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ABSTRACT

This paper presents a system for person identification using various basis functions of wavelet transform to extract
palmprint features. The palmprint image has been viewed as a texture image. The local features from the extracted
region of interest (ROI) of a palmprint represent the textural information present in the palmprint image in better
sense. The time-frequency representation of a signal is provided by wavelet transform. Hence in this work various
discrete wavelet basis functions for textural decomposition up to third level have been used. The feature vectors of
size 256x%1 have been extracted from the ROl and used as the feature map. Performance of the algorithm has been
tested using PolyU database. Various wavelets are compared in terms of recognition efficiency and computational

complexity for personal recognition using palmprint as biometrics.

Keywords: palmprints, discrete wavelet transform, wavelet basis functions, region of interest, Euclidian

distance.

I INTRODUCTION
The identity of a person based on the physiological or behavioral characteristics is provided by biometrics. Various

biometric technologies have their own pros and cons. Every biometric technology finds its own application area [1].
One of the well known biometrics systems having very high accuracy is iris based system [2]. The basic
shortcomings in these systems are high cost of iris acquisition system and high failure to enrolment rate andalso
these systems require higher cooperation from users. Due to the simplicity, low cost and good accuracy of
fingerprint recognition systems, they are most widely used in the world. Small amounts of dirt or grease on the
finger may affect the performance of fingerprint based system. Hand geometry based systems suffer from low
accuracy and high cost. Ear based recognition has a problem of ear being partially or fully occluded due to hair or
cap [3]. Face based recognition systems are low cost, requiring only a camera mounted in a suitable position like the
entrance of a physical access. In spite of such advantages, face based recognition systems are less acceptable than

fingerprint or palmprintbased systems [4].
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Palmprint is the region between wrist and fingers. Palmprint has features like wrinkles, principle lines, delta point,
datum points, minutiae points, singular points, ridges and textural pattern that can be considered as biometric
characteristics. Palmprint based identification system in comparison with other biometric systems have advantages
like stable and unique features of human hand, needs very less co-operation from users for data acquisition, non-
intrusive collection of data, low cost devices for data acquisition, low resolution images provide high accuracy,
palmprinthas a larger surface area for feature extraction, computation is much faster at the pre-processing and
feature extraction stages, most acceptable, reliable human identifier because the print patterns are not found to be
duplicated even in mono-zygotic twins [5].

Palmprint image acquisition uses offline and online methods. In offline the palm is painted with ink and put it on
paper whereas in online method CCD-based palmprint scanners are used. These digital scanners [6, 7] capture high
quality palmprint image which is further preprocessed to segment the centre of palmprint used for feature extraction.
These features can be used for matching. Many features of a palmprint can be used to uniquely identify a person. In
feature extraction low-resolution palmprint recognition approaches can be broadly classified into three categories
ashybrid, holistic and featurebased methods. Holistichased palmprint recognition approach use original palmprint
image as a whole to extract the features, which can be further divided into subspace-based [8], invariant moment-
based [9], and transform-based methods [10].In feature-based approaches, the local features of palmprint are
extracted for efficient palmprint recognition. The hybrid approaches use both holistic and local features to improve
the recognition accuracy and matching speed. Kong et al [11] used 2-D Gabor filter to obtain the textural
information. Field et al [12] proposed Log-Gabor filters to overcome the bandwidth limitation in traditional Gabor
filters. Zhigiang et al [13] proposed Gabor feature-based two-directional for palmprint recognition which is effective
in both recognition accuracy and speed. Meiru et al [14] proposed discriminative local binary patterns statistic for
palmprint recognition. J. You et al [15] introduced a texture-based dynamic selection scheme facilitating the fast
search for the best matching of the sample in the database in a hierarchical fashion. Wong et al [16] applied different
Sobel operators with threshold to represent feature vector. In transform-based feature extraction methods Discrete
Cosine Transform [17], Discrete Fourier Transform [18], Wavelet Transform [19], contourlet transform [20] are

used.

