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ABSTRACT: Biometric modalities are being used for person recognition for over 40 years. Face has been extensively analyzed as a biometric modality.
Palm vein is a permanent and difficult to spoof, modality. For person authentication, palm vein performs better than face. Fusion of both the modalities
yield recognition rates that are higher than those obtained individually. This paper presents a survey of various techniques used for authentication of a
person, based on face, palm vein and fusion techniques involving both modalities. It discusses some iconic techniques, their limitations and how those

were overcome in different ways in new techniques. It concludes with major problems to be analyzed in future and open areas of research.
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1 INTRODUCTION

Security has become an integral part of our lives today with
people having numerous accounts and carrying out high value
transactions. The advent of technology has helped the criminal
to become more intelligent. For example the internet has pro-
vided him with easy access to data. Biometrics is increasingly
being preferred for security, owing to its uniqgueness and being
difficult to replicate. Face is used for recognition by humans and
was also one of the first modalities to be used for recognition. In
automated person identification systems, face is often favored
due to the fact that it is a non-intrusive system where very little
cooperation is required from the user. Another modality which is
comparatively new is the palm vein. The vascular pattern of the
palm has a wealth of information and features, compared to the
finger or the dorsal side of the hand. Palm veins, being inside
the body, are difficult to duplicate. Palm vein pattern recognition
requires just a scan of vein of palm, thus making it easier to use.
A multimodal authentication system is more reliable and has
increased accuracy compared to a single modality system. In
multimodal biometric systems, fusion of physically uncorrelated
traits are expected to result in better improvement in per-
formance than correlated traits 0. Fusing the palm vein fea-
tures with the face features to augment it, provides a highly ac-
curate, difficult to breach and advanced personal recognition
system. In addition to enhanced security, palm vein authentica-
tion used in conjunction with face recognition systems would
also keep a log of facial information should it be necessary to be
used as evidence 0. In this paper, we survey various techniques
used for person recognition based on face and palm vein mod-
alities. We also present recognition techniques used in multi-
modal systems having either face or palm vein or both as mod-
alities. The paper is organized as follows. In section 1, the sur-
vey of face detection and recognition techniques is presented.
Section 2 discusses the palm vein recognition techniques. In
section 3, various fusion techniques for multimodal systems
(using palm vein or face or both) are discussed. In section 4,
conclusions are presented, where major problems and limita-
tions of the techniques discussed are presented along with
scope for future work in these areas.

2 FACE DETECTION AND RECOGNITION TECHNIQUES

Face detection systems have come into existence in the early
1970s but due to lack of technological and computational de-
velopment, growth of these systems was limited. Face recog-

nition requires specific object recognition. The most prominent
difficulty in face recognition is that the frontal view of the differ-
ent faces appears to be approximately similar and the differ-
ences are quite subtle. As a result, a dense cluster is formed
in the image space for the frontal face images, making the
pattern recognition techniques unsuccessful in distinguishing
between them [1]. There are a number of factors that cause
variations in the appearance of faces and they can be intrinsic
or extrinsic 00. Based on research conducted through various
evaluations like Face Recognition Vendor Tests (FRVT) 2000 0,
Face Recognition Technology (FERET) evaluations 0, FRVT
2002 0 and the Face Authentication Test (FAT) 2004 Ofor sev-
eral years, it is found that age, illumination and pose variations
are three major problems for the face recognition systems O.
Although under constrained conditions (in which some of the
factors causing variability are controlled while acquiring face
images) the performance of most of the face recognition sys-
tems is quite good, it degrades rapidly when they are tested
under conditions where none of these factors are regulated
0.The face based person authentication can be divided into two
important steps: face detection and face recognition. Face de-
tection serves the purpose of localizing and extracting the face
region from the background 0. Face recognition is basically ex-
tracting the face features and comparing them with those in da-
tabase. It can be used in identification or verification mode.

2.1 Face Detection

A face first needs to be detected before it is recognized. By
definition, face detection is a technology that determines loca-
tions and sizes of human faces in input image. Face detection
is a two-step procedure where the first step involves roughly
finding all the faces in large, complex images, which may have
many faces and a lot of clutter and the second step is localiza-
tion which emphasizes on spatial accuracy by accurate detec-
tion of facial features 0. The different face detection algorithm
categories are:

I. Knowledge-based methods which use knowledge of the typ-
ical human face geometry and facial features arrangement.
These methods find rules to describe the shape, size, texture
and other characteristics of facial features (such as eyes,
nose, chin, eyebrows) and relationships between them. The
main problem encountered in these techniques is converting
human knowledge about face geometry into meaningful and
well-defined rules. Their performance also deteriorates under
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varying pose or head orientations 0. In 0, Kang-Seo Park,
Rae-Hong Park, and Young-Gon Kim, proposed a face detec-
tion algorithm using the 3x3 block rank patterns of gradient
magnitude images and a geometrical face model. The 3x3
block rank patterns are used to roughly classify whether the
detected face candidate region contains a face or not. Finally,
the face, if any, is detected by using a geometrical face model.

Il. Feature invariant approaches find structural features that
exist even when the viewpoint or lighting conditions vary and
then use these to locate faces. Usually, they use features such
as texture, shape and skin color to find face candidates and
then use local facial features such as eyes, nose and mouth to
verify the existence of a face. Feature invariant approaches
can be problematic if image features are severely corrupted or
deformed due to illumination, background and noise O.

lll. Template-based methods make use of filters, edge detec-
tors, or silhouettes to detect a face, extracting the contours of
local facial features and then the correlation with predefined
stored templates of features. However these methods are
sensitive to scale, shape and pose variations. Deformable
template methods have been proposed to ovecome the prob-
lem of translation, scaling and rotation by modeling face geo-
metry using elastic models 0. However sensitivity to shape
and pose is still an open problem.

IV. Appearance-based methods use large number of test face
images with different variations (face shape, skin color, eye
color, open\closed mouth, etc). Pattern classification having
two classes: “face” and “non-face” is used for face detection.
Eigen faces, Support Vector Machines (SVM), Linear Discrimi-
nant Analysis (LDA), neural networks and Hidden Markov
Models (HMM) are examples of appearance based models
000.The major limitation of appearance based face detection
methods is the requirement to have a large database of train-
ing images.These methods are also computationally complex.

2.2 Face Recognition

A face recognition system consists of a sensor which captures
the face images, face detection and feature extraction module,
classification module and system database. The application for
which face recognition is to be used, helps to decide the sen-
sor to be used for capturing the face images 00.Based upon
the image capture technique, images can be classified as in-
tensity, 3D range images.

2.2.1 Intensity Image based RecognitionTechniques:
Techniques based on the intensity images can be either fea-
ture based or holistic 0000.

Feature-based approaches

Feature-based approaches are based on the geometric rela-
tionships between the extracted facial features like the nose,
eyes etc. which gives a vector of geometric features for the
input image. Faces are then matched using statistical pattern
recognition techniques. In 1973 Kanade Oextracted a vector of
16 facial parameters like ratios of distances and areas to over-
come variations in image size and achieved 75% recognition
on a database of 20 different people using 2 images per per-
son. Based on Kanade’s work Brunelli and PoggioO computed
a vector of 35 geometric features from a database of 47
people (4 images per person) and reported a 90% recognition

rate. However, it was observed later that even simple tem-
plate-matching approaches achieve higher recognition accu-
racies than those obtained using geometric feature vectors.
Feature extraction techniques such as deformable templates
([20]00), Hough transform methods 0, Reisfeld's symmetry
operatorO and Graf's filtering and morphological operationsO
rely on heuristics such as restricting the search subspace with
geometrical constraints 0 and they can perfectly fit the struc-
tures in the image. Using large tolerance value reduces the
precision required to recognize an individual’s best-fit parame-
ters making these techniques tolerant to the minute variations
0. However the current algorithms for automatic feature ex-
traction using some of the techniques mentioned, have low
accuracy and suffer from the problem of high computational
capacity requirement [28]. Elastic bunch graph matching me-
thod was proposed by Wiskott et al. 0. This technique is based
on dynamic link structures which uses Gabor filters’ responses
0. A graph for an individual face is generated as follows: a set
of fiducial points on the face are chosen. Each fiducial point
is considered as a node of a full connected graph, and is
labeled with the Gabor filters’ responses applied to a win-
dow around the fiducial point. Each arch is labeled with the
distance between the corresponding fiducial points. A repre-
sentative set of such graphs is combined into a stack-like
structure, called a face bunch graph as shown in Fig.1.0Once
the system has a face bunch graph, graphs for new face im-
ages can be generated automatically by Elastic Bunch Graph
Matching. Recognition of a new face image is performed by
comparing its image graph to those of all the known face im-
ages and picking the one with the highest similarity value. A
recognition rate of 98% for the first rank and 99% for the first
10 ranks using a gallery of 250 individuals can be achieved. It
suffers from graph placement for the first 70 faces to be done
manually before the elastic graph matching becomes ade-
guately dependable Owhich was overcome by Campadelli and
Lanzarotti 0.The enhanced system deals with different poses
but the recognition performance on faces of the same
orientation remains the same.

