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Abstract: - Feature extraction is one of the most important steps in image pattern recognition. Some sources of difficulty are the
presence of irrelevant information and the relativity of a feature set to a particular application. Feature extraction and description
are essential components of various computer vision applications. The concept of feature extraction and description refers to the
process of identifying points in an image (interesting points) that can be used to describe the image’s contents. The One major goal
of feature extraction is to increase the accuracy of learned models by compactly extracting prominent features from the input data,
while also possibly removing noise and redundancy from the input. Additional objectives include low-dimensional representations
for data imagining and compression for the purpose of reducing data storage requirements as well as increasing training and
implication speed. The aim of this paper is to report the result analysis of the most popular feature extraction techniques PCA and
LDA using MATLAB to extract face features which are generally used in human recognition.
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I. INTRODUCTION

Feature extraction is playing a vital role in image pattern
recognition applications. The aim of feature extraction is
to find the most pertinent data from the original data and
represent that data in low dimensional space [1]. When the
input data to the algorithm is very large and redundant
then the input data to be transformed into reduced set of
features. The process of transforming the input data into a
reduced set of features is called feature extraction. Feature
extraction has been given as extracting from the raw data
information that is most suitable for classification purpose.
Thus, selection of a suitable feature extraction technique
according to the input to be applied need to be done with
utmost care. Taking into consideration all these factors, it
becomes essential to look at the various available
techniques for feature extraction in a given domain,
covering vast possibilities of cases. The efficiency of
feature extraction method enhances the further processing
of an image to a great extent. Face recognition is an
integral part of biometrics. In biometrics basic traits of
human is matched to the existing data and depending on
result of matching recognition of a human being is traced.
In Face Recognition, the very first step is to reduce the
dimensionality of the original face space with respect to a
certain criterion. Because of the huge dimensionality of a
face image, it may contain redundant or noisy information,
and its processing requires a high computational cost. A

feature reduction is performed by applying some standard
algorithms of pattern recognition. Face recognition
algorithms are used in a wide range of applications viz.,
security control, crime investigation, and entrance control
in buildings, access control at automatic teller machines,
passport verification, identifying the faces in a given
databases [2], [3]. This paper discusses the experimental
performance analysis of feature extraction techniques PCA
& LDA for appearance based face recognition on small
training data set. The result obtained showed that PCA
outperforms LDA for small training database.

Il FEATUE EXTRACTION TECHNIQUES
PRINCIPAL COMPONENT ANALYSIS (PCA)

The main aim of a Principal Component Analysis [4] [5]
[6] is finding the directions of maximum variance in high-
dimensional (n) dataset and project it onto a smaller
dimensional subspace while retaining most of the
information. In other words, it is a procedure that uses an
orthogonal transformation to convert a set of possibly M
correlated variables into a set of K uncorrelated variables
are called as principal components / eigen vectors ( K <
M). The flowchart of Principal Component Analysis is
given in figure 1.

Principal Component Analysis Algorithm

Inputs : a set of images visualized as a set of coordinates
in a in high-dimensional(n) dataset.
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Outputs : produces a lower dimensional picture a shadow
(eigen images) of given m images when viewed from its
most informative points.
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Figure L Flowchart of Principal Component Analysis

Steps :

1. Convert each m input images ( 11,12,...,Im) of size
N X N into N X 1 one dimensional column vectors  (I1,
I2...,Im)

2. Normalize N X 1 column vector. It means that the all
the common features from each M images are removed so
that each image has only unique features.

i. Calculate an average/mean image vector (V)

ii. Subtract the average/mean image vector (V) from each
M one dimensional column vectors T (i.e.) Normalized
Image Vectors @i=Ii—¥
3.Calculate K significant Eigen Vectors (principal
components/axes) and eigen values (variance) from a
covariance with reduced dimensionality
Eigen vectors => Determines the direction of the new
feature space
Eigen Values => Determines the magnitude / variance of
the data along the new feature space
Calculate the Covariance matrix C = ATA
where A = [01, 92, @3,..., OM]

Dimension of A=N2 M & AT = M N2

Hence C = (MN2) (N2 M) => (M M)

ii) Generate M eigen vectors (Principal Components)

4. Select K best Eigen Vectors K <M

5. Convert lower dimensional K eigen vectors into
original dimensionality and do projection along these
eigen images to find new features for classification

B. LINEAR DISCRIMINANT ANALYSIS (LDA)

The goal of the Linear Discriminant Analysis technique is
to project the original data matrix onto a lower
dimensional space. The Linear discriminant analysis
technique [7] [8] [9] is developed to transform the features
into a lower dimensional space, which maximizes the ratio
of the between-class variance to the within-class variance,
thereby guaranteeing maximum class separability. To
achieve this goal, three steps to be performed.

