¢s® by
Obtain
| Fourier projecting it onto the transformation matrix as
magnitudes |::>
IS\?{SQ Zim = Yol Xem \/
Obtain the Frobenius distance or Yang distance between a test image feature matrix and each training
image feature matrix using, respectively, (2.22) or (2.23). Next, classify the test image to the class of the
training image having the feature matrix closest to that of the test image.

Fig.3.5: Summary of the FM-(2D)*PCA algorithm.

3.4 Experimental Results

In this section, detailed simulation results for the r2DPCA, FM-r2DPCA,

(2D)’PCA and FM-(2D)*PCA algorithms are provided and the algorithms compared in
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terms of the recognition accuracy and the computational complexity. In order to obtain
the simulation results, the hardware and software platforms described in Section 3.2.2 are
utilized. As mentioned earlier, we assign indices 1-to-10 for each subject starting with the
left most image to the right most image. A set of 5 indices are chosen randomly and the
five images in each subject corresponding to these indices are chosen as the training
images (thus, constituting a total of 200 training images) to train a given algorithm. For
each of the training image, the corresponding feature matrix is obtained. For a given test
image, the Frobenius or the Yang distance between the feature matrix of the test image
and that of each of the 200 feature matrices of the training images is obtained and the one
with the closest distance chosen to determine the class of the test image under
consideration. This is repeated for each of the 200 test images and the recognition
accuracy found. The above procedure is repeated 49 times, each time choosing randomly
a set of 5 indices that is distinct from the sets of the previous runs of the algorithm.
Finally, the recognition accuracy of the algorithm is obtained as the average of the

recognition accuracies derived from the 50 runs.

Tables 3.3 and 3.4 give, respectively, the performance of the r2DPCA, FM-
r2DPCA, (2D)*PCA and FM-(2D)*PCA algorithms in terms of the recognition accuracy
using the Frobenius and Yang distance metrics for classification. The first column in

these tables gives the name of the algorithm along with the size of the feature matrix.
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Table 3.3: Recognition accuracy in percentage of the various algorithms using the
Frobenius distance as the metric for classification.

Recognition accuracy

Number of principal component vectors (B)
Algorithm

3 4 5 6 7 8 9 10

2DPCA

(112 x B) 95.1 | 953 | 95.0 [ 95.095.0| 95.094.8| 95.0

FM-r2DPCA

(112 x B) 97.2 | 97.5 | 98.0 [ 97.8/98.0 | 97.898.0 | 97.9

(2D)*PCA

(21 X B) 949 | 95.0 | 953 | 95.095.1| 95.0|95.0 95.2

FM-(2D)’PCA

(21 x B) 97.9 | 98.1 | 98.2 | 98.1 | 98.2 | 98.1 | 98.1 98.2

(2D)*PCA

(23 xB) 952 | 953 | 953 | 9521952 | 952 95.1 95.2

FM-(2D)*PCA

(23 X B) 98.3 | 98.2 | 98.3 | 98.3 | 98.2 | 98.2 | 98.2 98.2

(2D)*PCA

(25 % B) 952 | 95.0 | 95.1 | 95.0 [ 95.1| 95.0| 95.0 95.0

FM-(2D)’PCA

(25 X B) 98.1 | 98.2 | 98.2 [ 98.0 | 98.1 | 98.0 | 98.1 | 98.0
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Table 3.4: Recognition accuracy in percentage of the various algorithms using the Yang
distance as the metric for classification.

Recognition accuracy

Number of principal component vectors (B)