Fig. 1. Face bunch graph

Face profiles are also used for face recognition. Kaufman and
Breeding O reported a recognition rate of 90% using face pro-
files for 10 individuals. Harmon et al. O obtained recognition
accuracies of 96% on database of 112 individuals, using a 17-
dimensional feature vector to describe face profiles. Liposcak
and Loncaric 0 reported a 90% accuracy rate on a database of
30 individuals, using subspace filtering to derive a 21-
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dimensional feature vector to describe the face profiles and
using a Euclidean distance for matching. The major disadvan-
tage of feature based techniques for face recognition is the
difficulty of automatic feature detection 0. Selecting the opti-
mum feature set is another important concern because if the
feature set lacks the ability to discriminate, no amount of sub-
sequent processing can compensate for that intrinsic deficien-
cy [37].

Holistic approaches

Holistic approaches use global representation to identify faces.
These approaches do not use local features of the face rather
they use the entire image description. The approach can be
categorized into two groups: Statistical and Artificial Intelli-
gence (Al) based approaches 0.

A) Statistical Approaches

Sirovich and Kirby 0 employed Principal Components Analysis
(PCA) [38]0for the first time to economically represent face
images. Turk and Pentland 0Omade use of eigen faces, shown
in Fig.2, as features for face recognition. Eigen faces find the
minimum mean squared error linear subspace that maps from
the original N-dimensional data space into an M-dimensional
feature space 0. Mathematically, Eigen faces are the prin-
cipal components that actually divide the face into feature
vectors0. The feature vector information is obtained from cova-
riance matrix. These Eigen vectors are used to quantify the
variation among multiple faces. The faces are characterized by
the linear combination of highest Eigenvalues. Recognition
rates of 96%, 85% and 64% were reported for database of
2,500 images of 16 people under lighting, orientation and
scale variation but its performance degrades with scale
changes. In [42] this was further extended and “multiple ob-
server” methods have been suggested to deal with large
changes in pose 0.Performance of PCA deteriorates when
multiple images per person are used, but Belhumeur et al. [44]
argued that PCA retains variations due to lighting and facial
expression. “The variations between the images of the same
face due to illumination and lighting rection are almost always
larger than image variations due to a change in the authentic
identity of the person”, was stated by Moses et al. [45].

Fig.2 Eigen Faces
In O Fisher’s Linear Discriminant Analysis (FLDA) is proposed
which is better at handling the variations caused by lighting
and facial expression. LDA is more suited for finding projec-
tions that best discriminate different classes. It does this by

seeking the optimal projection vectors which maximize the
ratio of the between-class scatter and within-class scatter (i.e.
maximizing class separation in the projected space) 0.Thus
LDA performs dimensionality reduction while preserving as
much of the class discriminatory information as possible.
However it is found that with small training data PCA performs
better that LDA [46]. Several extensions and variations to the
eigen faces and fisher faces have been implemented. Some
recent advances in PCA-based algorithms include multi-linear
subspace analysis 0, symmetrical PCA 0, two-dimensional
PCA 00, eigenbands 0, adaptively weighted subpattern PCA 0,
weighted modular PCA [53], Kernel PCA 00 and diagonal PCA
0. Examples of recent LDA-based algorithms include Direct
LDA 00, Direct-weighted LDA 0, Nullspace LDA 00.Dual-space
LDA 0, Pair-wise LDA [64], Regularized Discriminant Analysis
[65], Generalized Singular Value Decomposition 00, Direct
Fractional-Step LDA [68], Boosting LDA 0, Discriminant Local
Feature Analysis [70], Kernel PCA/LDA 00, Kernel Scatter-
Difference-based Discriminant Analysis 0, 2DLDA 00, Fourier-
LDA [76], Gabor-LDA 0, Block LDA 0, Enhanced FLD 0, Com-
ponent-based Cascade LDA 0, and incremental LDA 0. The
main drawback of the PCA and LDA methods is that
these techniques assume that the face images lie on a linear
space which may not be true always. Independent Component
Analysis (ICA), a generalization of PCA, is a method that finds
basis vectors that depend on higher-order relationships among
the pixels. It aims to find an independent, image decomposi-
tion and representation. ICA is known to outperform PCA for
recognizing faces across days and changes in expression. A
study and comparison of four subspace representations for
face recognition, i.e., PCA, ICA, Fisher Discriminant Analysis
(FDA), and probabilistic eigen faces and their ‘kernalized’ ver-
sions, is presented in 0.The major limitation of statistical me-
thods is that they are dependent on the variability and distribu-
tion of data. Changes in lighting conditions and facial expres-
sions can severely affect the data and hence the performance
of these methods.

B) Al Approaches

Machine learning techniques and neural networks are used in
Al based face recognition. Some prominent Al approaches
that have resulted in good performance have been included in
0000 and those based on boosting in 00. HMMs have also
been employed for the face recognition task. Samaria and
Harter 0, used a one-dimensional HMM to obtain a peak rec-
ognition accuracy of 87% on the ORL database. Zhang et al.
Oproposed an approach in which a similarity function is learnt,
describing the level of confidence that two images belong to
the same person. The facial features are selected by obtaining
Local Binary Pattern (LBP) histograms of the sub-regions
of the face image and the Chi-square distances between
the corresponding LBP histograms are chosen as the discri-
minative features. The AdaBoost learning algorithm, intro-
duced by Freund and Schapire, is then applied to select
the most efficient LBP features as well as to obtain the
similarity function in the form of a linear combination of
LBP feature-based weak learners. In Statistical relation (SR)-
based methods it is assumed that each class in the gallery has
sufficient samples and the query lies on the subspace
spanned by the gallery of the same class. But such an as-
sumption is easily violated in verification, where the task is to
determine if two faces belong to the same person. This is
overcome when SR encoding is performed on local image

Copyright © 2015 IJTEEE.



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03 58

ISSN 2347-4289

patches rather than the entire face. Thorough experiments on
exYaleB, BANCA, AR, FERET, and ChokePoint datasets indi-
cate that the local SR approach obtains considerably better
and more robust performance than several previous state-of-
the-art holistic SR methods. The | 1-minimisation-based en-
coding has higher recognition rates but suffers from consider-
ably higher computational cost when compared with STATIS-
TICA Automated Neural Networks (SANN)-based and proba-
bilistic encoding 0. Face recognition of newborn babies with a
recognition rate of 87.04% has been proposed in 0. The partial
occlusion problem has been overcome to a certain extent in 0
where a novel face recognition framework based on the
grammatical face models has been proposed. The experimen-
tal results confirm the promising ability and robustness of the
proposed method against partial occlusion and out performs
the various state of the art methods. The vulnerability of face
biometric systems to spoofing attack has been addressed in 0
which proposes an approach based on analyzing facial image
using texture and gradient structures of the facial images us-
ing a set of low-level feature descriptors, fast linear classifica-
tion scheme and score level fusion for detecting whether there
is a live person in front of the camera or a face print. Al based
approaches are proven to perform better than the statistical
approaches. However, these methods very often require large
training data sets with good correlation and are computational-
ly expensive. Holistic approaches an advantage, over other
approaches, that they do not concentrate on only limited re-
gions or points of interest 0. This same property however is
also a drawback as these approaches assume that all the pix-
els in the image are equally important 0. Some techniques
require a high degree of correlation between the test and train-
ing images, and do not perform effectively under large varia-
tions in pose, scale and illumination along with being computa-
tionally expensive 0.

2.2.2 3D Range Image based RecognitionTechniques:

Face recognition using 3D shape is believed to offer advan-
tages over the use of intensity images 000. Current 2D face
recognition systems encounter difficulties in recognizing faces
with large pose variations and lighting conditions. Utilizing the
pose-invariant features of 3D face data has the potential to
handle multi view face matching 0.The problem of occlusion in
2D face recognition systems can also be overcome to a large
extent using 3D face recognition techniques. Range image
based 3D face recognition has been demonstrated to be effec-
tive in enhancing the face recognition accuracy. A “range im-
age,” also sometimes called a “depth image,” is an image in
which the pixel value reflects the distance from the sensor to
the imaged surface 0. Techniques for 3D face recognition in
the literature use a broad range of face descriptors in the
matching step. Some descriptors amount to a complete repre-
sentation, in that the original face shape can be recovered
(perhaps approximately) from the representation (e.g., a prin-
cipal components representation). Others are incomplete since
they cannot yield such a reconstruction, but these can offer
other benefits (e.g., robustness to occlusion)0. One of the ear-
liest approaches of 3D range image based face recognition
can be seen in 0, where the principle curvatures of the face
surface are calculated from range data, after which this data
supplemented by a priori information about the structure of
the face is used to locate the various facial features (i.e., the
nose eyes, forehead, neck, chin, etc.). The faces are then
normalized to a standard position and interpolated onto a

regular cylindrical grid. The volume of space between two
normalized surfaces is used as a similarity measure. The
system was tested using the face images of 8 people (3
images per person). Castellani et al. O approximate the
range images of faces obtained by stereoscopic analysis
using Multi-level B-Splines and SVMs are then used to
classify the resulting approximation coefficients. Several ap-
proaches have also been proposed that integrate 2D tex-
ture and 3D shape information0. Wang et al. 0,extracted 3D
shape templates from range images and texture templates
from gray scale images of faces, applied PCA separately
to both kinds of templates to reduce them to lower-
dimensional vectors, then concatenated the shape and texture
vectors and, finally, applied SVMs to the resulting vectors
for classification. In 0, authors have proposed a feature extrac-
tor based on the directional maximum to estimate the nose tip
location and the pose angle simultaneously. A nose profile
model represented by subspaces is used to select the best
candidates for the nose tip. Assisted by a statistical feature
location model, a multimodal scheme is presented to extract
eye and mouth corners. Using the automatic feature extractor,
a fully automatic 3Dface recognition system is developed
whose block diagram is shown in Fig.3.
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Fig.3 Automatic 3D face recognition system

