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Abstract current face recognition systems have achieved good
results for faces that are taken in a controlled

Biometrics is used for human recognition which €nvironment, they perform poorly in uncontrolled
consists of identification and verification. In an Situations.
identification application, the biometric devicearks Fingerprint recognition, speech recognition, vein
a sample and compares that sample against everyecognition and face recognition are main themes of
record or template in the database. Identification the biometric systems. Among all forms of
applications are common when the goal is to idgntif biometrics, face stands out in that it can be pasitl
criminals, terrorists, or other particularly throug ~ non-intrusively captured with a camera. Face
surveillance Personal face recognition is crucial for Recognition has become one of the most challenging
app”cations such as access ControL smart card tasks in the pattern I’eCOgnition field. Unlikeiris or
verification, surveillance, human-computer fingerprint counterparts, face biometrics requines
interaction, etc. Also, faces are integral to human €Xtra sensors or circuitry. Face recognition can
interaction. Manual facial recognition is already recognize criminals in public spaces (airports,
used in everyday authentication applications. shopping centers) and in stores. So face recognitio

In this paper, a novel subspace method is occupied the essential role in every society ardulis
proposed for face recognition. A new face for person identification, human-computer interacti
recogniton method DiaPCA is based on PCA and security systems.
(principal Component Analysis) and KNN "(K In between these days face recognition is used in
nearest neighbor classifier). The recognition psse  Various systems. To begin with, face authenticaiton
consists of three stages: preprocessing, dimensiorg task to determine whether a person is who he/she
reduction by using PCA, and matching of the claims to be based on his/her face. The systenbean
extracted feature using KNN. Combination of used in three scenarios including system training,
DiaPCA and KNN is used for improving the registration and verification. The training process
capability of PCA when a few samples of images aresupports the system readily to be used, registratio
available. In contrast to standard PCA, DiaPCA add new authorized user to the system and
direct'y seeks the Opt|ma| projective vectors from verification check the claimed |dent|ty of live use
diagonal face images without image-to-vector The recognition of faces is also very important for
transformation. DiaPCA reserves the correlations many applications such as: video surveillance,
between variations of rows and those of columns offetrieval of an identity from a database for criatin
images. DiaPCA is much more accurate than PCA.investigations and forensic applications. Among
The motivation of this research is to provide the various solutions to the problem the most succéssfu

personal identificaton from the National Seems to be those appearance-based approaches,

Registration Card (NRC card). which generally operate directly on images or
appearances of face objects and process the insage a
1. Introduction two dimensional patterns. These methods extract

features to optimally represent faces belong tlassc
and separate faces from different classes.

The main trend in feature extraction has been
representing the data in a lower dimensional space
computed through a linear or non-linear
transformation  satisfying  certain  properties.
Statistical techniques have been widely used foe fa
recognition and in facial analysis to extract the
abstract features of the face pattermifferent
methods of thisapproach can be broadly classified
into three main categories. The first approach is
based on “preprocessing and normalization”. The

Human face recognition has become an active
area of research over the last decade. Adaptoe fa
recognition is needed for all biometric systems for
personal identification. In this paper we firstirate
that DiaPCA which is an extension to the original
PCA is essentially working in images. Face
recognition from images is a sub-area of the génera
object recognition problem and most nonintrusive
modalities in biometrics. Human can recognize
thousands of faces but machines cannot. Although th



representative methods are histogram equalization3, Pre-processing Steps

Gamma correction, logarithm transform, etc. for ) ) S

illumination normalization [4]. But these global Enhancing states include the noise filtering, gray

processing techniques of image processing are foun§C@le converting, histogram equalization and so on.

to be insufficient to overcome variations due to Histogram equalization maps the input image’s

illumination changes. intensity values so that the histogram of the texyl
The systems are exploiting “invariant feature iMmage will have an approximately uniform

extraction” method. A well established method for distribution [12-14]. The histogram of a digitalage

feature extraction is Fisher-face. This method is aWith gray levels in the range [@-1] is a discrete

statistical linear projection method in which the function

representativeness of the training samples controls (rk) _n_k

the performance of the system. The input image P -

contrast stretching is done by histogram equabmati |\ harel is the total number of gray levelsk is the

. kth gray level,nkis the number of pixels in the image
2. Overview of the System with that gray leveln is the total number of pixels in
the image, antt =0, 1, 2, . . ., L -1. p(rk) gives an
estimate of the probability of occurrence of grayell
rk. By histogram equalization, the local contrast of
the object in the image is increased, especiallgrwh
the usable data of the image is represented by clos
| i contrast values. Through this adjustment, the
Cropped image intensity can be better distributed on the histogra