The first step is to calculate the separability between
different classes (i.e. the distance between the means of
different classes), which is called the between-class
variance or between-class matrix. The second step is to
calculate the distance between the mean and the samples
of each class, which is called the within-class variance or
within-class matrix. The third step is to construct the lower
dimensional space which maximizes the between-class
variance and minimizes the within class variance. The
flowchart of Linear Discriminant Analysis is given in
figure 2.

Linear Discriminant Analysis Algorithm

Input : Given a data matrix N X M. Where N denotes
number of samples X = (Xg, Xz, X3, -...... xn). Each sample
Xi is represented as a vector with a length of M.
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Figure 2. Flowchart of Linear Discriminant Analysis

Output : Generates a lower dimensional picture a shadow
(fisher images) of given N images.

Steps :

1. Read N sample images. Each image is represented as a
row vector with a length of M features and form a data
matrix X with a size of N X M.

2. Partition the data matrix into c classes (ie x1, x2, ... Xxc).
Each class xj has M features. Find the mean of each class
W (1xM) using the equation

1 M
#;_H_ng:'

3. Find the total mean of all data u(1xM) using the
equation

1 4
A _C_§1#i

4. Find the within-class variance SW. It represents the
difference between the mean and the samples of that class
using the equation

Sp =33 (- )0y - Y

J=1 il
5. Find the between-class variance (SB). Represents the

difference between the mean and the samples of that class
using the equation
13

Se= > m(u,— p)(u,— p)’

i=1
6.Find the transformation matrix (W)
7. The eigenvalues (A) and eigenvectors (V) of W are then

calculated.

A=Ay, Ay A
Where the eigen values are {ll' e "‘f}

. V = -{ul:'!_:l_l:"_:l" _______ vu}
and eigen vectors are = c :

8. Sorting the eigenvectors in descending order according

to their corresponding eigenvalues. The first k

eigenvectors are then used as a lower dimensional space
¥ =XV

(V). £

9. Project all original samples (X) onto the lower
dimensional space of LDA using the equation
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Where each sample (Xi ) which was represented as a point
a M-dimensional space will be represented in a k-
dimensional space by projecting it onto the lower
dimensional space (V,) as follows, Yi = X;V.

111 FACE FEATUE EXTRACTION USING PCA FOR
RECOGNITION

| Face Database ]—Dl Training Set
Testing Set

Projection of test

< PCA or LDA feature
Image extraction

'

| Feature Vector | | Feature Vector |

I_. Euclidean Distance '_l

Classifier

'

| Decision Making |

Fiqure 3. Flowchart for PCA and LDA approach

Face recognition has a number of advantages over other
biometrics. Firstly, it is non-intrusive. While many
biometrics require the subject’s co-operation and
awareness in order to perform identification, such as
looking into an eye scanner or placing their hand on a
fingerprint reader, face recognition could be performed
even without the subject's knowledge [10]. Secondly, the
biometric data used to perform recognition is in a format
that is readable and understood by humans. The steps
involved in the face recognition system are first the system
needs to be initialized by feeding it a set of training
images of faces. This is used to define the face space of
face images. Next when a test face image is encountered,
it calculates an eigen face for it. Then it compares the test
image with known faces and using some statistical
analysis it can be determined whether the test face is
recognized or not. The flowchart to show the steps
involved in the PCA and LDA approaches for face
recognition is given in figure 3.

C. Role of PCA for Face Recognition

The main idea of using PCA for face recognition is to
express the large 1-D vector of pixels constructed from 2-
D facial image into the compact principal components of
the feature space [11] [12]. Face Images are projected into

a feature space (“Face Space”) that best encodes the
variation among known face images. The face space is
defined by the “EigenFaces”, which are the eigenvectors
of the set of faces. EigenFaces is calculated by identifying
the eigenvectors of the covariance matrix derived from a
set of facial images (vectors). Then the distance between
the test and training images are found using the distance
measures like Euclidean, Mahalanobis and Angle
Negative to find the similarity match[13] [14]. The
training image which has the maximum similarity is the
recognized face image for the given test image. The face
feature extraction and recognition using PCA is shown in
figure 4.
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Figure 4, Face feature extraction and recognition using PCA

Steps :

1. Read the test image and separate face from it.

2. Calculate the feature vector of the test face. The test
image is transformed into its eigenface components. First
we compare line of our input image with our mean image
and multiply their difference with each eigenvectors [2].