In 0,Xin Gen et al, propose an automatic age estimation me-
thod named AGing pattern Subspace (AGES) where the basic
idea is to model the aging pattern, which is defined as the se-
quence of a particular individual’'s face images sorted in time
order, by constructing a representative subspace. The proper
aging pattern for a previously unseen face image is deter-
mined by the projection in the subspace that can reconstruct
the face image with minimum reconstruction error, while the
position of the face image in that aging pattern will then indi-
cate its age. The quality of 3D sensors has improved in recent
years, but features such as being less sensitive to ambient
lighting, having fewer artifacts, and requiring less explicit user
cooperation are desired. Another limitation of current 3D sen-
sor technology, especially relative to use with non-cooperative
subjects, is the depth of field for sensing data. 3D face recog-
nition needs algorithms that are more tolerant of real world
variety in the pose, facial expression, eye-glasses, jewelry and
other factors. At the same time, they need to be less computa-
tionally demanding. 3Dface recognition in general seems to
require much more computational effort “per match” than does
2D face recognition
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3 PALM VEIN BASED RECOGNITION TECHNIQUES

Palm vein based automated person authentication is a popular
recent trend. It is a noninvasive method and since veins are
internal to the body and have a large number of differentiating
features, forging an identity is extremely difficult, enabling a
high level of security 0. Fujitsu has developed a palm vein pat-
tern authentication based on vascular patterns 0. Reducing the
size of the palm vein sensor and shortening the authentication
time are goals to be achieved 0. Image sensing and software
technology is combined to form the contactless palm vein au-
thentication technology 0. Palm vein authentication technology
operates based on identifying the vein patterns in a person’s
palm. An infrared beam is used to penetrate the user’s palm as
it is held over the sensor. The vein structure, believed to be
unique for each person, extracted from infrared-ray images, is
represented as dark lines. To extract these lines many re-
searcher used edge detection and morphological operators 0.
It is also possible to determine palm vein pattern, using Near
Infrared (NIR) imaging. The location of the veins is mapped by
the Near Infrared (NIR) light when a user's hand is held over a
scanner. The unique vein pattern of the palm is captured by
holding the palm above the scanner, which is then registered
0. The rays are absorbed by the red blood cells in the veins
and appear as black lines and the remaining white. This vein
pattern is then verified against a preregistered pattern to iden-
tify the person. The palm-vein imaging typically requires infra-
red illumination which is one component of multispectral illu-
mination for the multispectral palm print imaging. Therefore,
the multi-spectral palm print images inherently acquire palm-
vein details. However, as compared to the bi spectral ap-
proaches, multispectral methods introduce a significant
amount of additional computations (which often adds to the
cost of device) while achieving very little or marginal perfor-
mance improvement 0. Palm vein recognition comprises of
four important steps: Infrared palm images capture, Detection
of Region of Interest (ROI) including pre-processing, Palm
vein feature extraction and Feature matching 0. First an image
is captured and a small area of the image is located as the
ROI to extract the features. When features within ROl are
used for recognition, computation efficiency improves signifi-
cantly 0. For image-based biometric systems, various prepro-
cessing implementations are utilized for obtaining better quali-
ty of image that will be used in the processing stage as an in-
put image. Normally, the captured palm vein pattern is gray
scale and subject to noise. To ensure the quality of the subse-
guent steps of feature extraction, noise reduction and contrast
enhancement are crucial 0. Feature extraction plays an impor-
tant role in palm vein based recognition because the perfor-
mance of feature matching is greatly influenced by the ex-
tracted features 0. In feature matching, input image is com-
pared with those existing in the database and if matched, then
the person is authenticated. In the following sections we sur-
vey various ROI and feature extraction and matching tech-
nigues used for palm vein images.

3.1 ROI Extraction

Extraction of ROI comprises of detecting and extracting a part
from the original image. ROI extraction has two important ad-
vantages. Firstly, by fixing the reference frame, it helps in re-
moving the effects of translation and rotation introduced during
collection of data. Secondly, it helps in extracting the most in-
formative area in the images. It also helps in decreasing the

total amount of data without severe loss of important informa-
tion. This helps in fast computation of feature extraction and
matching 0. To extract the ROI, Zhou and Kumar O constructed
a coordinate system utilizing two webs as the reference
points/line, i.e., the web between the index finger and middle
finger together with the web between the ring finger and little
finger. Fig.4 shows the palm vein image with ROI key points.
Initially, the acquired palm images from a contactless system
are binarized in order to separate the background from the
palm. This is followed by the estimation of the distance from
center of the binarized palm to the boundary of palm. The two
webs are then located by finding the corresponding local mi-
nima from the calculated distance. The location and size of the
ROI is adaptively selected based on the distance between the
two webs. It is then segmented and the images are scaled to
generate a fixed size region. Histogram equalization is then
employed to obtain the normalized and enhanced palm-vein
image. This enhancement method has significantly improved
the details and contrast of the ROl images. Many researchers
employed this method to find the ROI,; like 0.Li et al. O adopted
a 5x5 median filter to remove the speckling noise in the ROI
image. Ladoux etal Error! Reference source not
found.extracted the ROI and applied 5x5 box filter on the ROI
in order to reduce the noise. This was followed by correcting
the non-uniform brightness by applying a Gaussian low-pass
51x51 filter on the ROI to obtain the brightness image in the
low frequencies. This brightness is then subtracted from the
original ROI. As the contrast was still poor, normalization me-
thod was applied.

Fig.4 Palm vein image with ROI Key points

In 0, the authors have proposed a similar ROI extraction tech-
nigue where a small area (128*128 pixels) of the captured
palm image is located as the ROI. The input image is first bi-
narized and the boundaries of the gaps, (Fixj; Fiyj) shown in
Fig.5, are obtained. A tangent of the two gaps (the line con-
necting(x1, yl) and (x2, y2)) is computed and used as the Y
axis. The line passing through the midpoint of the two points
(x1, y1) and (x2, y2), which is also perpendicular to the Y-axis,
is used as the X axis. The ROI is located as a square of
fixed size whose center has a fixed distance to the palm
coordinate origin. After that, noise reduction and contrast en-
hancement are carried out to produce a better quality of im-
age.
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Fig.5 ROI Extraction

3.2 Feacture Extraction and Matching

Extracting the vein pattern or features from the background is
a prominent step in the palm vein authentication systems O.
Zhang et al. 0 proposed a multi-scale scheme to improve the
performance of vein detection. They made use of Gaussian
shaped filter to de-noise and the zero-sum to suppress the
background pixels. Bhattacharyya et al. 0 proposed three dif-
ferent algorithms for processing palm vein pattern image of an
individual to be executed serially; namely Vascular Pattern
Marker Algorithm (VPMA), Vascular Pattern Extractor Algo-
rithm (VPEA) and Vascular Pattern Thinning Algorithm (VPTA).
In VPMA, smoothening of image is carried out by use of a two
pass masking; horizontal and vertical kernels. In VPEA, a bi-
narized image is created with only 2 colors, black (0) and
white (255). Image thresholding helps in getting rid of the un-
important parts or noise and retaining the significant part of an
image. Ladoux et.al0 observed that the grey level is low where
the hemoglobin absorbs the NIR light. In their palm vein based
authentication system, the authors have performed local
matching of specific feature points, Scale Invariant Feature
Transform (SIFT) descriptors, extracted in the reference and
test images. Data from 24 persons, in two sessions, was col-
lected. After ROI extraction, local thresholding depending on
the mean value of the neighborhood of each pixel is applied to
obtain the vein pattern. The SIFT detector and descriptor are
constructed from the Gaussian scale space of the source im-
age. The algorithm also makes use of another scale space,
called difference of Gaussian (DOG).Extracted key-points are
defined as points of local extremum of the DOG scale space.
The descriptor is created by sampling the magnitudes and
orientations of the image gradients in a neighborhood of
each key-point and building smoothed orientation histo-
grams that contain the important aspect of the neighbor-
hood. Each local descriptor is composed on a 4x4 array (his-
togram). To each coordinate of this array, an 8 orientation vec-
tor is associated. A 128-elements vector is then built for each
key-point. SIFT descriptors are used as feature points also in
000. In 0 a biometric identification system based on near-
infrared imaging of dorsal hand veins is presented where SIFT
is used for matching the key points that are extracted from the
dorsal hand vein images. A Rank-1 recognition rate of 99.29%
is achieved using this method. In 0, two different feature ex-
traction technigues are described; Neighborhood Matching