11 BLOCK DIAGRAM OF THE SYSTEM

Person identification system using palmprints operates in two modes namely enrolment phase and identification
phase. In the enrolment phase, several palmprint samples of the persons are passed to the system. The samples
captured by palmprint scanner are passed through pre-processing and feature extraction to produce the templates
which are then stored in the database. During recognition mode, the query palmprint image is passed to the system.
These query palmprints passes through pre-processing, feature extraction and comparison with the templates already
stored in the database to find correct match. Block diagram of thepalmprintrecognitionsystem using Wavelet
transform is as shown in Figure 1. It contains five modules such aspalmprint acquisition, preprocessing, feature

extraction, storage and matching with the query imprint. Palmprint image is captured with the help of palmprint
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scanner which is then converted into a digital imprint and is transmitted to a computer for pre-processing. In pre-
processing a co-ordinate system is set up on basis of the boundaries of fingers so as to extract a central part called as
ROI of a palmprint for feature extraction. Various basis functions of wavelets have been applied to extract textural
information from the central part. These textural features are then compared with the features stored in the database
as the templates of imprints during the enrolment phase. In order to find the close match between the query

palmprint and the template imprints stored in the database a distance measure is used.

Feature
Pre-processing extraction
(ROI selection) >  using Matching | Matchor
Wavelet 7y Non-match
transform
Feature
Query image Vector from
database

Figure 1 Block diagram of the wavelet based palmprintrecognition system
11l THEORETICAL ASPECTS OF WAVELET TRANSFORM

The time-frequency representation of a signal is provided by wavelet transform. It is used to overcome the
shortcomings of the short-time Fourier transform (STFT), which can be used to analyze non-stationary signals. The
main limitation of the STFT is that it gives a constant resolution at all frequencies, while the wavelet transform uses
a multi-resolution technique by which different frequencies are analyzed with different resolutions. The wavelet
transform is generally termed mathematical microscope in which big wavelets give an approximate image of the
signal, while the smaller wavelet zoom in on the small details. The basic idea of the wavelet transform is to
represent the signal to be analyzed as a superposition of wavelets. Continuous and discrete wavelets with various
types of basis functions have been used to do a hierarchical wavelet decomposition of the texture images by various

researchers. Here we have used discrete wavelets with various basis functions for textural decomposition.

Wavelets have been used to refer to a set of orthonormal basis functions generated by dilation and translation of
scaling function @and a mother wavelet . The finite scale multiresolution representation of a discrete function can
be called as discrete wavelets transform (DWT). DWT is a fast linear operation on a data vector, whose length is an
integer power of 2. The concept of one dimensional DWT and its implementation through sub-band coding can be

easily extended to two dimensional signals. Sub-band analysis of images require extraction of its approximate forms
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in both horizontal and vertical directions, details in horizontal direction alone (detection of horizontal edges), details
in vertical direction alone (detection of vertical edges) and details in both horizontal and vertical directions
(detection of diagonal edges). This analysis of 2-D signals requires the use of following two dimensional filter
functions through the multiplication of separable scaling function @and wavelet functions 3 in x (horizontal) and ¥

(vertical) directions defined as,

Bx, y) = B(x)B(y) ()
P y) = w(x) B() )
¥ Gey) = 00w 3)
Pl y) = (Ewy) (4)

where,
@(x, v) represents the approximate signal,
W (x, y)represents signal with horizontal details,
w" Cx, ylrepresents signal with vertical details, and

wP(x, v} represents signal with diagonal details.

The 2-D analysis filter implemented through separable scaling and wavelet functions is shown in Figure 2. Sub-
sampling by a factor of two is followed by filtering in each direction in such a way that each sub-bands
corresponding to the filter outputs include one-fourth of the number of samples compared to the original 2-D signal.
The output of the analysis filter banks is the Discrete Wavelet Transformed Coefficients.

hy (—m)2 w¥ (j,m,n)

— hy (=2 | Row (HH)
Columns —{hs(=m)=2 ¥ Wy (j,m,n)

Wol +Lm,n) Row (LH)
hy(—m)2 4 Wy (j,m,n)

(24 Row (HL)
Columns ho(—m2 | WG, m)

Row (LL)

Figure 2 2-D filtering analysis through separable scaling and wavelet functions.analysis filter.
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Figure 3 shows the decomposed sub-bands of the DWT. The bands @(x, ¥}, ¥ (x, ), w" (x,y) and w®(x,y) are

