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Abstract--- Palmprint is one of the most unique and stable
biometric  characteristics.  Although 2D  palmprint
recognition can achieve high accuracy, the 2D palmprint
images can be easily counterfeited and much 3D depth
information is lost in the imaging process. Previous works
on 3D palmprints has focused on local and global features
and also it requires some more training process during the
palm print recognition. In this paper, we propose feed
forward neural network basedpalm prints which describe
shape information and to improve the efficiency ofpalm-
print recognition. The feed forward neural network is trained
using back propagation algorithm which is being employed
to classify the palm images based on its features. Thus our
experiment demonstrates that the proposed model leads to
higher accuracies and also provides quick results, compared
against the pattern recognition technique that uses SVM
classifier for quantification.

Keywords: Global features, Feedforwardneural
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l. INTRODUCTION

There has been a high demand for personal identification
and verification for security reasons. Biometrics is
concerned with the unique, reliable and stable personal
physiological characteristics such as fingerprints, palmprint,
facial features, iris pattern, retina and hand geometry, or
some aspect of behavior, like speech and handwriting.
PALM-PRINT recognition has now been a topic of
researchfor over 10 years. Furthermore, palm prints have
some advantagesover other biometrics. Palm prints are
larger than fingerprintsand therefore more robust to scars
and dirt. Palm-print imagesare cheaper to collect and more
acceptable than iris. Palmprint classification by global
features[1] described the shape information of the 3D palm
print.Palm printscan distinguish between individuals more
accurately than faceand can also identify monozygotic twins
[2]. Traditionally, palm-print recognition has made use of
eitherhigh- or low-resolution 2-D palm-print images. High-
resolutionimages are suitable for forensic applications [3],
whilelow-resolution images are suitable for civil and
commercialapplications [4]. Most current research uses low-
resolutionpalm-print recognition and is either texture based
or line based.The texture-based methods include PalmCode
[4], CompetitiveCode [5], and Ordinal Code [6]. These
methods use a groupof filters to enhance and extract the
phase or directional featureswhich can represent the texture
of the palm print. Linebasedmethods use line or edge
detectors to explicitly extractline information from the palm
print that is then used formatching. The representative
methods  include  derivative-of-Gaussian-based  line
extraction [7] and modified-finite-Radom transform-based
line extraction [8].In recent years, 3-D techniques have been
applied to biometricauthentication, such as 3-D face [9],
[10] and 3-D ear recognition[11]. Most recently, a

structured-light-imaging [12], [13]3-D palm-print system
[14], [15] was developed that capturesthe depth information
of a palm print. This information is thenused to calculate the
mean and the Gaussian curvatures for usein 3-D palm-print
matching and recognition.

In this paper, we propose feed forward neural
networks to speed up the classification of palm images and
to determine the accuracy by using the parameter of
classification accuracy.

Il. THREE-DIMENSIONAL PALMPRINT CLASSIFICATION
A. ROI

A region of interest (ROI) is a portion of image that define
an ROI by creating a binary mask. The binary mask which is
a binary image that is the same size as the image to process
with pixels that define the ROI(fig.1) set to 1 and all other
pixels set to 0.The regions can be geographic in nature, such
as polygons that encompass contiguous pixels, or they can
be defined by a range of intensities. Any binary image can be
used as a mask, provided that the binary image is the same
size as the image being filtered.

B. Feed forward neural network (ffn)

A feedforward neural network is a biologically inspired
classification algorithm. It consists of a (possibly large)
number of simple neuron-like processing units, organized in
layers. Every unit in a layer is connected with all the units in
the previous layer. These connections are not all equal, each
connection may have a different strength or weight. The
weights on these connections encode the knowledge of a
network. Often the units in a neural network are also called
nodes.Data enters at the inputs and passes through the
network, layer by layer, until it arrives at the outputs.

During normal operation, that is when it acts as a
classifier, there is no feedback between layers. This is why
they are called feedforward neural networks(fig.2).In the
classification phase the weights of the network are fixed. A
pattern, presented at the inputs, will be transformed from
layer to layer until it reaches the output layer.

Fig. 1: 3D ROI

All rights reserved by www.ijsrd.com 491



Feed Forward Neural Network based Palm Pattern Classification
(1JSRD/Vol. 2/1ssue 02/2014/131)

Now classification can occur by selecting the
category associated with the output unit that has the largest
output value. For classification we only need to select an
FFNet.

The differences between the actual outputs and the
idealized outputs are propagated back from the top layer to
lower layers to be used at these layers to modify connection
weights. This is why the term backpropagation network is
also often used to describe this type of neural network.

INPUT LAYER HIDDEN LAYER

OUTPUT LAYER

Fig. 2: feed forward neural network.

C. Back propagation algorithm

Back propagation (generalized gradient descent) is a
generalization of the LMS algorithm. To define an error
function and would like to minimize it using the gradient
descent mean squared error is the performance index this is
achieved by adjusting the weights

Feed forward back propagation error neural networks are a
popular type of neural network and consist of an input layer,
one or more hidden layers and one output layer as shown in
fig 3. The structure shown will be used for feature matching
in this research. Neurons in the input layer only act as
buffers for distributing the input signal x; to neurons in the
hidden layer. Each neuron ; in the hidden layer sums up its
input signals x; after weighting them with the strengths of
the respective connections wj from the input layer and
computes its output y; as a function f of the sum:

Y= w;ixi) 1)

X

of The Output
Layer

Input Hidden

Layer Layer
Fig. 3: Feed forward back propagation error neutral
network

I1l. TERMS USED IN PALM PRINT CLASSIFICATION

A. Maximum depth(md)

MD means the maximum depth value of the 3-Dpalm from a
reference plane.Fig.4 shows maximum depth feature of the
palm print.

Fig. 4: Maximum depth

B. Horizontal cross sectional area (hca)

The HCA is defined as the area enclosed by the level curve.
The HCA is only a coarse description of the cross section.
Fig.5 shows the HCA of 3D palm image.

Fig. 5: Horizontal cross sectional area

C. Radial Line Length (RLL)

We propose the RLL feature which describes the shape of
the contour. First, we calculate the centroid of the first level
L1; thereafter, we treat it as the centroid of all levels. Then,
from the centroid, we draw M radial lines which intersect
with the contour of every level.
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Fig. 6: Radial Line Length
The distance between the intersection and the centroid is
defined as the RLL. Fig.6 shows radial lines and their cross
sections.
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IV. RESULTS AND DISCUSSION

The Feed forward neural network is trained by using
backpropagation algorithm which is being employed to
classify the images based on its features.This neural network
consists of input layer, hidden neurons and output layer. The
palm images as the input to the neural network and get the
output as values of palm images.To found the hidden
neurons inside the neural network by taking the average of
inputs and outpults.
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This network simultaneously trains the inputs to get the
expected accuracy value. The accuracy is measured by using

Regression and performance characteristics. This paper
achieves the regression value as 0.899.This value is also
same for accuracy. Compared to SVM ,this neural network
achieves high accuracy.

V. CONCLUSION

This paper has proposed feed forward neural network for 3-
D palmprintimages.We then improve the efficiency of 3-D
palmprintrecognition using back propagation algorithm
whichsignificantly reduce search time. The proposed model
leads to higher accuracies and also provides quick results,
compared against the pattern recognition technique that uses
SVM classifier for quantification.
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