Radon transform (NMRT) based feature extraction and Hes-
sian-Phase based feature extraction. CASIA Multi-Spectral
Palmprint Image Database V1.0 which has been acquired from
the contactless palm imaging of 100 subjects was used initial-
ly. The second database used is the PolyU Multispectral
Palmprint Database where all the images were acquired with a
constrained device composed of images from 250 individuals
with 12 images from each individual. The first three images
from the CASIA database and first six images from the PolyU
database were used as gallery images and the rest as probe
images. In the NMRT based feature extraction, the palm vein
vessels are approximated by small line segments which are
rather curved. The Radon transform is an effective tool to iden-
tify continuous line structures in the images. However if the
length of the line is significantly shorter than the image dimen-
sion, as in case of detecting the palm-veins, then the process
may not be able to locate that line as line segments. The palm
vein vessels also may suddenly change their direction to an
almost perpendicular orientation, and break the long curve into
several short line segments. To avoid this, NMRT utilizes the
idea of restricting the radon transformation in the local area
and selecting the size of the local region to be small enough
so that the target shortest line segments in the images can be
detected. NMRT further simplifies the transformation by fixing
the intercept term and restricting the integration in a confined
width (line width).A method similar to NMRT, called Localized
Radon Transform (LRT) was used for feature extraction in 0
The Hessian Phase based feature extraction is based on the
fact that the eigenvector of a matrix corresponds to the ba-
sis/principal directions of the matrix. Thus the magnitude of the
corresponding eigenvalues of the Hessian matrix (second-
order derivative), will reflect the curvature of the principal
orientation in the local image. Two local characteristics of im-
age can be measured by analyzing the eigen values. First, the
norm of the eigen values will be small at the location where no
structure information is shown since the contrast difference is
low, and it will become larger when the region occupies higher
contrast since at least one of the eigenvalues will be large.
Second, the ratio between the eigen values will be large when
the blob-like structure appears in the local area, and will be
very close to zero when the structure shown is line-like. Ying-
bo Zhou et al, in 0 have also used Hessian phase based fea-
tures. By systematically adapting the parameters to fit palm
vein structures, the Local Binary Pattern (LBP) operator, the
Local Derivative Pattern (LDP) operator and the fusion of the
two are used to create efficient descriptors for palm vein rec-
ognition. It is found that the proposed local texture can be
adapted to the vein description task for biometric recognition
and that the LDP operator consistently outperforms the LBP
operator in palm vein recognition 0. O introduced complex
spectral minutiae which utilize the orientation in addition to the
minutiae location; therefore a minutiae orientation extraction
algorithm based on a fast convolution approach is proposed.
Location and complex spectral minutiae when fused at the
score level results in increased recognition rate. In addition to
the feature extraction techniques described above, many other
techniques such as , Gaussian filter 000, shock filter 0, PCA 0,
Gabor filters 0, Laplacian palm 00 and Ordinal CodeO0 are
frequently used to extract palm vein pattern from the palm vein
images. Also different distance measures have been used for
matching such as Euclidean distance, Hamming distance, Co-
sine similarity, Exclusive-or operator, AND operator, and OR
operator. Also some models of neural networks have been
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used for matching step such as Adaptive Resonance Theory 1
(ART1) networks, Learning Vector Quantization (LVQ) and
Cellular. Creating fast and modality-dependent feature extrac-
tors is one of the open challenges in this field Reducing noise
in the palm vein images is a problem that needs more analy-
sis. The external lights can also affect the infrared light source
so that some images have very poor quality.

4 FUsSION TECHNIQUES FOR MULTIMODAL SYSTEMS

To improve the performance of the biometric system and make
it immune to spoof attacks, a combination of modalities is used
and is called as multimodal biometric system [113]. The most
compelling reason to combine different modalities is to im-
prove the recognition rate. This can be done when biometric
features of different biometrics are  statistically independent
0. A multimodal biometric system fuses the individual modali-
ties by integrating the information obtained from these modali-
ties. Fusion can be performed at the four different levels; at the
sensor level, at the feature-extraction level, at the matching-
score level and at the decision level as shown inFig.6.

o> Sensor Level ‘

> Feature Level ‘

Biometric
Fusion

Score Level

o

—= Decision Level

Fig.6 Fusion Levels in Multimodal Biometrics

Fusion at the sensor level is performed by integrating informa-
tion from different sensors before feature extraction takes
place. Although fusion at such a level is expected to enhance
the biometric recognition accuracy 0[126], it cannot be used
for multimodal biometrics because of the incompatibility of
data from different modalities 0. Fusion at the feature-
extraction level is performed by concatenating feature vectors
obtained from different modalities. Integration at the feature
extraction level is expected to perform better than fusion at
other levels 0. The main reason is that the feature level con-
tains richer information about the raw biometric data. The ex-
tracted features are also relatively robust to position variations
and can be made invariant to size, orientation and/or lighting.
However, such a fusion type is not always feasible 0[126]. For
example, in many cases the given features might not be
compatible due to differences in the nature of modalities and
also such concatenation may lead to a feature vector with a
very high dimensionality which increases the computational
complexity. It is reported that a significantly more complex
classifier design might be needed to operate on the concate-
nated data set at the feature level space 0. Fusion at the
matching-score level is performed by combining matching
scores obtained from multiple matchers. Matching-score level
fusion is widely used owing to its good performance, intuitive-
ness and simplicity 0. Normalization step for fusion at the
matching-score level is necessary as the matching scores at
the output of the individual matchers can be represented in
different ways. The output of a matching algorithm varies; it

can be distances (as a measure of dissimilarity), proximities
(as a measure of similarity). The matcher outputs can be in
different numerical ranges. Genuine and impostor matching
scores from different modalities may not follow the same sta-
tistical distributions. In general, normalization is performed by
using a normalization function, whose parameters are ob-
tained based on a training set. Various heuristic normalization
functions are used such as linear, hyperbolic tangent, double-
sigmoid O or piece-wise linear function 0. Normalization can
also be performed based on Bayes theorem 0, which assumes
independence of different modalities. The piecewise-linear
normalization, which has proven to work well for many applica-
tions OOtransforms the matching scores into a common inter-
val [0-1]. Normalized scores can be combined into a unique
similarity measure by one of the following fusion rules: simple
sum, weighted sum, minimum score, maximum score or prod-
uct rule. In fusion at the decision level, accept/reject decision
of multiple systems is consolidated into unique decision. This
can be performed either by voting, weighted voting (in which
each system is given a weight according to its accuracy) or
decision trees. Fusion at the decision level is considered to be
rigid due to the availability of limited information O. It is gener-
ally believed that a combination scheme applied at an early
stage for example at sensor or feature level, in the recognition
system is more effective than at a later stage (decision level).

4.1 Fusion Techniques: Palm Vein as Modality

In 0, the authors collected palm print and palm vein images
from 500 different volunteers from the Shenzhen Graduate
School of Harbin Institute of Technology and The Hong Kong
Polytechnic University. For palm print, orientation texture-
based coding features were extracted and for palm vein,
matched filters based coding features were extracted. Ham-
ming distance was used as a distance measure in both the
cases to obtain individual matching scores. Fusion, after nor-
malization, was then performed at score level to obtain a Ge-
nuine Acceptance Rate (GAR) of 99.7% in the verification
mode. In 0, palm vein and signature biometrics were fused at
feature level. A database of 37 palm vein image and signa-
tures was collected from employees of Center of Scientific
Computing located in Mansoura University. Features extracted
(Morphological and SIFT features) were concatenated using a
simple sum rule. The dimensionality of the resultant feature
vector was reduced using Discrete Cosine Transform (DCT)
algorithm. The feature vector is then fed to LVQ classifier. A
Genuine Acceptance Rate (GAR) of 96.98% is obtained using
this system. Feature level fusion of palmprint and palm vein
images using 16, entropy based features with a recognition
rate of 99% has been proposed in 0.As feature level fusion
was performed; normalization is avoided, thus simplifying the
verification process.

4.2 Fusion Techniques: Face as Modality

In0, M.ILAhmed et al, introduced a multimodal biometric sys-
tem for face and palmprint images using fusion techniques
at the feature level. Gabor based image processing is
utilized to extract discriminant features, while PCA and LDA
are used to reduce the dimension of each modality. The
output features of LDA are serially combined and classified by
a Euclidean distance classifier. The experimental results
based on Olivetti Research Laboratory (ORL) face and Hong
Kong Polytechnic University (Poly-U) palm print databases,
with 40 individuals, yielded a recognition rate of 99.5%. Sheet-
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al Chaudhary et al in0O, presented a multimodal biometric sys-
tem integrating palm print, fingerprint and face based on
score level fusion. The block diagram of the system is shown
in Fig.7. In this system, different feature extraction techniques
are applied for each modality; PCA is used for feature extrac-
tion of palm print and face, while a minutia matching is used
for fingerprint feature extraction. The matching score between
two palm print(and eigen face) feature vectors was calcu-
lated using the Euclidean distance while a similarity score is
generated for minutiae based finger print matching. The
matching scores from the individual recognizers are then
passed to the fusion module. A GAR of about 95% was ob-
tained.

4.3 Fusion Techniques: Palm Vein and Face as
Modalities

In 0, S.F.Bahgat et al, proposed a bi-modal biometric authenti-
cation system that fuses the features of the palm veins with
that of the face. The palm vein and face images were collected
for 18 persons. The functional flow of the system is shown in
Fig.8.
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Fig.7 Block-diagram of the multimodal biometric recognition
system using Palm print, fingerprint and face features
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Among all the approaches studied, Moment Invariants (MIs)
feature vector guaranteed better recognition rates. Fusing the
MI feature vectors improved the recognition rate by 30% 0. A
recognition rate of 96.22% was obtained in verification mode
even when the input images were corrupted with noise (salt
and pepper) in this system. In Table.l, the recognition rates of
the multimodal biometric systems discussed above are com-
pared. It can be seen from the table that, the recognition rates
of multimodal biometric systems are significantly high (above
95%).It can also be noted that fusion at feature level (by con-
catenating features of different modalities), seems to be the
preferred technique in multimodal biometric authentication as
feature level data has richer raw data information of the biome-
tric trait without the additional complexity of normalization dur-
ing fusion.