3. Each value would represent a weight and would be
saved on a vector Where, is the ith Eigenfaces and i=1, 2,
3...... K.

4. Compute the average distance (Euclidean distance)
between test feature vector and all the training feature
vectors. Mathematically, recognition is finding the
minimum Euclidean distance , between a testing point and
a training point given in the following equation Where, i =
1,2,3...... K. The Euclidean distance between two
weight vectors thus provides a measurement of similarity
between the corresponding images.

5. The face class with minimum Euclidian distance shows
similarity to test image.

D. Role of LDA for Face Recognition

Another important feature extraction technique is Linear
Discriminant Analysis (LDA) or fisherface approach,
proposed by Kriegmann et al. [15]. LDA constructs a
discriminant subspace that minimizes the scatter between
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images of same class and maximizes the scatter between
different class images. LDA is a class based approach in
which the faces of the same subjects are grouped into
separate classes and the variations between the images of
different classes are discriminated using the eigenvectors
at the same time minimizing the covariance within the
same class. These eigenvectors are called fisherfaces.
Linear Discriminant Analysis (LDA) [16], [17] finds the
vectors in the underlying space that best discriminate
among classes. Then the distance between the test and
training images are found using the distance measures like
Euclidean, Mahalanobis and Angle Negative to find the
similarity match. The training image which has the
maximum similarity is the identified face image for the
test image. The face feature extraction and recognition
using LDA is shown in figure 5.

Troining lmnges

Training Database

Clnss 1 Class n

IMAGE 1 IMAGE 1
. e .
. .

IMAGE P

Test Image
Apply

LDA C

-"\1 I:Dv Reduced | —

{Clnssmfier)

3

Mo hinich
]
(X1 s

Figure 5, Face feature extraction and recognition using LDA

LDA Timge

Steps :

1. Read N number of training images and partition them
into C classes and a test image.

2. Compute the average of images for each class as pj and
overall classes as L.

3. Find within-class variance Sy, and between class
variance Sg.

4. Find transformation matrix W using Sy, and Sg.

5. The eigen values (A) and eigenvectors (V) of W are then
calculated.

6. Sort the eigen vectors in decreasing order and select the
first K low dimensional eigen vectors.

7. Project all original samples onto the lower dimensional
space of LDA.

8. Apply the same process to compute the test image
feature vector.

9. Compute the average distance (Euclidean distance)
between test feature vector and all the training feature
vectors. The Euclidean distance between two weight
vectors thus provides a measurement of similarity between
the corresponding images.

10. The face class with minimum Euclidian distance
shows similarity to test image.

IV EXPERIMENTAL RESULTS AND DISCUSSION

We have used faces from Yale database for present work.
MATLAB 2013a is used to carry out this research work.
First of all, the image preprocessing steps are carried out
on the images for improving performance of algorithms.
Then by applying principle component analysis and linear
discriminant analysis, face recognition is done [18] [19]
[20]. Further the performance of PCA and LDA based
algorithms was evaluated with respect to face recognition
rate and dimensionality. Figure 6 shows some of the faces
from Yale database [21] [22].

Figure 6. Faces from Yale database

After applying PCA and LDA, the recognition process
gave the closest matching face from training database for
the given test image (as shown in Figure 7 and Figure 8).

| pine 3. s

Figure 7, PCA Output Figero 8.LDA Output

The results obtained shows that PCA outperforms LDA
for small training database. But for large training face
images and different training data set, LDA shows better
result than pure PCA.

VI. CONCLUSION

In this study, we have applied two most popular
appearance based face recognition methods i.e. PCA and
LDA along with image preprocessing factors on Yale
database. The Euclidean Distance based classifier was
used for both methods of face recognition systems. The
results obtained shows that PCA outperforms LDA for
small training database. But for large training face images
and different training data set, LDA shows better result
than pure PCA. It may be concluded that for some value of
dimensionality, PCA gives higher recognition rate than
LDA. In future we want to extend our work by combining
PCA and LDA for better performance. The work further
may be extended for another approach of face recognition
like Independent Component Analysis (ICA).

293



#+IFERP

connecting engineers... developing research

ISSN (Online) 2394-2320

International Journal of Engineering Research in Computer Science and Engineering

(IJERCSE)
Vol 5, Issue 3, March 2018

REFERENCES

[1] Gaurav Kumar, Pradeep Kumar Bhatia, A Detailed
Review of Feature Extraction in Image Processing
Systems, 2014 Fourth International Conference on
Advanced Computing & Communication Technologies.