Algorithm

r2DPCA

(112 x B) 96.0 | 96.0 |95.8 95.71 954 | 952 95.6 | 95.5

FM-r2DPCA

(112 x B) 97.3 | 98.0 98.5 98.4 | 98.4 | 98.4 | 98.3 | 98.5

(2D)*PCA

(21 X B) 95.5195.7 95.8 | 95.7| 95.6 | 953 | 95.7| 95.5

FM-(2D)’PCA

(21 x B) 97.6 | 98.8 |98.9 98.8 | 98.7 | 98.7 | 98.8 | 98.7

(2D)*PCA

(23 xB) 96.0 | 96.5 96.4 | 95.7| 95.5| 953 | 95.6 | 95.6

FM-(2D)*PCA

(23 x B) 98.1 | 98.9 98.8 | 98.9| 98.9 | 98.8 | 98.8 | 98.8

(2D)*PCA

(25 % B) 96.0 | 96.0 96.0 | 95.7| 95.5] 953 | 95.7| 95.5

FM-(2D)’PCA

(25 X B) 97.3 | 98.8 | 98.8 | 98.8 | 98.8 | 98.6 | 98.7 | 98.7
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It is seen from these tables that, as expected, the FM-r2DPCA and FM-(2D)’PCA
algorithms provide higher recognition accuracies compared to that provided by r2DPCA
and (2D)’PCA, respectively, regardless of whether the Frobenius or the Yang distance is
used as the metric. It is to be noted that even though the recognition accuracies of
r2DPCA and (2D)’PCA are about the same, the application of FM on (2D)*PCA results
in better accuracies than when applied on r2DPCA. The results for 2DPCA and FM-
r2DPCA as well as for (2D)’PCA and FM-(2D)*PCA, when the number of rows in the
resulting feature matrix is 23, are also illustrated in Figs. 3.6 and 3.7 for the two metrics.
It is to be pointed out that the FM-(2D)’PCA algorithm provides the best recognition

accuracy amongst all the PCA algorithms considered.

Recognition accuracy
(o)
(o)}

3 4 5 6 7 8 9 10
Number of principal component vectors

—4—r2DPCA —@—FM- r2DPCA
—de=(2D)?PCA 23x- m3mFM-(2D)?PCA 23x-

Fig.3.6: Recognition accuracy for the r2DPCA, FM-r2DPCA, (2D)*PCA and FM-
(2D)’PCA algorithms using the Frobenius distance for classification.
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Fig.3.7: Recognition accuracy for the r2DPCA, FM-r2DPCA, (2D)*PCA and FM-
(2D)’PCA algorithms using the Yang distance for classification.

We now consider the time complexities for the 2DPCA, FM-r2DPCA, (2D)*PCA
and FM-(2D)’PCA algorithms using the Frobenius and Yang distance metrics for
classification and the results are given in Tables 3.5 and 3.6, respectively. In these tables,
the execution times for data acquisition, feature extraction (consisting of transformation

matrix extraction and transformation) and classification, as well as the total time for each
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algorithm are given. Each algorithm is executed 10 times and this number can be
considered sufficient to compute the time complexity, since the algorithms are not data
dependent for a fixed image size. It is seen from these tables that, as expected, the time
complexities of FM-r2DPCA and FM-(2D)’PCA are higher than that of their spatial
domain counterparts. However, these complexities are much lower than that of FM-PCA,
as seen from Table 3.2. Further, between the two algorithms, FM-(2D)*PCA has a lower
time complexity than that of FM-r2DPCA in view of the much smaller size feature matrix
of the former. Thus, FM-(2D)*PCA not only provides the highest recognition accuracy
amongst all the PCA algorithms considered, but also has the lowest time complexity

amongst all the Fourier magnitude PCA algorithms.

3.5 Summary

In this chapter, a comprehensive simulation study of the classical PCA algorithm
and the FM-PCA algorithm, wherein the Fourier magnitudes of the pixel values rather
than the raw pixel values are used, has been first undertaken. This study has confirmed
that the use of Fourier magnitudes improves substantially the recognition performance of
the PCA algorithm, but at the expense of an increased time complexity. This observation
coupled with the fact that the two-dimensional extensions of the PCA algorithm provide
higher accuracies with lower complexities as compared to PCA, has motivated us to
apply the concept of Fourier magnitudes to two 2DPCA algorithms. Using this concept,
two new Fourier magnitude based 2DPCA algorithms, FM-r2DPCA and FM-(2D)’PCA,

have been developed. Next, extensive simulations of r2DPCA, (2D)2PCA, FM-r2DPCA
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Table 3.5: Time complexity in seconds of the r2DPCA, FM- r2DPCA, (2D)*PCA and
FM-(2D)*PCA algorithms using the Frobenius distance as the metric.