TABLE 1. RECOGNITION RATE OF MULTIMODAL SYSTEMS IN VERI-
FICATION MODE

Rec-
. ) Fu- Fusion Nor ogni-
Biometric sion Tech- ma- | Database de- tion
Traits level nique E(Z)?]' tails Rate
(%)
Palm Vein .
and  Palm E;/c;e \évfrlr??ltj?g Yes. | 500 (local) 09.7
Print
Palm Vein | Fea- 37 (local)
and Signa- | ture COUcate No 5 training and 5 | 96.98
nation :
ture Level testing
Palm Vein | Fea- Concate-
and Palm | ture nation No 100 (local) 99
Print Level
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Fea- 40 ORL &

Face and Concate- Poly-U)
. ture - No L 99.5

Palm Print nation 5 training and 5

Level :

testing
Face, Palm .
print  and Score | weighted Yes | Not indicated 95
) : level sum rule
Fingerprint
. Fea-

Paim Vein | e Concate- |\, 18 (local) 96.22*
and Face Level nation

*Recoghnition rate obtained on input images that are corrupted
with noise

5 CONCLUSIONS

In this paper, a survey of various techniques for face, palm
vein recognition and fusion of both the modalities was pre-
sented. Owing to its non-intrusive nature, person authentica-
tion based on face recognition has good user acceptability and
such systems have reached a certain degree of maturity when
operating under constrained conditions. However, they have
not been able to achieve reliable performances where factors
like pose, occlusion, illumination conditions, expression, etc.
cannot be controlled. Feature based face detection techniques
have overcome some of the limitations. In these techniques,
depending upon the actual condition, it may be necessary to
use more features thus increasing the dimensions of the fea-
ture vector. Reduction in dimensionality can be achieved by
selecting optimal features. However, automating feature detec-
tion and selection process, to reduce dimensionality, remains
an open issue in these techniques. Holistic approaches have
been successful in reducing dimensionality while achieving
good recognition rates. However, retaining discriminative in-
formation, while reducing computational complexity, is a chal-
lenge. Though 3D face recognition techniques seem to over-
come the problem of occlusion that can be seen in 2D face
recognition systems, they are computationally expensive. De-
signing systems that are invariant to factors like age which
affect the permanence of the face biometric also remains an
open problem in this area. Palm veins present some desirable
properties like high permanence and distinctiveness that help
in discriminating different classes accurately. It is also difficult
to spoof, since vascular patterns lie under the skin and is not
affected by adverse sensing environments. These advantages,
in addition to high recognition rates, make palm vein based
recognition a favored technology at high security establish-
ments. However, palm vein based recognition is relatively new
technology and has not been explored fully for real-world ap-
plications. There is a need to develop new algorithms and
techniques that will exploit the full potential of palm vein based
recognition. Creating fast and modality-dependent feature ex-
tractors is one of the open challenges in this field. Another
challenge faced by the researchers is to reduce noise in the
palm vein images due to illumination, external light intensity
and temperature conditions. Reducing the computational com-
plexity and shortening the authentication time are goals to be
achieved in future.The performance of face based recognition
systems, affected by factors like pose and illumination, can be
enhanced by combining it with a different modality. Palm vein
being statistically independent (with face) and difficult to spoof,
is ideal for such fusion. Fusion can be achieved at different
levels. However feature level fusion is preferred, as it contains
richer information about the raw biometric data and can be
made invariant to size, orientation and lighting. Fusion at fea-
ture level also ensures that the additional complexity of norma-

lization, needed at score level fusion, is not needed. However,
fusion of features results in high dimensional feature vector
which increases computational complexity and makes the
classifier design complex. Thus dimensionality reduction and
the problems faced by individual modalities need to be ad-
dressed to reduce the computational complexity and time.
Simple algorithms, to achieve real time recognition perfor-
mances in practical applications, need to be designed.

ACKNOWLEDGMENT

We are thankful to the Board of Research in Nuclear Sciences,
Dept of Atomic Energy, Govt of India for their constant support
and encouragement.

REFERENCES
[1] C. Nastar, M. Mitschke, ‘Real time face recognition
using feature combination’, Third IEEE International
Conference on Automatic Face and Gesture Recog-
nition. Nara, Japan, 1998, pp. 312-317.

2] S. Gong, S. J. McKenna, and A. Psarrou., ‘Dynamic
Vision: From Images to Face Recognition’ Imperial
College Press (World Scientific Publishing Compa-
ny), 2000.

[3] T. Jebara, ‘3D Pose Estimation and Normalization for
Face Recognition’, Center for Intelligent Machines,
McGill University, Undergraduate Thesis May, 1996.

[4]  D. Blackbumn, J. Bone, and P. J. Phillips, ‘Face rec-
ognition vendor test 2000, Defense Advanced Re-
search Projects Agency, Arlington, VA, Technical re-
port A269514, February 16, 2001.

[5] P. J. Phillips, H. Wechsler, J.Huang, and P. J. Rauss,
‘The FERET database and evaluation procedure for
face-recognition algorithm’, Image and Vision Com-
puting, Vol.16, 1998, pp.295-306.

[6] P. J. Phillips, P. Grother, R. J. Micheals, D. M. Black-
burn, E. Tabassi, and J. M. Bone, ‘Face Recognition
Vendor Test (FRVT 2002), National Institute of Stan-
dards and Technology, Evaluation report IR 6965,
March, 2003.

[7 K. Messer, J. Kittler, M. Sadeghi et al, ‘Face Authen-
tication Test on the BANCA Database’, 17th Interna-
tional Conference on Pattern Recognition, Vol.4.
Cambridge, UK, 2004, pp.523-532.

[8] X. Q.Ding and C. Fang, ‘Discussions on some prob-
lems in face recognition’, Advances In Biometric
Person Authentication, Proceedings, Vol. 3338, Lec-
ture Notes In Computer Science: Springer Berlin /
Heidelberg, 2004, pp.47-56.

[9] J. Yang, X. Chen, and W. Kunz, ‘A PDA-based face
recognition system’, Proceedings of sixth IEEE
Workshop on Applications of Computer Vision. Or-
lando, Florida, 2002, pp.19-23.

[10] Kang-Seo Park, Rae-Hong Park, and Young-Gon

Kim, ‘Face Detection Using the 3x3 Block Rank Pat-

Copyright © 2015 IJTEEE.



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03 64
ISSN 2347-4289

(11]

[12]

(13]

(14]

(5]

[16]

(17]

(18]

[19]

(20]

[21]

terns of Gradient Magnitude Images and a Geome-
trical Face Model', 2011 IEEE Intemational Confe-
rence on Consumer Electronics (ICCE), pp. 793-794.

Rashmi Gupta, Anil Kishore Saxena, ‘Survey of Ad-
vanced Face Detection Techniques in Image
Processing’, Intemational Journal of Computer
Science and Management Research, Vol 1 Issue 2
September 2012, ISSN 2278-733X, pp. 156-164

Padma Polash Paul and Marina Gavrilova, ‘PCA
Based Geometric Modeling for Automatic Face De-
tection’, International Conference on Computational
Science and Its Applications, 2011, pp. 33-38.

Anima Majumder, L. Behera and Venkatesh K Sub-
ramanian, ‘Automatic and Robust Detection of Facial
Features in Frontal Face Images’, 13th International
Conference on Modelling and Simulation, UKSim,
2011, pp. 331-336.

Daesik Jang, Gregor Miller, Sid Fels, and Steve OlI-
dridge, ‘User Oriented Language Model for Face De-
tection’, ISSN- 978-1-61284-035-2, IEEE 2010, pp.
21- 26.

Jing-Ming Guo, Chen-Chi Lin, Min-Feng Wu, Che-
Hao Chang, and Hua Lee, ‘Face Detection Using
Probability- Based Face Mask Pre-filtering and Pixel-
Based Hierarchical-Feature Adaboosting’, EEE SIG-
NAL ROCESSING LETTERS, VOL. 18, NO. 8, AU-
GUST 2011, pp. 447-450.

R. Brunelli and T. Poggio, ‘Face recognition: features
versus templates’, IEEE Transactions on Pattern
Analysis and Machine Intelligence, Vol.15, 1993,
pp.1042- 1052.

M. A. Grudin, ‘On internal representations in face
recognition systems’, Pattern Recognition, Vol.33,
2000, pp.1161-1177.

B. Heisele, P. Ho, J. Wu, and T. Poggio, ‘Face rec-
ognition: component-based versus global approach-
es’, Computer Vision and Image Understanding,
Vol.91, 2003, pp.6-21.

Rabia Jafri, Hamid R. Arabnia, ‘A Survey of Face
Recognition Techniques’, Journal of Information
Processing Systems, Vol.5, No.2, June 2009, pp. 41-
67.

T. Kanade, ‘Picture Processing System by Computer
Complex and Recognition of Human Faces’ Kyoto
University, Japan, PhD. Thesis 1973.

Yuille, D. Cohen, and P. Hallinan, ‘Feature extraction
from faces using deformable templates’, IEEE Com-
puter Society Conference on Computer Vision and
Templates, San Diego, CA, USA, 1989, pp.104-109.

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

Copyright © 2015 IJTEEE.

N. Roeder and X. Li, ‘Experiments in analyzing the
accuracy of facial feature detection’, Vision Interface
'95, 1995, pp.8-16.

C. Colombo, A. D. Bimbo, and S. D. Magistris, ‘Hu-
man-computer interaction based on eye movement
tracking’, Computer Architectures for Machine Per-
ception, 1995, pp.258-263.