This allows for areas of lower local contrast tinga
v higher contrast without affecting the global c¢ast.
Preprocessing
L 4. Principal Component Analysis
Dimension reduction by DiaPCA

v The Principal Component Analysis (PCA) is one
- - of the most successful techniques that have besth us
Feature extraction using KNN in image recognition and compression. PCA is a

statistical method under the broad title fafctor
Register / Matchir analysis The purpose of PCA is to reduce the large
\ 4 dimensionality of the data space to the smaller

]

intrinsic dimensionality of feature space, whicte ar
needed to describe the data economically. Thisds t
case when there is a strong correlation between
observed variables. PCA can do prediction,
redundancy removal, feature extraction, data
compression, etc. Because PCA is a classical
technique which can do something in the linear
domain, applications having linear models are
suitable, such as signal processing, image prowgssi
Figure 1. Overview of the proposed system system and control theory, communications, etc.
We have implemented PCA procedure in a

The overview of the proposed system is training set ofM face images. Let a face image be
expressed in figure 1. Firstly, enhancing steps arerepresented as a two dimensiotaby N array of
performed for the cropped face image. Then, intensity values, or a vector of dimensiba. Then
diagonal PCA method is applied to reduce the largePCA tends to find aM-dimensional subspace whose
dimensionality of the data space. Next] Kearest basis vectors correspond to the maximum variance
neighbor classifier (KNN) is used for feature direction in the original image space. This new
extraction. Either the extract feature is storedaire subspace is normally lower dimensio(fk< M <<
database or searching the corresponding feature iN2). New basis vectors define a subspace of face
face database. Finally, the complete information ofimages called face space. All images of known faces
the matched person is displayed. are projected onto the face space to find sets of
weights that describe the contribution of each aect
To identify an unknown image, the image is

Face database

Display result




projected onto the face space as well to obtaisdgts corresponding diagonal face images. Because the
of weights. By comparing a set of weights for the rows (columns) in the transformed diagonal face
unknown face to sets of weights of known faces, theimages simultaneously integrate the information of

face can be identified. PCA basis vectors are ddfin
as eigenvectors of the scatter matrix S defined as

S= Z(Xi —p)(xi— p)

where U is the mean of all images in the training set

andxi is thei' face image represented as a vector i.
As this face space is generated using eigenveofors
scatter matrix, sometimes this is also called as
eigenspace.

The eigenvectors corresponding to nonzero
eigenvalues of the covariance matrix produce an

rows and columns in original images, it can reflect
both information between rows and columns.
DiaPCA may find some useful block or structure
information for recognition in original images.
DiaPCA directly seeks the optimal projective vestor
from diagonal face images without image-to-vector
transformation

In the core of our system lies the Diagonal
Principal Component Analysis (DiPCA) Algorithm
[2], which is a tested and widely adopted for face
recognition. DiaPCA can be subdivided into two
components — PCA subspace training and PCA
projection. During PCA subspace training, the rows
of the pixels of an N1 x N2 image are concatenated

orthonormal basis for the subspace within whichtmos into a one dimensional ‘image vectoth practice,

image data can be represented with a small amdunt Only a subset of the eigenfaces € 1, ..., M) is

error. The eigenvectors are sorted from high to 10w retained to form a transformation matrix which iedis
according to their corresponding eigenvalues. Thej, the PCA projection stage. Only the principal

eigenvector associated with the largest eigenvialue eigenfaces accounting for the most significant
one that reflects the greatest variance in the @nag variations are used in the construction.

That is, the smallest eigenvalue is associated tivéth Suppose that there aid training face images,
eigenvector that finds the least variance. denoted bym by n matrices . For each training face

A facial image can be projected onto image, define the corresponding diagonal face image
M '(<< M )dimensions by computing as follows:

1)If the heightm is equal to or smaller than the
width n, to generate the diagonal imador the
original imageA.

2) If the heightm is bigger than the width, to
generate the diagonal imadge for the original
imageA.

Q = [V1V2...VM' ]T

The vectors are also images, so called,
eigenimages, or eigenfacekhey can be viewed as
images and indeed look like faces. So describes the
contribution of each eigenface in representing the
facial image by treating the eigenfaces as a lsadis
for facial images. Face space forms a cluster agen During PCA projection, a new face image vector
space and PCA gives suitable representation is multiplied by the transformation matrix and

Pattern recognition in high-dimensional spaces projected to a point in a high dimensional PCA
have pattern problems because of curse ofsubspace. In this PCA subspace, the correlations
dimensionality. Significant improvements can be among the projected images are minimized in order
achieved by first mapping the data into a lower- to facilitate easier classification [3]. The prdst
dimensional sutspace. The goal of PCA is to reduce image is then saved as the face template of the
the dimensionality of the data while retaining as corresponding user for future matching.
much as possible of the variation present in the

original dataset. 6. Nearest Neighbor Classification

Classification (similarity search) is a very crucia
step in any pattern recognition application. One of
the most popular non-parametric techniques is the
Nearest Neighbor classification (NNC). NNC
asymptotic or infinite sample size error is lesanth