Time (5)
Algorithm and Data Feature extraction
size of feature | acquisition | Transfer
matrix exrg'ztcl;ii’(‘)n Transformation Classification Total
r2DPCA
(112 x 4) 0.429 0.052 0.018 0.301 0.800
(112 x 5) 0.429 0.052 0.019 0.347 0.847
FM-r2DPCA
(112 x 4) 1.132 0.052 0.018 0.301 1.503
(112 x 5) 1.132 0.052 0.019 0.347 1.550
(2D)’PCA
(21 x 4) 0.429 0.081 0.024 0.053 0.587
(21 x 5) 0.429 0.081 0.024 0.058 0.592
FM-(2D)’PCA
21x 4) 1.132 0.081 0.024 0.053 1.290
(21 x5) 1.132 0.081 0.024 0.058 1.295
(2D)’PCA
(23 x 4) 0.429 0.081 0.024 0.054 0.588
(23 x5) 0.429 0.081 0.025 0.058 0.593
FM-(2D)*PCA
(23 x4) 1.132 0.081 0.024 0.054 1.291
(23 x5) 1.132 0.081 0.025 0.058 1.296
(2D)’PCA
(25 x 4) 0.429 0.081 0.025 0.055 0.590
(25 x5) 0.429 0.081 0.026 0.060 0.596
FM-(2D)’PCA
(25 %X 4) 1.132 0.081 0.025 0.055 1.293
(25 x 5) 1.132 0.081 0.026 0.060 1.299
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Table 3.6: Time complexity in seconds of the r2DPCA, FM- r2DPCA, (2D)*PCA and
FM-(2D)’PCA algorithms using the Yang distance as the metric.

Time (5)
Feature extraction
Algorithm and Data Transfer
size of feature | acquisition matrix
matrix extraction | Transformation | Classification Total
r2DPCA
(112 x 4) 0.429 0.052 0.018 0.308 0.807
(112 x 5) 0.429 0.052 0.019 0.354 0.854
FM-r2DPCA
(112 x 4) 1.132 0.052 0.018 0.308 1.510
(112 x 5) 1.132 0.052 0.019 0.354 1.557
(2D)’PCA
(21 x 4) 0.429 0.081 0.024 0.055 0.589
(21 x 5) 0.429 0.081 0.024 0.061 0.595
FM-(2D)’PCA
21x 4) 1.132 0.081 0.024 0.055 1.292
(21 x5) 1.132 0.081 0.024 0.061 1.298
(2D)’PCA
(23 x 4) 0.429 0.081 0.024 0.057 0.591
(23 x5) 0.429 0.081 0.025 0.062 0.597
FM-(2D)’PCA
(23 x4) 1.132 0.081 0.024 0.057 1.294
(23 x5) 1.132 0.081 0.025 0.062 1.300
(2D)’PCA
(25 x 4) 0.429 0.081 0.025 0.059 0.594
(25 x5) 0.429 0.081 0.026 0.064 0.600
FM-(2D)’PCA
(25 x 4) 1.132 0.081 0.025 0.059 1.297
(25 x 5) 1.132 0.081 0.026 0.064 1.303
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and FM-(2D)’PCA have been carried out showing the effectiveness of applying the FM
approach to the two-dimensional PCA algorithms in improving their recognition
accuracy. Further, the simulation results have also shown that the time complexities of
the two proposed algorithms are also lower than that of FM-PCA. Finally, it is pointed
out that the FM-(2D)*PCA provides the highest recognition accuracy amongst all the
PCA algorithms considered, whether they be 1-D, 2-D, spatial domain or Fourier domain,;
further, it has the lowest time complexity amongst all the Fourier magnitude PCA

algorithms.
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CHAPTER 4

Reduced Time Complexity
Fourier-Magnitude 2DPCA
Algorithms

4.1 Introduction

The approach of using Fourier magnitudes rather than the raw pixel values of an
image in 2DPCA algorithms, presented in the previous chapter, substantially improves
the recognition accuracies, but this improvement is obtained at the cost of increased time
complexity. Since the Fourier magnitudes possess energy compaction property, in this
chapter we propose to reduce the time complexity of the Fourier-magnitude 2DPCA

algorithms by discarding the high frequency Fourier magnitude coefficients.

4.2 Lowpass Fourier-Magnitude 2DPCA Algorithms

In order to reduce the time complexity of the FM-r2DPCA and FM-(2D)’PCA

algorithms, we propose to use the DFT’s energy compaction property, i.e., the property

49



that most of the energy of practical signals lies in the low frequency band. Fig. 4.1(a)
shows an original image from the ORL database and Fig. 4.1(b) its Fourier magnitude. It
is seen from Fig. 4.1(b) that almost all of the Fourier coefficients with high energy are
located at the corners, when the coefficients are not centered. Thus, only these Fourier
magnitude coefficients, which contain most of the signal energy, can be used to perform
the principal component analysis without any appreciable loss in the recognition
accuracy. Fig. 4.2 shows how a reduced-size data set is obtained by cropping only a
certain number of Fourier magnitude coefficients located at the corners of the complete

Fourier magnitude spectrum. It is seen from this figure that the dataset on which the

principal component analysis has to be performed gets reduced from M X N to T X .

