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Abstract— The security of information is becoming very significant and difficult. Face and facial feature detection plays an important role
in various applications. Face Recognition system is used in security. In the field of image analysis and computer vision, face recognition
presents a challenging problem due to distinct variation in facial expression, occlusion and illumination. A large number of face recognition
algorithms have been developed in last decades. In this paper an attempt is made to review the two techniques i.e. PCA and LDA.
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l. INTRODUCTION

To recognize individuals humans often use faces.
Early face recognition algorithms used simple
geometric models, but now the recognition process
has now matured into a science of mathematical
representations and matching processes as there is a need to
optimize both hardware and software component of a system
especially when images are involved. Therefore,
mathematically huge image database needs to be processed in
such a manner that it gives results within seconds. This can
only be achieved if some dimension reduction technique like
PCA is applied which works on a principle of variance and
linearity of data. However sometimes, data processed after
dimension reduction still needs to be supplemented with
another discriminant techniques which would help to process
the data more efficiently as well as accurately. The current
existing systems are still needs to be improved. Face
recognition can be wused for both verification and
Identification.
There are several challenges [1] associated with face and
facial feature detection due to the following factors.
a) Intensity: There are three types of intensity- color, gray,
and binary.
b) Pose: Face images vary due to the relative camera-face
pose, and some facial features such as an eye may

become partially or fully occluded.

c) Structural components: Facial features such as beards,
mustaches, and glasses may or may not be presented.

d) Image rotation: Face images directly vary by different
rotations.

e) Poor quality: Image intensity in poor-quality images,
such as blurred images, distorted images, and images
with noise.

f) Facial expression: The appearance of faces depends on
a personal facial expression.

g) Unnatural intensity: Cartoon faces and rendered faces
from 3D model have unnatural intensity.

h) Occlusion: Faces may be partially occluded by other
objects such as hand, scarf, etc.

i) Hlumination: Face images may vary due to the position
of light source.

Principal Component Analysis (PCA)

The PCA is one of the most successful techniques that
have been used in image recognition and compression
described by Turk and Pentland in 1991 [2]. It is also known
as Eigenspace Projection or Karhunen-Loeve Transformation
The purpose of PCA is to reduce the large dimensionality of
the data space (observed variables) to the smaller intrinsic
dimensionality of feature space (independent variables), which
are needed to describe the data economically, while retaining
as much as possible of the variation present in the original
dataset. This is the case when there is a strong correlation
between observed variables. The jobs which PCA can do are
prediction, redundancy removal, feature extraction, data
compression, etc.

The main purpose of using PCA for face recognition is to
construct the large 1-D vector of pixels from 2-D facial image
and express it into the compact principal components of the
feature space. This can be called eigenspace projection.
Eigenspace is calculated by identifying the eigenvectors of the
covariance matrix derived from a set of facial images
(vectors). PCA Method uses Eigenvectors and Eigenvalues for
representing face images. These Eigenvectors can be thought
of as a set of features which together characterize the variation
between face images [2]. Each image location contributes
more or less to each Eigenvector, so that we can display the
Eigenvector as a sort of ghostly face which is called as an
Eigen face.

Step 1: A set of M images (I3, I, 13...Iy) with size N*N can be

represented by column or row vector of size N?

Step 2: The average () of the training set image is defined by
=LlyM |
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Step3: Each trainee image differs from the average image by

vector (@)
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Step4: Total Scatter Matrix or Covariance Matrix is calculated

from @ as follows:
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= AAT, where A= [D,D,Ds;......D,]

Step5: Calculate the eigenvalues of the C, Ay, 2,3 ,...,An (NOt
practical since C is very large)

Step 6: Calculate eigenvectors of the C, [y 12,13 ,..., 1N

Step 7: Dimensionality Reduction step: The covariance
matrix is very large, calculation of eigenvectors takes lots of
time and increases the cost of recognition. So, another matrix
L is formed, whose size is MxM, to make the computations
mathematically manageable. So, the M eigenvalues and
eigenvectors are calculated.

L=AA

Eigenvectors of C and L are equivalent. AA" can have N?
eigenvalues and eigenvectors. A'A can have M eigenvalues
and eigenvectors.

Step 8: The magnitude of eigenvalue describes the amount of
variation contributed by an eigenface along the eigenvector
direction.

The eigenvectors are arranged in descending order with
respect to their corresponding eigenvalues and we can ignore
the components of less significance.

So, the eigenface with small eigenvalues are neglected.