M. Nixon, ‘Eye spacing measurement for facial rec-
ognition’, SPIE Proceedings, 1985, pp.279-285.

D. Reisfeld, ‘Generalized symmetry transforms: at-
tentional mechanisms and face recognition’ Tel- Aviv
University, PhD. Thesis, technical report 1994.

H. P. Graf, T. Chen, E. Petajan, and E. Cosatto, ‘Lo-
cating faces and facial parts’, International Workshop
on Automatic Face- and Gesture- Recognition, 1995,
pp.41-46.

Craw, D. Tock, and A. Bennett, ‘Finding face fea-
tures’, Second European Conference on Computer
Vision, 1992, pp.92-96.

S. Lawrence, C. L. Giles, A. C. Tsoi, and A. D. Back,
‘Face Recognition: A Convolutional Neural Network
Approach’, IEEE Transactions on Neural Networks,
Special Issue on Neural Networks and Pattern Rec-
ognition, 1997, pp.1-24.

L. Wiskott, J.-M. Fellous, N. Kruger, and C. von der
Malsburg, ‘Face Recognition by Elastic Bunch Graph
Matching’, IEEE Transactions on Pattern Analysis
and Machine Intelligence, Vol.19, 1997, pp.775- 779.

M. Lades, J. C. Vorbriggen, J. Buhmann, J. Lange,
C. v. d. Malsburg, R. P. Wurtz, and W. Konen, ‘Dis-
tortion invariant object recognition in the dynamic link
architecture’, IEEE Trans. Computers, Vol.42, 1993,
pp.300-311.

G. Sukthankar, ‘Face recognition: a critical look at
biologically-inspired approaches’, Carnegie Mellon
University, Pittsburgh, PA, Technical Report: CMU-
RITR- 00-04 2000.

P. Campadelli and R. Lanzarotti, ‘A Face Recognition
System Based on Local Feature Characterization’,
Advanced Studies in Biometrics, Vol.3161, Lecture
Notes in Computer Science, M. Tistarelli, J. Bigun,
and E. Grosso, Eds. Berlin: Springer, 2005, pp.147-
152.

G. J. Kaufman and K. J. Breeding, ‘Automatic recog-
nition of human faces from profile silhouettes’ IEEE
Transactions On Systems Man And Cybernetics,
SMC, Vol.6, 1976, pp.113-121.

L. D. Harmon, M. K. Khan, R. LAsch, and P. F. Ram-
ing, ‘Machine ldentification of human faces’ Pattern
Recognition, Vol.13, 1981, pp.97-110.



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03 65
ISSN 2347-4289

[39]

(36]

[37]

(38]

[39]

[40]

(41]

[42]

[43]

(44]

[49]

[46]

(47]

Z. Liposcak and S. Loncaric, ‘A scale-space ap-
proach to face recognition from profiles’, Proceedings
of the 8th International Conference on Computer
Analysis of Images and Patterns, Vol. 1689, Lecture
Notes In Computer Science. London, UK: Springer-
Verlag, 1999, pp.243-250.

R. Cendrillon and B. C. Lowell, ‘Real-Time Face
Recognition using Eigenfaces’, Proceedings of the
SPIE International Conference on Visual Communi-
cations and Image Processing, Vol.4067, 2000,
pp.269-276.

J. Cox, J. Ghosn, and P. N. Yianilos, ‘Feature based
face recognition using mixture-distance’, Proceedings
of IEEE Conference on Computer Vision and Pattern
Recognition, 1996, pp.209-216.

L. Sirovich and M. Kirby, ‘Low-dimensional Procedure
for the Characterization of Human Faces’, Journal of
the Optical Society of America A: Optics, Image
Science, and Vision, Vol.4, 1987, pp.519-524.

K. Jain and R. C. Dubes, ‘Algorithms for Clustering
Data’, New Jersey: Prentice-Hall, 1988.

Fukunaga, ‘Introduction to Statistical Pattern Recog-
nition’, second ed. Boston, MA: Academic Press,
1990.

M. Turk and A. Pentland, ‘Face Recognition Using
Eigen faces’ Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 1991,
pp.586-591.

M. Turk and A. Pentland, ‘Eigen faces For Recogni-
tion’, Joumal Of Cognitive Neuroscience, Vol.3,
pp.71-86, 1991.

Pentland, B. Moghaddam, and T. Starner, ‘View
based and modular eigenspaces for face recognition’,
IEEE Conference on Computer Vision and Pattern
Recognition, 1994, pp.84-90.

P. N. Belhumeur, J. P. Hespanha, and D. J. Krieg-
man, ‘Eigen faces vs. Fisher faces: Recognition using
class specific linear projection’ IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol.19,
1997, pp.711-720.

Y. Moses, Y. Adini, and S. Ullman, ‘Face recognition:
the problem of compensating for changes in illumina-
tion direction’, European Conf. Computer Vision,
1994, pp.286-296.

R. A. Fisher, ‘The use of multiple measures in tax-
onomic problems’, Annals of Eugenics, Vol.7, 1936,
pp. 179-188.

M. Martinez and A. C. Kak, ‘PCA versus LDA’, IEEE
Transactions on Pattern Analysis and Machine Intel-
ligence, Vol.23, 2001, pp.228-233.

[48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

Copyright © 2015 IJTEEE.

M. A. O. Vasilescu and D. Terzopoulos, ‘Multilinear
Subspace Analysis of Image Ensembles’, Proc.
IEEE Intl Conf. on Computer Vision and Pattern
Recognition, 2003, pp.93-99.

Q. Yang and X. Q. Ding, ‘Symmetrical Principal
Component Analysis and Its Application in Face
Recognition’, Chinese Journal of Computers, Vol.26,
2003, pp.1146-1151.

Yang and D. Zhang, ‘Two-Dimensional PCA: A New
Approach to Appearance-Based Face Representa-
tion and Recognition’, IEEE Trans. Pattern Analysis
and Machine Intelligence, Vol.28, pp.131- 137, 2004.

Meng and W. Zhang, ‘Volume measure in 2D PCA
based face recognition’, Pattern Recognition Letters,
Vol.28, 2007, pp.1203-1208.

G. D. C. Cavalcanti and E. C. B. C. Filho, ‘Eigen
bands Fusion for Frontal Face Recognition’, Proceed-
ings of IEEE International Conference on Image
Processing, Vol.1, 2003, pp.665—668.

R. Tan and S. C. Chen, ‘Adaptively weighted subpat-
temm PCA for face recognition’, Neurocomputing,
Vol.64, 2005, pp.505-511.

P. Kumar, S. Das, and V. Kamakoti, ‘Face recogni-
tion using weighted modular principle component
analysis’, Neural Information Processing, Vol.3316,
Lecture Notes In Computer Science: Springer Berlin /
Heidelberg, 2004, pp.362-367.

V. D. M. Nhat and S. Lee, ‘An Improvement on PCA
Algorithm for Face Recognition’, Advances in Neural
Networks - ISNN 2005, Vol.3498, Lecture Notes in
Computer Science. Chongging: Springer, 2005,
pp.1016-1021.

N. Sun, H.-x.Wang, Z.-h.Ji, C.-r. Zou, L. Zhao, ‘An ef-
ficient algorithm for Kernel two-dimensional principal
component analysis’, Neural Computing & Applica-
tions, Vol.17, 2008, pp.59-64.

D. zZhang, Z.-H. Zhoua,S. Chen, ‘Diagonal principal
component analysis for face recognition’, Patten
Recognition, Vol.39, 2006, pp.140-142.

H. Yu and J. Yang, ‘A Direct LDA Algorithm for High-
dimensional Data with Application to Face Recogni-
tion’, Pattern Recognition, Vol.34, 2001, pp.2067-
2070.

F. Song, D. Zhang, J. Wang, H. Liu, and Q. Tao, "A
parameterized direct LDA and its application to face
recognition’, Neurocomputing, Vol.71, 2007, pp.191-
196.

D. Zhou and X. Yang, ‘Face Recognition Using Di-
rect-Weighted LDA’, 8th Pacific Rim International
Conference on Artificial Intelligence. Auckland, New
Zealand, 2004, pp.760-768.



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03 66
ISSN 2347-4289

(61]

[62]

[63]

(64]

(65]

(66]

[67]

[68]

[69]

[70]

[71]

[72]

Chen, H. Liao, M. Ko, L. J., and G. Yu, ‘A New LDA-
based Face Recognition System Which Can Solve
the Small Samples Size Problem’, Journal of Pattern
Recognition, Vol.33, 2000, pp.1713-1726.

W. Liu, Y. Wang, S. Z. Li, and T. Tan, ‘Null Space
Approach of Fisher Discriminant Analysis for Face
Recognition’, Biometric Authentication, Vo0l.3087,
Lecture Notes in Computer Science: Springer Berlin /
Heidelberg, 2004, pp.32-44.

X. Wang and X. Tang, ‘Dual-space Linear Discrimi-
nant Analysis for Face Recognition’, Proceedings of
IEEE International Conference on Computer Vision
and Pattern Recognition, 2004, pp.564-569.

Loog, R. P. W. Duin, and R. Haeb-Umbach, ‘Multic-
lass Linear Dimension Reduction by Weighted Pair-
wise Fisher Criteria’, IEEE Transactions on Pattemn
Analysis and Machine Intelligence, Vol.23, 2001,
pp.762-766.

J. H. Friedman, ‘Regularized Discriminant Analysis’,
Journal of the American Statistical Association,
Vol.84, 1989, pp.165-175.