In the following subsections, we present PCA algorithms based on this new data
set, which we will refer to as the lowpass Fourier-magnitude row-directional 2DPCA
(LPFM-12DPCA) and lowpass Fourier-magnitude two-directional 2DPCA (LPFM-

(2D)*PCA) algorithms.

() (b)

Fig. 4.1: (a) A face image from ORL database and (b) its Fourier magnitude spectrum.
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/2 I.

Fig.4.2: How to obtain the new form of the sample using its Fourier magnitudes.

4.2.1 Lowpass Fourier-Magnitude r2DPCA

The Fourier magnitudes for a training or a test image are computed first using

(3.2). The magnitudes of the Fourier coefficients for the i*" training image and a test

image are represented as M X N matrices given by Igz,, = [Ilg;)/,(u, U)]MxN and

Il(vl;;st) - [Igsst) (u, v)]MXN, respectively. Let IE?FM and I,(;f;;; represent, respectively,

the cropped versions of I 1(;1?/1 and I 1(:1;“) , obtained by retaining only the high energy
coefficients of the Fourier magnitudes, as explained previously. The new row-directional
covariance matrix Cypry—r2ppca 1S computed as
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1 . _ . _
CLPFM—rZDPCA = E F:l(ll(,l[))FM - ILPFM)T(IL(BFM - lLPFM) (41)

where I, ppy is the matrix in which each entry is the average of the corresponding entries

in the matrices I O

prm - L =12,..,K, and is given by

—_ 1 5
Inprm = EZ¥=1 I[(.lleM (4-2)

The eigenvalues and eigenvectors of Crprym_r2ppca are then computed. Next, the
eigenvectors are normalized and arranged in descending order of the corresponding

eigenvalues. Then, the row-directional transformation matrix
XLPFM = [XLPFM1XLPFMZ XLPFMﬁ:l is obtained USing a sufficient number of the

eigenvectors of Cyprm—r2zpPca -

The feature matrices for the i training sample and the test sample are,

respectively, given by

Z[(.lleM = Il(.lleMXLPFM (4.3)

and

test test
Zﬁﬁé\i = II(,;:w)lXLPFM (4.4)

For the classification module of the LPFM-r2DPCA algorithm, the Frobenius or
the Yang distance metric, given by (2.22) and (2.23), can be used. The distance between

the feature matrix of a test sample and that of each of the training samples is obtained.
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Then, the subject of the training sample, whose feature matrix has the shortest distance
from the feature matrix of the test sample, is assigned as the subject of the test image. A

summary of the LPFM-r2DPCA algorithm is given in Fig. 4.3.

Training images

Obtain Compute the average of] ; .
| Low-p pute g Compute the covariance matrix;
ow-Pass the training samples: | | -
Fourier K B 1 o) ()
magnitudes I _ l I(i) CrpFM-r2DPCA = EZ(ILPFM — ILpem) (ILPFM — ILpem)
of training LPEM| = LPFM o1
| |images. i=1 @
I(i) Compute the eigenvectors of Cyppm_r2ppca- Then, normalize and arrange the
LPFM

eigenvectors in a sequence XLPFMi, j=1,2,...,K, corresponding to the decreasing

values of their eigenvalues. So, the data is compressed by using a transformation

matrix constructed using sufficient number of meaningful normalized

eigenvectors of Coppm—r2ppca S Xippm = [XLPFM 1XLPFM3 -+ XLPFMB]'

L 2

j Obtain the feature matrix of the it" training image IS@FM by

projecting it onto the transformation matrix as

Zl(..lleM = [ZLPFM gl)ZLPFMg) ZLPFM g) S ll(‘lleMXLPFM

Test image \/

Obtain
Low-pass

Obtain the feature matrix of a test image 1{‘;;3 by projecting

Fourier . . . (test) (test)
magnitudes it onto the transformation matrix as Z;pgy = I ppw Xpem-

I(test)
Lpr ey . 4

Obtain the Frobenius distance or Yang distance between a test image feature matrix and each training

image feature matrix using, respectively, (2.22) or (2.23). Next, classify the test image to the class of the

training image having the feature matrix closest to that of the test image.