also referred to as LL, LH, HL and HH respectively, where the first letter represents whether it is low-pass (L) or
high-pass (H) filtered along the columns and the second letter represents whether the low-pass (L) or high-pass (H)
filtering is applied along the rows. Iterative application of the 2-D sub-band decompositions is possible on any of the
sub-bands. Commonly, it is the LL sub-band (the approximated signal) that requires analysis for further details. If
the LL sub-band is iteratively decomposed for analysis, the resulting sub-band partitioning is called the dyadic
partitioning. Every level of decomposition sub-samples the newly created sub-bands by a factor of two along the
rows and columns (that is, by a factor of four) as compared to the previous level of decomposition. However, the
total number of DWT coefficients considering all the sub-bands always remains same as that of the total number
ofpixels in the image. If one goes further up in the levels of decomposition, suffers a loss of resolution in the newly
created sub-bands. Thus, the first level of decomposition extracts the finest resolution of details; the sub-bands
created in the second level of decomposition extract coarser details than the first one and so on. These sub-images
are shown in the Figure 3 (b). Second iterations of the filtering process produce the two-scale decomposition as
shown in Figure 3(c), and the third iterations of the filtering process produce the three-scale decomposition as shown
in Figure 3(d).

W, (j+1,m,n)

Figure 3 Image decomposition (Dyadic partitioning) by 2-D DWT (@) Original image, (b) First level,
(c) Second level, (d) Third level
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It is possible to have a perfect reconstruction of the original 2-D signal (image) by a reverse process of synthesis
filtering. The synthesis filter banks along the rows and columns are associated with an up sampling by a factor of
two so that the reconstructed image can be shown at the original resolution. The synthesis filter banks therefore
perform the inverse discrete wavelet transform (IDWT), which is also lossless, like the DWT.

Wavelet Transformation can use various basis functions as the mother wavelet, since itcan produce all wavelet
functions used in the transformation through scaling and translation; it determines the characteristics of the resulting
Wavelet Transform. Different wavelet families make different trade-offs between how compactly the basis functions
are localized in space and how smooth they are. Also, they possess different properties of orthogonality and
symmetry. The orthogonal wavelets are linearly independent, complete in L*(R} and orthogonal. A family of real

orthogonal bases ;(x) obtained through translation and dilation of a kernel function (x} known as mother

wavelet which is used to decompose the image is given by,
Wil =27729(27x —n) ()
where,
Jandn are integers.
To construct the mother wavelet 1:(x), the scaling function ¢(x} is determined which satisfies the two scale
differential equation defined as,
B(x) =2 . h(k)B(2x — k) (6)
where,
kis the number of coefficients in the filter.
The wavelet kernel ¥ (x] is related to the scaling function via,
Y(x) = VZE; g(k)B(2x — k) W
where, g(k) = (—1)%Rr(1 - k)
The coefficient h{k} in (6) has to meet several conditions for the set of basis wavelet functions in (5) to be

orthonormal,unique and have a certain degree of regularity. In this paper various basis functions used for extraction
of palmprint features are Haar wavelet [21], Daubechies wavelets (dbN, where N is the order) [22-25], Coiflet

wavelet family (coifN, where N is the order) [26], symlet wavelet, biorthogonal family, reverse biorthogonal family.

Feature extraction using wavelet basis functions

Various steps involved in Wavelet transform based palmprint feature extraction are as follows:

Step 1Acquire the palmprint image.

Step 2Extraction of ROI from the palmprint image.

In order to make the proposed algorithm rotation and translation invariant, it is necessary to obtain a ROl from the
captured palmprint image, before extracting the feature vector. The major steps of palmprint image pre-processing to

extract the ROI are performed as follows:
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Step 1: Convolve the captured palmprint image with a low-pass filter. Convert this convolved palmprint into a
binary image using a threshold value.

Step 2: Extract the boundaries of the holesbetween fingers using a boundary-tracking algorithm. The start points and
end points of the holes are then marked in the process.

Step 3: Compute the center of gravityof each hole. Then construct a line that passes through the center of gravity of
each hole and midpoint of the holes. Based on these lines, two key pointscan easily be detected.

Step 4: Line up both the key points to get the Y-axis of the palmprint coordinate system and make a line through
their midpoint which is perpendicular to the Y-axis in order to determine the origin of the coordinate system.
Alignment of different palmprint images can be achieved with this coordinate system.

Step 5: Extraction of sub-image ofa fixed length and breadth on the basis of this coordinate system, which is located
at the certain part of the palmprint for feature extraction.

Step 3Compute the Wavelet Transform of ROI to generate feature vector.

In this step, we have extracted features of palmprint using various Wavelet basis functions. The local features from
the ROI of a palmprint represent the texture information present in the palmprint image in better sense. Divide the
cropped image into a set of non-overlapping blocks and sample the palmprint image by set of db4 wavelet
transformed images corresponding to third level of decomposition and finally the signature of the feature values are
computed from the average values of LL3 used to match using Euclidian distance measure.