P. Howland and H. Park, ‘Generalized Discriminant
Analysis Using the Generalized Singular Value De-
composition’, IEEE Trans. On Pattern Analysis and
Machine Intelligence, Vol.260, 2004, pp.995-1006.

J. P. Ye, R. Janardan, C. H. Park, and H. Park, ‘An
Optimization Criterion for Generalized Discriminant
Analysis on Undersampled Problems’, IEEE Trans.
On Pattern Analysis and Machine Intelligence,
Vol.26, 2004, pp.982—994.

J. W. Lu, K. N. Plataniotis, and A. N. Venetsanopou-
los, ‘Face Recognition Using LDA-based Algorithms’,
IEEE Trans. On Neural Networks, Vol.14, 2003,
pp.195- 200.

J. W. Lu, K. N. Plataniotis, and A. N. Venetsanopou-
los, ‘Boosting Linear Discriminant Analysis for Face
Recognition’,  Proceedings of IEEE International
Conference on Image Processing, Vol.1, 2003,
pp.657-660.

Q. Yang and X. Q. Ding, ‘Discriminant Local Feature
Analysis of Facial Images’, IEEE International Confe-
rence on Image Processing, Vol.2, 2003, pp.863-866.

Q. Liu, H. Lu, and S. Ma, ‘Improving Kernel Fisher
Discriminant Analysis for Face Recognition’, IEEE
Transactions on Circuits and Systems for Video-
Technology, Vol.14, 2004, pp.42-49.

B. Schdlkopf, ‘Nonlinear Component Analysis as a
Kernel Eigen value Problem’, Neural Computation,
Vol.10, 1998, pp.1299-1319.

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

Copyright © 2015 IJTEEE.

Q. Liu, X. Tang, H. Lu, and S. Ma, ‘Kemel Scatter-
Difference Based Discriminant Analysis for Face
Recognition’, Proc. IEEE International Conference on
Pattern Recognition, 2004, pp.419-422.

Li and B. Yuan, 2D-LDA: A statistical linear discrimi-
nant analysis for image matrix’, Pattern Recognition
Letters, 2005, Vol.26, pp.527-532.

H. L. Xiong, M. N. S. Swamy, and M. O. Ahmad,
‘Two-dimensional FLD for face recognition’, Pattern
Recognition, 2005, Vol.38, pp.1121-1124.

X.Y.ding, Y. Y. Tang, and D. Zhang, ‘A Fourier- LDA
approach for image recognition’, Pattern Recognition,
2005, Vol.38, pp.453-457.

Y. W. Pang, L. Zhang, M. J. Li, Z. K. Liu, and W. Y.
Ma, ‘A novel Gabor-LDA based face recognition me-
thod’, Advances In Multimedia Information
Processing - Pcm 2004, Pt 1, Proceedings, vol. 3331,
Lecture Notes In Computer Science, 2004, pp.352-
358.

V. D. M. Nhat and S. Lee, ‘Block LDA for Face Rec-
ognition’, Computational Intelligence and Bioinspired
Systems, Vol.3512, Lecture Notes in Computer
Science: Springer Berlin / Heidelberg, 2005, pp.899-
905.

D. Zhou and X. Yang, ‘Face Recognition Using En-
hanced Fisher Linear Discriminant Model with Facial
Combined Feature’, PRICAI 2004: Trends in Artificial
Intelligence, Vol.3157, Lecture Notes in Computer
Science: Springer Berlin / Heidelberg, 2004, pp.769-
777.

W. C. Zhang, S. G. Shan, W. Gao, Y. Z. Chang, and
B. Cao, ‘Component-based cascade linear discrimi-
nant analysis for face recognition’, Advances In Bio-
metric Person Authentication, Proceedings, Vol.3338,
Lecture Notes In Computer Science, 2004, pp.288-
295,

H. Zhao and P. C. Yuen, ‘Incremental Linear Discri-
minant Analysis for Face Recognition’, IEEE Trans-
actions on Systems, Man & Cybernetics: Part B,
Vol.38, 2008, pp.210-221.

J. Li, S. Zhou, and C. Shekhar, ‘A Comparison of
Subspace Analysis for Face Recognition’, Proc. IEEE
Intl Conf. on Acoustics, Speech, and Signal
Processing, 2003, pp.121-124.

C. Liu and H. Wechsler, ‘Evolutionary Pursuit and lts
Application to Face Recognition’, IEEE Transactions
on Pattern Analysis and Machine Intelligence, Vol.22,
2000, pp.570-582.

H.-L. Huang, H.-M. Chen, S.-J. Ho, and S.-Y. Ho,
‘Advanced Evolutionary Pursuit for Face Recogni-
tion’, Journal of VLSI Signal Processing-Systems for
Signal, Image, and Video Technology, 2006.



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03 67
ISSN 2347-4289

(89]

(86]

(87]

(88]

(89]

[90]

[91]

[92]

(93]

[94]

[95]

[96]

[97]

(98]

J. Ly, K. N. Plataniotis, A. N. Venetsanopoulos, and
S. Z. Li, ‘Ensemble-based Discriminant Learning with
Boosting for Face Recognition’, IEEE Transactions
on Neural Networks, Vol.17, 2006, pp.166-178.

J. Lu and K. N. Plataniotis, ‘Boosting face recognition
on a large-scale database’, Proceedings of IEEE In-
ternational Conference on Image Processing, Vol.2.
Rochester, NY, 2002, pp.109-112.

Y. Freund and R. E. Schapire, ‘A decision-theoretic
generalization of on-line learning and an application
to boosting’, Journal of Computer and System
Sciences, Vol.55, 1997, pp.119-139.

R. E. Schapire, ‘The boosting approach to machine
learning: An overview’ MSRI Workshop Nonlinear Es-
timation and Classification, 2002, pp.149-172.

Yongkang Wong, Mehrtash T. Harandi, Conrad San-
derson, ‘On robust face recognition via sparse cod-
ing’, |ET Biometrics, 10.1049/iet-bmt.2013.0033, 14

pp.

S. Tiwari S.K. Singh, ‘Face recognition for newborns’,
IET Biometrics, Vol. 1, Iss. 4, 2012, pp. 200-208

S.-M. Huang J.-F. Yang, ‘Subface hidden Markov
models coupled with a universal occlusion model for
partially occluded face recognition’, IET Biometrics,
Vol. 1, Iss. 3, 2012, pp. 149-159

J. Ma"a" tta” A. Hadid M. Pietika™ inen, ‘Face spoofing
detection from single images using texture and local
shape analysis’, IET Biometrics, Vol. 1, Iss. 1, 2012,
pp. 3-10

C. Beumier and M. Acheroy, ‘Automatic Face Rec-
ognition’, Proceedings symposium IMAGING. Eind-
hoven, The Netherlands, 2000, pp.77-89.

Shigeru Sasaki, and Akira Wakabayashi, ‘Business
Expansion of Palm Vein Pattern Authentication
Technology’, Fuijitsu Sci. Tech. J., 41, 3, 2005, pp.
341-347.

‘Palm Vein Pattern Authentication Technology’, Fuiit-
su white paper, 2005.

Hao luo,Fa-Xin Yu,Jeng-Shyang Pan,Shu-Chuan
Chu and Pei-Wei Tsai, ‘A Survey of Vein Recognition
Technigues’, Information technology Journal,vol.9,no
6,2010,pp.1142-1149.

Bhudev Sharma, ‘Palm Vein Technology’, Sardar
Vallabhbhai National Institute of Technology, De-
cember-2010.

Ishani Sarkar, Farkhod Alisherov, Tai-hoon Kim, and
Debnath Bhattacharyya, ‘Palm Vein Authentication
System: A Review’, International Journal of Control

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[100]

Copyright © 2015 IJTEEE.

and Automation, Vol. 3, No. 1, March, 2010, pp.27-
34.

Hassan Soliman, Abdelnasser Saber Mohamed and
Ahmed Atwan, ‘Feature Level Fusion of Palm Veins
and Signature Biometrics’, International Journal of
Video & Image Processing and Network Security 13-
VIPNS-IJENS Vol: 12 No: 01, 2012, pp.28-39.

Debnath Bhattacharyya , Poulami Das, Tai-hoon Kim
and Samir Kumar Bandyopadhyay, ‘Vascular Pattern
Analysis towards Pervasive Palm Vein Authentica-
tion’ , Journal of Universal Computer Science, vol. 15,
no. 5,2009, pp.1081-1089.

Yingbo Zhou and Ajay Kumar, ‘Human Identification
Using Palm-Vein Images’ , IEEE transactions on in-
formation forensics and security, vol. 6, no. 4, De-
cember 2011, pp.1259- 1247,

Y.-B. Zhang, Q. Li, J. You, and P. Bhattacharya,
‘Palm vein extraction and matching for personal au-
thentication’, in Lecture Notes in Computer Science.
Springer, 2007, pp. 154-164.

Qiang Li, Yan'an Zeng , Xiaojun Peng and Kuntao
Yang, ‘Curvelet-based palm vein biometric recogni-
tion’, CHINESE OPTICS LETTERS / Vol. 8, No. 6,
June 2010, pp.577- 579.

Pierre-Olivier Ladoux, Christophe Rosenberger and
Bernadette Dorizzi , ‘Palm Vein Verification System
based on SIFT matching’, Third International Confe-
rence on Advances in Biometrics, June 2009, pp.
1290-1298.