Fig.4.3: Summary of the LPFM-r2DPCA algorithm.
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4.2.2 Lowpass Fourier-Magnitude (2D)2PCA

As in the case of the LPFM-r2DPCA algorithm, the row-directional covariance

matrix Cppry—r2ppca 1S first obtained using (4.1) and its column-directional counterpart

is then computed as

1 . _ . _
CLPFM—CZDPCA = EZF:l(I[(BFM - ILPFM)(IL(BFM - lLPFM)T (45)

The eigenvalues and eigenvectors of Ciprym—r2ppca a0d Crprm—c2ppca are then
computed. The eigenvectors of each of the two covariance matrices are normalized and

arranged in descending order of the corresponding eigenvalues. The row-directional and
column-directional transformation matrices Xjppy = [X LPFM1XLPFMy - XLPFM ﬁ] and

Yiprm = [YLPFMIYLPFMZ ...YLPFMa] are obtained using sufficient numbers of the

eigenvectors of Cypgm—rzppca and Cprprm—c2pPCa, reSpectively.

The feature matrices for the i” training sample and the test sample are,

respectively, given by

Z{opm = Yiorml pmXLpem (4.6)
and
test test
Zl(,:lfl\z = YITPFMII(,::N)[XLPFMX 4.7)
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For classification, we again employ the Frobenius as well as the Yang distance
metrics given by (2.22) and (2.23), respectively. The distance between the feature matrix
of a test sample and that of each of the training samples is obtained. Then, the subject of
the training sample, whose feature matrix has the shortest distance from the feature
matrix of the test sample, is assigned as the subject of the test image. A summary of the

LPFM-(2D)*PCA algorithm is given in Fig.4.4.

T r alnlng im ag es Compute the covariance matrices;
Compute the 1 = .
e average of the LPFM-r2DPCA = veem — fLpm) - Uppem — Ipem
1 o training samples: i=1
oun.er K $ K
magnitude 1 @) C _ l ([(i) _ I—) (I(i) _ l—)T
sof Igm = I I LPFM-c2DPCA = veem — ALpem) Upprm — lipem
training i=1 i=1
images. {}
(@ Compute the eigenvectors of Cyppm—c2ppca @nd Cpm—r2ppca- Then, normalize
LPFM and arrange the eigenvectors in a sequence YLPFM]. and X, LPFM j» j=12,..,K,
corresponding to the decreasing values of their eigenvalues. Then, obtain the
transformation matrices Y ppy and X;ppyusing sufficient number of
normalized eigenvectors of Cippm—czppca and  Cippm—r2ppca S
Yiprm = [YLPFM1YLPFM2 ---YLPFM,,] and Xpppy = [XLPFMIXLPFMZ "'XLPFMB]
=
j Obtain the feature matrix of the i training image 19 as
H @
Zipem = YipemIiprmXiprm
Test image A4 , ,
o Compute the feature matrix the test image I*¢s9) by
tain
Low- Lo . .
\ F;’j;‘;’f ¥ projecting it onto the transformation matrix as
magnitudes
(test) _ (test)
[Sf:;z Zippm = YiremliprmXipem \/
Obtain the Frobenius distance or Yang distance between a test image feature matrix and each training
image feature matrix using, respectively, (2.22) or (2.23). Next, classify the test image to the class of the
training image having the feature matrix closest to that of the test image.

Fig.4.4: Summary of the LPFM-(2D)*PCA algorithm.
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4.3 Experimental Results

In this section, detailed simulation results for the LPFM-r2DPCA and LPFM-
(2D)*PCA algorithms are provided and the results compared with those of FM-r2DPCA
and FM-(2D)’PCA, in terms of the recognition accuracy and the computational
complexity. In order to obtain the simulation results, the hardware and software platforms
described in Section 3.2.2 are utilized. In order to determine a suitable value for the
cropping parameter T (see Fig. 4.2), extensive experiments were carried out to find the
energy content of the cropped magnitude spectrum of the images in the ORL database for
various values of 7. From these experiments it was found that, on an average, 99% of the
energy of the original image is contained in the first 26 X 26 lowpass coefficients of the
magnitude spectrum of the image. In view of this, T = 26 1is used in all the simulations
performed to determine the recognition accuracy and the time complexity of the two

algorithms proposed in this chapter.

As mentioned earlier, we assign indices 1 to 10 for each subject in the ORL
database starting with the left most image to the right most image (see Fig. 3.2). A set of
5 indices are chosen randomly and the five images in each subject corresponding to these
indices are chosen as the training images (thus, constituting a total of 200 training
images) to train a given algorithm. For each of the training image, the corresponding
feature matrix is obtained. For a given test image, the Frobenius or the Yang distance
between the feature matrix of the test image and that of each of the 200 feature matrices

of the training images is obtained and the one with the closest distance chosen to
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determine the class of the test image under consideration. This is repeated for each of the
200 test images. The above procedure is repeated, each time choosing randomly a set of 5
indices that is distinct from the sets of the previous runs of the algorithm. Finally, the
recognition accuracy of the algorithm is obtained as the average of the recognition

accuracies derived from 50 runs.