Thus, the signature of the palmprint image and its average values of LL3 define the global components of the
palmprint and used as the feature vector. Cropped palmprint image,third level decomposition along with its

signature for sample wavelet basis functions are shown in Figure 4.

=]
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Figure 4Cropped palmprint image its third level decomposition along with signature
(a) db4, (b) bior6, (c)coifs, (d) haar, (e) rbio6.8, (f) sym8.
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IV RESULTS AND DISCUSSIONS

The algorithm has been implemented and tested on Core iV processor with 3.2 GHz, 2 GB RAM under MATLAB
environment. The performance analysis of the algorithm has been evaluated using the palmprint images from the
standard PolyU database available on the Hongkong polytechnic university website. PolyUpalmprint is a standard
Database (file size 429MB) contains 7752 grayscale images corresponding to 386 different palms in BMP image
format. Two sessions were conducted to collect twenty samples from each of these palms, where 10 samples were
captured in each session. Average interval between the first and the second collection was two months. The layout
of the right palm images are in such a way that fingers are on the left side and thumb is up and reverse position for
the left hand i.e. thumb is down. Resolution of these images is 384 x 284 with 256 grayscales.

Initially the ROI of size 128x128 is extracted from the capturedpalmprint images and images from PolyU
database.Then signatures of various wavelet basis functions at third level decomposition have been obtained from
these localized palmprint images. As the local features represent the texture information present in the palmprint
image in better sense, the wavelet transformed palmprint image is used as the feature map. The feature maps of all
the palmprint images have been stored as the database in computer hard disk. When a query palmprint image of the
person is applied to the computer, initially it is preprocessed and then its feature vector is generated and matched
with the feature vectors available in the database. The Euclidian distance classifier will give the minimum distance
for the stored template image that best matches with the query image. For experimentation purpose we have used
various wavelet basis functions like Haar, Daubechies, Biorthogonal, Symlet, Coiflet, Reverse biorthogonal
wavelets, etc. to represent the multiscalepalmprint image. The palmprint image is decomposed into three level sub-
bands and from LL3 the signature of feature vector is generated for each palmprintsub-band image. Thus, we have
got a feature vector of size 256 x 1 from the third level of wavelet decomposition.Performance of each feature was
tested independently. Here we have tested use of various basis functions for palmprint recognition. FAR and GAR
for various basis functions have been computed for PolyUpalmprint databasethe corresponding FAR and GAR for
various wavelets at different thresholds are shown in Figure 5.Coiflets wavelet is identified as the best wavelet basis
functions for palmprint recognition. The proposed scheme using multiresolution approach is computationally and
memory-wise very efficient. The computational efficiency is best using wavelet based features compared to Gabor
transform. We have selected Daubechies wavelet due to the compactness and low complexity of the filter.
Recognition rate for db2 wavelet was found to be 90% whereas recognition rate for Coiflets was found to be 94.33%

with minimum distance classifier based on Euclidean distance.
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FAR and GAR for Palmprint Recognition
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Figure 5 Percentage FAR and GAR plotted at various thresholds for different wavelets.

REFERENCES

[1] D. D. Zhang, Palmprint Authentication (International Series on Biometrics), Springer-Verlag New York, Inc.,
Secaucus, NJ, USA, 2004.

[2] R. Wildes, Iris recognition: an emerging biometric technology, Proceedings of the IEEE 85 (9) (1997) pp.1348 -
1363.

[3] A. Jain, R. Bolle, S. Pankanti, Biometrics: Personal ldentification in Networked Society, Kluwer Academic,
1999.

[4] International biometric groups consumer response to biometrics,

http://www.ibgweb.com/reports/public/reports/facial scan perceptions.html (2002).

[5] A. Kong, D. Zhang, G. Lu, A study of identical twins' palmprints for personal authentication, Pattern
Recognition 39 (11) (2006) pp.2149-2156.

[6] D. Zhang, W.K. Kong, J. You and M. Wong, On-line palmprint identification, IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 25, no. 9, pp. 1041- 1050, 2003.

[7] C.C. Han, A hand-based personal authentication using a coarse-to-fine strategy, Image and Vision Computing,
vol. 22, no. 11, pp. 909-918, 2004.