Yingbo Zhou and Ajay Kumar, ‘Contactless Palm
Vein I|dentification using Multiple Representations’,
4th IEEE international conference on biometrics:
Theory applications and systems (BTAS), September
2010, pp. 1-6.

David Zhang, Zhenhua Guo, Guangming Lu, Lei
Zhang, Yahui Liu, Wangmeng Zuo, ‘Online joint
palmprint and palmvein verification’ , Expert Systems
with Applications, No.11, 2010, pp. 2621-2631.

M.Deepamalar and M.Madheswaran, ‘An Enhanced
Palm Vein Recognition System Using Multi-level Fu-
sion of Multimodal Features and Adaptive Reson-
ance Theory', International Journal of Computer Ap-
plications (0975 - 8887) vol. 1 — No. 20, 2010, pp.95-
101.

D. Zhang, Z. Guo, G. Lu, L. Zhang, and W. Zuo, ‘An
online system of multispectral palmprint verification’,
IEEE Trans. Instrum. Meas., vol. 59, no. 2, Feb.
2010, pp. 480-490.

J.-G.Wang,W.-Y. Yau, A. Suwandy, and E. Sung,
‘Person recognition by fusing palmprint and palm vein
images based on Laplacian palm representation’,



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03 68
ISSN 2347-4289

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

Pattern Recognit., vol. 41, Oct. 2007, pp. 1514~
1527.

Y. Hao, Z. Sun, T. Tan, and C. Ren, ‘Multispectral
palm image fusion for accurate contact-free palmprint
recognition’, Intemational Conference on Image
Processing, 2008, pp. 281-284.

Leila Mirmohamadsadeghi, Andrzej Drygajlo, ‘Palm
vein recognition with local texture pattern’, |IET Bio-
metrics, 10.1049/iet-bmt.2013.0041, 9 pp.

Yiding Wang, Ke Zhang, Lik-Kwan Shark, ‘Personal
identification based on multiple keypoint sets of dor-
sal hand vein images’, IET Biometrics, doi:
10.1049/iet-bmt.2013.0042, pp. 1-12

D. Hartung, M. Aastrup Olsen, H. Xu, H. Thanh
Nguyen1 C. Busch, ‘Comprehensive analysis of
spectral minutiae for vein pattern recognition’, IET
Biometrics, Vol. 1, Iss. 1, 2012, pp. 25-36

Ross and A. Jain, ‘Information Fusion in Biometrics’,
Pattern Recognition Letters, vol. 24, pp. 2115-2125,
2003.

K. Jain, K. Nandakumar and A. Ross, ‘Score Norma-
lization in Multimodal Biometric Systems’, Pattern
Recognition, Vol. 38, 2005.

Slobodan Ribari¢ and Ivan Fratri¢, ‘A Matching-Score
Normalization Technique for Multimodal Biometric
Systems’, Proc. 3rd COST 275 Workshop: Biome-
trics on the Internet, Hatfield, UK, October 2005, pp.
27-28.

Slobodan Ribari¢ and Ivan Fratri¢, ‘Experimental
Evaluation of Matching-Score Normalization Tech-
niques on Different Multimodal Biometric Systems’,
Proc. 13th IEEE Mediterranean Electrotechnical Con-
ference, Malaga, Spain, May 2006, pp.16-19.

Dhanashree Vaidya, Sheetal Pawar, Madhuri A Jo-
shi, S. Kar, AM. Sapkal, ‘Feature-level Fusion of
Palm Print and Palm Vein for Person Authentication
Based on Entropy Technique’, IJECT Vol. 5, Issue
spl-1, Jan - March 2014, pp. 53- 57.

S.F.Bahgat, S. Ghoniemy, M. Alotaibi, ‘Proposed
Multi-Modal Palm Veins-Face Biometric Authentica-
tion’, International Journal of Advanced Computer
Science and Applications, Vol. 4, No. 6, 2013, pp. 92-
96.

Q. Yang and X. Tang, ‘Recent Advances in Sub-
space Analysis for Face Recognition’, SINOBIOME-
TRICS, 2004, pp.275-287.

Torres, ‘Is there any hope for face recognition?’, Proc.
of the 5th International Workshop on Image Analysis
for Multimedia Interactive Services (WIAMIS 2004).
Lisboa, Portugal, 2004.

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

Copyright © 2015 IJTEEE.

Mona A. Ahmed, Hala M. Ebied, El-Sayed M. El-
Horbaty, Abdel-Badeeh M. Salem, ‘Analysis of Palm
Vein Pattern Recognition Algorithms and Systems’,
Analysis of Palm Vein Pattern Recognition Algorithms
and Systems, Volume 1, No.1, June — July 2013,
ISSN 2321-9017.

Kresimir Delac,Mislav Grgic, “A Survey Of Biometric
Recognition Methods”, 46th International SyrnPo-
Sium Electronics in Marine. ELMAR-2004. 16-18
June 2004. Zadar. Croatia

Anil K. Jain, Patrick Flynn and Arun A. Ross, “Hand-
book of Biometrics”.

Madhavi Gudavalli, Dr.S.Viswanadha Raju,Dr. A. Vi-
naya Babu, Dr.D.Srinivasa Kumar, "Multimodal Bio-
metrics - Sources , Architecture & Fusion Tech-
niques: An Overview", IEEE Transactions 978-0-
7695-4696-4/12 2012

Faundez-Zanuy, "Data fusion in biometrics," IEEE
Aerospace and Electronic Systems Magazine, vol.
20, pp. 34-38, 2005.

K. Jain and A. Ross, "Multibiometric Systems," In-
teragency Information Exchange on Biometrics,
2003.

Sheetal Chaudhary , Rajender Nath, “A Multimodal
Biometric Recognition System Based on Fusion of
Palmprint, Fingerprint and Face”, International Confe-
rence on Advances in Recent Technologies in Com-
munication and Computing, 2009.

M.1. Ahmad, W.L. Woo and S.S. Dlay, “Multimodal
Biometric Fusion at Featu re Level: Face and
Palmprint”, IEEE, 978-1-86135-369-6/101,2010

Erik Hjelm’as and Boon Kee Low, “Face Detection: A
Survey”, Computer Vision and Image Understanding
83, 236274 (2001), http:/mww.idealibrary.com

Muhammad Sharif, Sajjad Mohsin and Muhammad
Younas Javed, “A Survey: Face Recognition Tech-
niques”, Research Journal of Applied Sciences, En-
gineering and Technology, ISSN: 2040-7467, 2012

Xiaoguang Lu and Anil K. Jain, “Automatic Feature
Extraction for Multiview 3D Face Recognition”, Pro-
ceedings of the 7th International Conference on Au-
tomatic Face and Gesture Recognition, 2006

Hesher, A. Srivastava, and G. Erlebacher, “A Novel
Technique for Face Recognition Using Range Imag-
ing,” Proc. Intl Symp. Signal Processing and Its Ap-
plications, pp. 201-204, 2003.

G. Medioni and R. Waupotitsch, “Face Modeling and
Recognition in 3-D,” Proc. |IEEE Intl Workshop Anal-
ysis and Modeling of Faces and Gestures, pp. 232-
233, Oct. 2003.



INTERNATIONAL JOURNAL OF TECHNOLOGY ENHANCEMENTS AND EMERGING ENGINEERING RESEARCH, VOL 3, ISSUE 03
ISSN 2347-4289

[135] J. Cook, V. Chandran, S. Sridharan, and C. Fookes,
“Face Recognition from 3D Data Using lterative
Closest Point Algorithm and Gaussian Mixture Mod-
els,” Proc. Second Intl Symp

[136] Kevin W. Bowye, Kyong Chang, Patrick Flynn, “A
survey of approaches and challenges in 3D and mul-
ti-modal 3D + 2D face recognition”, Computer Vision
and Image Understanding 101 (2006) 1-15, Science
Direct

[137] G. Gordon, "Face Recognition Based on Depth Maps
and Surface Curvature,” in SPIE Proceedings:
Geometric Methods in Computer Vision, Vol.1570,
1991, pp.234-- 247.

[138] U. Castellani, M. Bicego, G. lacono, and V. Murino,
"3D Face Recognition Using Stereoscopic Vision,"
in Advanced Studies in Biometrics, Vol.3161, Lecture
Notes in Computer Science, M. Tistarelli, J. Bigun,
and E. Grosso, Eds.: Springer Berlin / Heidel-
berg, 2005, pp.126-137

[139] Y. Wang, C. Chua, and Y. Ho, "Facial feature
detection and face recognition from 2D and 3D im-
ages," Pattern  Recognition Letters, Vol.23,
pp.1191-1202, 2002.

[140] Xin Geng, Zhi-Hua Zhou and Kate Smith-Miles, “Au-
tomatic Age Estimation Based on Facial Aging Pat-
terns” |IEEE Transactions On Pattern Analysis And
Machine Intelligence, Vol. 29, No. 12, December
2007

[141] F. S. Samaria and A. C. Harter, "Parameterisation of
a stochastic model for human face identification,” in
Proceedings of the 2nd IEEE Workshop on Ap-
pli-cations of Computer Vision. Sarasota, FL, USA,
1994, pp.138-142.

[142] G.C. Zhang, X. S. Huang, S. Z. Li, Y. S. Wang, and
X. H. Wu, "Boosting local binary pattern (LBP)
based face recognition,” in Advances In Biometric
Person Authentication, Proceedings, Vol.3338, Lec-
ture Notes In Computer Science, 2004, pp.179-186.

Copyright © 2015 IJTEEE.