Tables 4.1 and 4.2 give the recognition accuracies of the FM-r2DPCA and LPFM-

r2DPCA algorithms using, respectively, the Frobenius and Yang distance metrics.

Table 4.1: Recognition accuracy in percentage of the FM-r2DPCA and LFPM-r2DPCA
algorithms using the Frobenius distance as the metric for classification.

Recognition accuracy

Algorithm and
size of feature Number of principal component vectors ()
matrix
3 4 5 6 7 8 9 10
FM-r2DPCA

(112 x B) 9721 97.5| 980 |97.8198.0] 97.8198.0| 97.9

LPFM-r2DPCA
(24 X B) 97.0( 97.4| 98.0|97.8|98.0| 979|978 | 97.7

LPFM-r2DPCA
(26 X B) 97.1| 97.6 | 98.0 | 98.0 | 98.0 | 97.8|98.0| 97.9

LPFM-r2DPCA
(28 X PB) 9721974 | 98.1 |98.0]|98.0| 98.0|98.0| 98.1
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Table 4.2: Recognition accuracy in percentage of the FM-r2DPCA and LFPM-r2DPCA
algorithms using the Yang distance as the metric for classification.

Recognition accuracy

Algorithm and
size of feature Number of principal component vectors (f3)
matrix
3 4 5 6 7 8 9 10
FM-r2DPCA

(112 x B) 97.3198.0 |98.5 | 98.4|984 | 98.4|983| 98.5

LPFM-r2DPCA
(24 xB) 97.1| 979 | 983|983|984 | 983|983 | 983

LPFM-r2DPCA
(26 X B) 97.4 1 98.0 | 98.3 | 98.5|98.4| 98.4 | 98.4| 985

LPFM-r2DPCA
(28 X B) 97.4198.1 | 985 | 985|985 | 98.4 985 | 984

It is seen from these tables that, when t = 26, the LPFM-r2DPCA algorithm provides
about the same recognition accuracy compared to that provided by FM-r2DPCA,
regardless of whether the Frobenius or the Yang distance is used as the metric. It is also
seen that the accuracy is reduced when 7 is decreased to 24, whereas it is not improved if
7T increased to 28, showing that the choice of 7 = 26 is most appropriate from the point
of view of accuracy. Therefore, only 676 lowpass Fourier-magnitude coefficients are

used for feature extraction rather than 10304 coefficients.
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For the purpose of determining the time complexity, the two algorithms are
executed 10 times and the average time taken. The time complexities for the FM-
r2DPCA and LPFM-r2DPCA algorithms using the Frobenius and Yang distance metrics
for classification and the results are given in Tables 4.3 and 4.4, respectively. It is seen
from these tables that, as expected, the time complexity of LPFM-r2DPCA is
significantly smaller than that of FM-r2DPCA, whether the Frobenius or Yang distance is
used for classification and the complexity increases with increasing value of . This fact
coupled with our earlier observation regarding accuracy, it is seen that there is a

reduction of at least 36% in time complexity with little loss in the accuracy for t = 26.

Table 4.3: Time complexity in seconds of the FM-r2DPCA and LPFM-r2DPCA
algorithms using the Frobenius distance as the metric.

Time (s)
Algorithm and Feature extraction
size of feature Data
Transfer
matrix acquisition .
matrix
extraction | Transformation | Classification Total
FM-r2DPCA
(112 x 5) 1.132 0.052 0.019 0.347 1.550

LPFM-r2DPCA
(24 x 5) 0.880 0.010 0.005 0.061 0.956

LPFM-r2DPCA

(26 X 5) 0.882 0.010 0.005 0.065 0.962

LPFM-r2DPCA
(28 X 5) 0.885 0.010 0.005 0.067 0.967
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Table 4.4: Time complexity in seconds of the FM-r2DPCA and LPFM-r2DPCA
algorithms using the Yang distance as the metric.