Our motivation for developing the DiaPCA twice of the Bayes error [6]. The basic NNC rule
method originates from an essential observation onbehind these techniques is given by Cover and Hart
the PCA. PCA only reflects the information between [7]. NNC gives a trade-off between the distributin
rows, which implies some structure information (e.g the training data with a priori probability of the
regions of a face like eyes, nose, etc.) cannot beclasses involved. NNC,where a high number of
uncovered by it. We attempt to solve that problem b prototypes make the classifier more (training data)
transforming the original face images into specific and a low number makes it more general [3]

5. Diagonal PCA



and the reconstruction error will be small. Nonefac
7. Face Recognition images will have a large reconstruction error whsch

larger than some threshold. The distance determines
whether the input face is near a known face. The
problem of automatic face recognition is a comgosit
task that involves detection and location of faicea
cluttered background, normalization, recognition an
verification. There have been many methods

) . SR ; proposed for face recognition. And one of the key
identification (ex. driver’s licence), entrance ety, components of any methods is a facial feature

etc. The main idea of using PCA for face recognitio 4o tion. Facial feature could be a gray-scale-

is to express the large 1-D vector of pixels image.

constructed from 2-D facial image into the compact DiaPCA is a standard technique used to
principal cqmponents of t_he _feature space. Th|s Canapproxiate the original data with lower dimensional
be called eigenspace projection. Once the_ e.'gwfacefeature vectors. The basic approach is to comete t

have been computed, severa_l types of decision €an beigen vectors of covariance matrix and approximate
made depending on the application. Face recognitiony, original data by a linear combination of the

include i_dentification, recognition and categoriaat leading eigenvectors.PCA is appropriate when the
of ff;lacg';\mage. he basis of hicih i samples are from one class or group (super-class).
c((j)mg)ute_s t € basis of a spa_<|:_fe1 w 'Ct') 'S This preprocessing stage reduces the within-class
represente Y |_ts training - vectors. ese DaslS ariance dramatically thus improving recognition
YeCtOfS-_ actl_JaIIy elgenvectors, cqmputed by_ P_CA ACrate. After projection, recognition is performedtfre
in the dlreAct|(_)n r?f ths Iargest_(;/ana?ce of themlllzgh classification space based on some distance measure
v_ectors. s It as been said earlier, we ca teM criterion. Therefore Principal component analysis
eigenfaces. Each eigenface can be viewed a featurQPCA), also known as eigenfaces is one of the state
When a particular face is projected onto the faceof-the-art methods in face recognition

space, its vector into the face space describe the |\ classifier has many advantages. This is easy
importance of each of those features in the fabe. T to compute and very efficient. KNN is very

faceﬁ_is_ expressed_ i?] the face spr?ce dlby itls eig‘:nf‘%compatable and obtain less memory storage. Ssit ha
coefficients (or weights). We can handle a largaiin good discriminative power. KNN is very robust to

vector, facial image, only by taking its small weig image distortions ( e.g. rotation , illumination ).

vector in the face_ space. Th'$ means  that W€ Cafrperefore KNN can provide the components that
reconstruct the original face with some error, sinc describe the highest variance and produce good
the dimensionality of the image space is much farge result. So this research can produce good result by

than that of facg space. . ___combining DiaPCA and KNN ( R nearest neighbor
Each face in the training set is transformed into classifier)

the face space and its components are stored in
memory. The face space has to be populated With8 Condlusion
these known faces. An input face is given to the —
system, and then it is projected onto the faceespac
The system computes its distance from all the dtore
faces.

The first defect is easily avoided since the first
eigenface is a good face filter which can test tvaet
each image is highly correlated with itself. The
images with a low correlation can be rejected es¢h
two issues are altogether addressed by categorizin
following four regions:

 Near face space and near stored face =>
known faces

* Near face space but not near a known face
=> unknown faces

» Distant from face space and near a face class
=> non-faces References

¢ Distant from face space and not near a
known class =xon-faces
Since a face is well represented by the face space,
its reconstruction should be similar to the origjina

Face recognition has many applicable areas.
Moreover, it can be categorized into face
identification,  face  classification, or  sex
determination. The most useful applications contain
crowd surveillance, video content indexing, per$ona

A novel face recognition method called diagonal
principal component analysis (DiaPCA) is proposed
in this paper. The essential idea of the proposed
method is to generate tlodkagonal face imagesom
the original training images, from which the optima
projective vectors are sought, therefore the

orrelations between variations of rows and thafse
golumns of images can be reserved. Face
Recognition System based on DiaPCA is developed
in this research. The effectiveness of the proposed
method can be confirmed through the experimental
results.
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