[2] W. Zhao, R. Chellappa, A. Rosenfeld, and P. J.
Phillips, —Face recognition: A literature surveyl, Tech.
Rep. CAR-TR-948, CS-TR- 4167, N00014-95-1-0521,
Oct. 2000.

[3] R. Chellappa, S. Sirohey, C. L. Wilson, C. S. Barnes,
—Human and Machine Recognition of Faces: A Surveyl,
in Proc. of IEEE, vol. 83, pp. 705-740, May 1995.

[4] Turk. M, Pentland. A, Eigenfaces for recognition. J
Cognitive Neuro science, 1991; 3 (1):71-86.

[5] Lindsay I Smith, A tutorial on Principal Components
Analysis, 2002.

[6] M. Murali, Principal Component Analysis based
Feature Vector Extraction, Indian Journal of Science
and Technology, Vol 8(35), 2015.

[7] Alaa Tharwat, Tarek Gaber, Abdelhameed Ibrahim,
Aboul Ella Hassanien, Linear discriminant analysis: A
detailed Tutorial, Al Communications, 2017.

[8] H. Yu, J. Yang, "A direct Ida algorithm for high-
dimensional data with application to face recognition",
Pattern Recognit., vol. 34, pp. 2067-2070, 2001.

[9] Raj Kumar Sahu, Yash Pal Singh, Abhijit Kulshrestha
, A Comparative Study of Face Recognition System Using
PCA and LDA, International Journal of IT, Engineering
and Applied Sciences Research (IJIEASR) ISSN: 2319-
4413 Volume 2, No. 10, October 2013.

[10] M. H. Yang, "Kernel Eigenfaces vs. Kernel
Fisherfaces: Face Recognition Using Kernel Methods,"
Proc. Fifth IEEE Int'l Conf. Automatic Face and Gesture
Recognition, pp. 215-220, May 2002.

[11] Eleyan Alaa and Demirel Hasan, “PCA and LDA
based Neural Networks for Human Face Recognition”,
Face Recognitin Book, ISBN 978-3-902613-03-5, pp.558,
I-Tech, Vienna, Austria, June 2007.

[12] W. S. Yambor, —Analysis of PCA-Based and Fisher
Discriminant-Based Image Recognition Algorithmsl,

Univ.of Colorado,Computer Science Department, Tech.
Rep. CS-00-103, Jul. 2000.

[13] Kresimir Delac, Mislav Grgic and Marian Stewart
Bartlett, “Recent Advances in  Face Recognition, pp.
236, December 2008, | -Tech, Vienna, Austria.

[14] ZzWang and X.Li, Face Recognition Based on
Improved PCA Reconstruction, in Intelligent Control and
Automation (WCICA), 2010 8th World Congress on,
2010, pp. 6272-6276.

[15] P.N.Belhumeur, J.P.Hespanha and D.J.Kriegman,
“Eigenfaces vs Fisherfaces: recognition using class
specific linear projection”. TPAMI, vol.20, No.7, 1997.7

[16] J. Yang, Y. Yu, W. Kunz, —An Efficient LDA
Algorithm for Face Recognition, The 6th International
Conference on Control, Automation, Robotics and Vision
(ICARCV2000), 2000.

[17] Laurens van der Maaten, Eric Postma, and Jaap van
den Herik, ‘“Dimensionality Reduction: A Comparative
Review”, Tilburg centre for Creative Computing,
Technical Report, 2009.

[18] Sushma Niket Borade ; Ramesh P. Adgaonkar,
Comparative analysis of PCA and LDA, in Proc. of IEEE,
International Conference on Business, Engineering and
Industrial Applications (ICBEIA), 2011.

[19] J. Lu, K. N. Plataniotis, and A. N. Venetsanopoulos,
"Face Recognition Using Kernel Direct Discriminant
Analysis Algorithms,” IEEE Transactions on Neural
Networks, vol. 14, no. 1, pp. 117-126, Jan. 2003.

[20] Ravi Subban, Dattatreya Mankame, Face recognition
using PCA and LDA: Analysis and comparison, Fifth
International Conference on Advances in Recent
Technologies in Communication and Computing 2013

[21] Hyunjong Cho, Seungbin Moon, Comparison of PCA
and LDA based face recognition algorithms under
illumination variations, IEEE, ICCAS — SICE, 2009.

[22] Delac, M. Grgic, S. Grgic, Independent Comparative
Study of PCA ICA and LDA on the FERET Data Set,
International Journal of Imaging Systems and Technology,
vol. 15, no. 5, pp. 252-260, 2005.

294