Time (5)
Algorithm and Feature extraction
size of feature Data
Transfer
matrix acquisition .
matrix
extraction | Transformation | Classification Total
FM-r2DPCA
(112 x 5) 1.132 0.052 0.019 0.354 1.557

LPFM-r2DPCA
(24 X 5) 0.880 0.010 0.005 0.069 0.964

LPFM-r2DPCA
(26 X 5) 0.882 0.010 0.005 0.080 0.977

LPFM-r2DPCA
(28 X 5) 0.885 0.010 0.005 0.084 0.984

Tables 4.5 and 4.6 give the recognition accuracies of the FM-(2D)’PCA and
LPFM-(2D)*PCA algorithms using, respectively, the Frobenius and Yang distance
metrics. Tables 4.7 and 4.8 give time complexities for the algorithms corresponding to
the two metrics. It is seen from these tables that, as in the case of LPFM-r2DPCA, the
recognition accuracy of LPFM-(2D)’PCA remains about the same as that of FM-
(2D)*PCA when T = 26, with a reduction in time complexity of about 25.5%. When 7 is
decreased to 24, the time complexity is slightly reduced, but with a lower recognition
accuracy. On the other hand, when 7 is increased to 28, the time complexity is increased

with little gain in recognition accuracy.
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Table 4.5: Recognition accuracy in percentage of the FM-(2D)’PCA and
LPFM-(2D)*PCA algorithms using the Frobenius distance as the metric for classification.

Algorithm, data size and size of

feature matrix

Recognition accuracy

Number of principal component vectors (f3)

3 4 5 6 | 7| 8| 9 |10
FM-(2D)*PCA
(23 X B) 98.3 | 98.2 | 98.3 [ 98.3|98.2(98.2(98.298.2
LPFM-(2D)*PCA (1 = 24)
(23 X B) 97.9| 98.0| 98.0 | 98.0|98.0 | 98.0 | 98.1 | 98.1
LPFM-(2D)*PCA (T = 26)
(23 x B) 98.3 | 98.3 | 98.2 | 98.3 | 98.3 | 98.1 | 98.2 | 98.0
LPFM-(2D)*PCA (t = 28)
(23 X B) 98.3 | 98.3 | 98.3 | 98.3|98.3|98.2|98.298.3

Table 4.6: Recognition accuracy in percentage of the FM-(2D)’PCA and
LPFM-(2D)*PCA algorithms using the Yang distance as the metric for classification.

Algorithm, data size and size of

Recognition accuracy

Number of principal component vectors (f3)

feature matrix 3 4 5 6 7 8 9 10
FM-(2D)*PCA
(23 x B) 98.1 | 98.9 | 98.8 [98.9|98.9|98.8 |98.8|98.8
LPFM-(2D)*PCA (1 = 24)
(23 x B) 98.2 | 98.2| 98.4|98.3|98.2|98.5|98.5|98.6
LPFM-(2D)*PCA (T = 26)
(23 x B) 98.2 | 98.7 | 98.6 | 98.8 | 98.9 | 98.7 | 98.8 | 98.7
LPFM-(2D)*PCA (t = 28)
(23 x B) 98.2 | 98.9 | 98.9 [98.9 | 98.8|98.8|98.998.7
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Table 4.7: Time complexity in seconds of the FM-(2D)*PCA and
LPFM-(2D)*PCA algorithms using the Frobenius distance as the metric.

Time (s)
Feature extraction
Algorithm and size of Transfer
feature matrix Data matrix
acquisition | extraction | Transformation | Classification | Total
FM-(2D)*PCA
(23 x PB) 1.132 0.081 0.025 0.058 1.296
LPFM-(2D)*PCA
(t =24) (23 xP) 0.880 0.012 0.007 0.058 0.957
LPFM-(2D)*PCA
(t=26)(23xPB) 0.882 0.013 0.007 0.058 0.960
LPFM-(2D)*PCA
(t = 28) (23 x B) 0.885 0.013 0.007 0.058 0.963
Table 4.8: Time complexity in seconds of the FM-(2D)*PCA and
LPFM-(2D)*PCA algorithms using the Yang distance as the metric.
Time (s)
Feature extraction
Algorithm and size of Transfer
feature matrix Data matrix
acquisition | extraction | Transformation | Classification | Total
FM-(2D)*PCA
(23 X PB) 1.132 0.081 0.025 0.062 1.300
LPFM-(2D)*PCA
(t = 24) (23 x B) 0.880 0.012 0.007 0.062 0.961
LPFM-(2D)’PCA
(t =26) (23 x B) 0.882 0.013 0.007 0.062 0.964
LPFM-(2D)*PCA
(t =28) (23 X P) 0.885 0.013 0.007 0.062 0.967
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In conclusion, the simulation results show that the LPFM approach for both the
r2DPCA and (2D)’PCA algorithms can provide more or less the same recognition
accuracy as compared to that provided by FM-r2DPCA and FM-(2D)*PCA, respectively,
but at a substantially reduced time complexity. It is further noted that the Yang distance
metric gives better recognition accuracy than that using the Frobenius distance metric,
with about the same time complexity. This result is consistent with our findings in

Chapter 3 as well as that reported in [19].