Instead of using all the M numbers of the eigenfaces, M' < M
numbers of the eigenfaces is sufficient to show its effect as
maximum variance is contained in the first 5% to 10% of the
dimensions.

Step 9: To classify an image, it can be projected into this
feature space. Calculate the vectors of weights

QT: [0)1, ®o... (DM'] (4)
where o= p (1 — w)
k=12,..., M’ (5)

where M' represents not the total eigenfaces, but the ones with
greater values.
Step 10: Compute the threshold.

In Recognition Procedure, to recognize a face, subtract the
average face from it. Then, compute its projection onto the
face space. Compute the distance in the face space between
the face and all known faces. Reconstruct the face from
eigenfaces. Compute the distance between the face and its
reconstruction. If the distance between the face and its
reconstruction is larger than threshold, then it is not a face,
else if the distance in the face space between the face and all
known faces is smaller than threshold, then it’s a new face. If
the distance in the face space between the face and all known
faces is larger than threshold, then it’s a new face
There are various limitations of this technique:

Illumination conditions: performance degrades with light
changes.

Problems with eigenfaces: Different head pose, Different
alignment, Different facial expressions.

Orientation: plane rotations can be handled, out-of-plane
rotations are more difficult to handle.

Linear Discriminant Analysis (LDA)

LDA is a data separation and dimensionality reduction
technique which is used for classification problems. LDA is
also known as Fisher’s Discriminant Analysis and it searches
for those vectors that have directions that can best discriminate
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different classes [3]. It was first developed by Robert Fisher in
1936 for taxonomic classification [4]. Linear Discriminant
group images of the same class and separate images of
different class. This criterion tries to maximize the between-
class scatter matrix measure while minimizing the within-class
scatter matrix measure [5]. LDA works when the
measurements made on independent variables for each
observation are continuous quantities. When dealing with
categorical independent variables, the equivalent technique is
discriminant correspondence analysis.

For the same person, the within class scatter matrix
(intrapersonal) is used which shows the variations due to the
different lighting and face. For the different persons, between-
class scatter matrix (extrapersonal) is used, which shows the
variations due to difference in identity.
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Fig. 1. PCA approach for face recognition.

Between -class scatter matrix, Sg

5g = ELL MG — ) (g — )T (6)
Within -class scatter matrix, Sy
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where M; is the number of training samples in class i, ¢ is the
number of distinct classes, ; is the mean vector of samples
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belonging to class i and X; represents the set of samples
belonging to class I with x, being the k-th image of that class.
LDA finds a set of vectors W maximizing

Lb'Ts-,-w| = [wy W Wa]

wT sy 12 - Wim

where {w; | i = 1, 2, ..., m} is is the set of generalized
eigenvectors of Sg and SW corresponding to the m largest
generalized eigenvalues {A;|i=1,2, ..., m}. W is the optimal
projection matrix, which can be obtained via solving the
generalized eigenvalue problem: SgW=A SwW. This ratio is
maximized when the column vectors of the projection matrix
(W_pa) are the eigenvectors of 5“,.'153[6].

Wipa =
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Fig. 2. LDA approach for face recognition.

In Recognition Procedure, to recognize a face, compare the
test image’s projection matrix with the projection matrix of
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each training image by using a similarity measure. The result
is the training image which is the closest to the test image.

Il.  COMPARISON

In PCA, there is no distinction between inter- and intra-
class variabilities. It project faces onto a lower dimensional
sub-space. It is optimal for representation but not for
discrimination. LDA find a sub-space which maximizes the
ratio of inter-class and intra-class variability. It has same intra-
class variability for all classes. In some cases, it is faster than
PCA. It has lower error rates. It works well even if different
illumination or in different facial expression. PCA is
unsupervised whereas LDA is supervised. When the training
set is small, PCA can outperform LDA. When the number of
samples is large and representative for each class, LDA
outperforms PCA.

To recognize image without disturbance, PCA takes
shorter time than LDA. But to recognize image with
disturbances, LDA is better to use because it has better
recognition rate [9]. In terms of time taken, PCA tends to be
much better than LDA, especially to recognize images with
background disturbance [9].

I1l.  CONCLUSION

In this paper, the two face recognition techniques i.e. PCA
and LDA are presented. This study is important for developing
new robust algorithms for face recognition. By combining
both these techniques, the recognition rate can be improved.

IV. FUTURE SCOPE

By combining PCA and LDA with Object Tracking, we
can implement it to recognize moving individuals. The object
tracking program will track the individual and capture images.
The Face Detection program can then detect faces from these
images and create the facial image for the individual. Finally,
the face Recognition program can recognize the individual
from these facial images.
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