[8] T. Connie, T. Andrew, K. Goh, An automated palmprint recognition system, Image and Vision Computing, vol.
23, 2005, pp. 501-505.

[9] X. Wu, D. Zhang, K. Wang, A Fisherpalms based palm-print recognition, Pattern Recognition Letters, vol. 24,
2003, pp. 2829-2838.

[10] F. Yue, W. Zuo, D. Zhang, Orientation Selection Using Modified FCM for the Competitive Code-based
Palmprint Recognition, Pattern recognition, vol. 42, pp. 2841-2949, 2008

237 |Page



http://www.ibgweb.com/reports/public/reports/facial%20scan%20perceptions.html

International Journal of Innovative Research in Science and Engineering
Vol. No.3, Issue 02, February 2017

www.ijirse.com ISSN (O) 2454-9665
ISSN (P) 2454-0663

[11] W.K. Kong, D. Zhang and W. Li, 2003, Palmprint feature extraction using 2-D Gabor filters, Pattern
Recognition, vol. 36,pp. 2339-2347, Oct. 2003.

[12] R. Malviya, R. Kumar, A.Dangi, P. Kumawat, Verifica-tion of Palm Print Using Log Gabor Filter and
Comparison with ICA, International Journal of Computer Applications in Engineering Sciences, Special vol I,
special issue on cns , issn:2231-4946, 2011.

[13] zhigiangZenga, P. HuangbPalmprint Recognition using Gabor feature-based Two-directional Two-dimensional
Linear Discriminant Analysis, International Conference on Electronic & Mechanical Engineering and
Information Technology, IEEE, vol. 34, ISBN: 978-1-61284-087-1 pp. 1917 — 1921, Sept 2011

[14] M.M.Q. Ruan, Y. Shen, Palmprint recognition based on discriminative local binary patterns statistic feature,
Interna-tional Conference on Signal Acquisition and Processing, IEEE, 2010

[15] J. You, W. Li, D. Zhang, Hierarchical palmprint identification via multiple feature extraction, Patt.Recog. 35-
847-859,2002.

[16] Wong, K.Y.Edward ,Chekima, Dargham, Sainarayanan, Palmprint identification using Sobel operator, 10th
Intl. Conf. on Control, Automation, Robotics and Vision Hanoi, Vietnam, 978-1-4244-2287 |EEE, 2008

[17] Xiao-Yuan Jing and David Zhang, A Face and Palmprint Recognition Approach Based on Discriminant DCT
Feature extraction, IEEE TRANSACTIONS ON SYSTEMS,MAN,AND CYBERNETICS PART B:
CYBERNETICS, VOL. 34, NO. 6, DECEMBER 2004

[18] W. Li, D. Zhang, Z. Xu, Palmprint identification by Fou-rier transform, International Journal of Pattern
Recognition and Artificial Intelligence, vol. 16, no. 4, pp. 417-432,2002.

[19] G. Lu, K. Wang and D. Zhang Wavelet based feature ex-traction for palmprint identification, in Proceeding of
Second International Conference on Image and Graphics, pp. 780-784, 2002

[20] E. Ardabili, K. Maghooli, E. Fatemizadeh, Contourlet Features Extraction and AdaBoost Classification for
Palmprint Verification, Journal of American Science 7(7):353-362(1SSN: 1545-1003),2011

[21] M Mahmoud, M. Dessouky, S. Deyab and F. Elfouly, “Comparision between Haar and Daubechies Wavelet
transformions on FPGA Technology,” World Academy of Science, Engineering and Technology, Vol. 26, pp
68-72, 2007.

[22] 1. Daubechies, “Ten Lectures on Wavelets”, Rutgers University and AT&T Laboratories, 1992.

[23] G. Nason, “A Little Introduction to Wavelets,” IEE Colloquium on Applied Statiistical Pattern Recognition
(Ref. N0.1999/063), pp 1-6, 1999.

[24] A. Mertins, “Signal Analysis: Wavelets, Filter Banks, Time-Frequency Trans-forms and Applications,” John
Wiley and Sons, Chichester, 1999.

[25] A. Boggess and F. Narcowich, “A First Course in Wavelets with Fourier Analysis.” New Jersey: Prentice-Hall,
pp 232, 2001.

[26] M. Misiti, Y. Misiti, G. Oppenheim and J. Poggi, “ Wavelet Toolbox for Use with Matlab,” Natick (MA):
MathWorks. pp 6-63, 2000.

238 | Page