4.4 Summary

In this chapter, using the energy compaction property of Fourier magnitudes, FM-
r2DPCA and FM-(2D)*PCA algorithms proposed in Chapter 3 are further developed to
reduce their time complexities without an appreciable loss in the recognition accuracy.
Towards this goal, a new dataset containing an appropriate number of lowpass Fourier
magnitudes is first obtained. Based on extensive experiments, it was established that, on
an average, 99% of the energy of the original image is contained in the first 26 X 26

lowpass coefficients of the images in the ORL database.

Next, extensive simulations of LPFM-r2DPCA and LPFM-(2D)’PCA have been
carried out showing the effectiveness of these algorithms over the FM-r2DPCA and FM-

(2D)’PCA algorithms in substantially reducing the time complexity with little loss in the
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recognition accuracy. The simulation results have also shown that LPFM-(2D)*PCA has

the lowest time complexity amongst all these algorithms.
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Chapter 5

Conclusion and Future Work

5.1 Concluding Remarks

Human identification systems are becoming increasingly popular in view of their
importance of security, law-enforcement and identity verification. For human
identification, specific information, such as that contained in fingerprint, palmprint,
signature, voice, iris, DNA and face, is used. Face recognition is one of the most popular
techniques used for human identification and has led to the development of fast and
highly accurate algorithms. In practice, face recognition systems need to work on very

large size of datasets obtained under various challenging conditions.

Principal component analysis (PCA) is a widely used technique for face
recognition. However, it has major drawbacks of losing image details, having a large time
complexity and suffering from the adverse effect of intra-class pose variations resulting
in reduced recognition accuracy. To overcome the problem of intra-class pose variations,
Fourier magnitudes have been used for feature extraction in the PCA algorithm giving

rise to the so-called FM-PCA algorithm. However, the time complexity of this algorithm
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is even higher. On the other hand, to address the other two drawbacks of the PCA

algorithm, two-dimensional PCA (2DPCA) algorithms have been proposed.

In this thesis, incorporating the advantages of FM-PCA in improving the
recognition accuracy and that of 2DPCA algorithms in improving the accuracy as well as
the time complexity, new algorithms have been proposed. Then, the proposed algorithms
have been further investigated in view of the energy compaction property of the Fourier

magnitudes of the image pixels.

In Chapter 3, two-dimensional PCA algorithms, that utilize the Fourier
magnitudes for feature extraction and incorporate the advantages of the FM-PCA and
two-dimensional PCA algorithms, have been developed [30]. Extensive simulations have
been conducted using the Olivetti Research Laboratory (ORL) face database, a
benchmark database in the literature, in which the intra-class pose variations are
substantial. Simulation results have shown that applying the Fourier magnitude concept
on the two-dimensional PCA algorithms results in improving their recognition accuracy.
It has also been shown that the new algorithms have higher recognition accuracy and

lower time complexity as compared to FM-PCA.

In Chapter 4, by taking advantage of the energy compaction property of the
Fourier transform, the algorithms proposed in Chapter 3 have been further investigated to
develop new algorithms that significantly reduce the computational complexities with
little loss in the recognition accuracy [31]. This has been achieved by utilizing only a
small fraction of the lowpass Fourier-magnitude coefficients of image data rather than all

the coefficients for feature extraction. Extensive experiments have been conducted to
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demonstrate the effectiveness of these algorithms in terms of their recognition accuracy

and time complexity.

In conclusion, this study has demonstrated the effectiveness of using Fourier
magnitudes rather than the raw pixel values in two-dimensional PCA algorithms in
substantially improving their recognition accuracy. Further, it has also been demonstrated
that the use of the energy compaction property of practical signals can significantly
reduce the time complexity of the Fourier magnitude versions of two-dimensional

algorithms with little loss in their recognition accuracy.

5.2 Future Work

The concept of using the Fourier magnitudes rather than the raw pixel values in
conjunction with the utilization of the energy compaction property can also be applied to
two-dimensional linear discriminant analysis algorithms. It can also be applied in
developing algorithms for palmprint and fingerprint recognition problems, as well as for

recognition problems using fused biometric data.
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