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Abstract: Problem statement: Biometrics based personal identification is agHective method for
automatically recognizing, a person’s identity witligh confidence. Palmprint is an essential
biometric feature for use in access control anérsic applications. In this study, we present atimul
feature extraction, based on edge detection schapmying Log Gabor filter to enhance image
structures and suppress noiggproach: A novel Feature-Similarity Indexing (FSIM) of imag
algorithm is used to generate the matching scanedsmn the original image in database and the input
test image. Feature Similarity (FSIM) index forIfuéference (image quality assurance) IQA is
proposed based on the fact that Human Visual Sy@thi$) understands an image mainly according
to its low-level featuresResults and Conclusion: The experimental results achieve recognition
accuracy using canny and perwitt FSIM of 97.322d &4.718%, respectively, on the publicly
available database of Hong Kong Polytechnic Uniter§otally 500 images of 100 individuals, 4
samples for each palm are randomly selected to tnaihis research. Then we get every person each
palm image as a template (total 100). Experimestalluation using palmprint image databases
clearly demonstrates the efficient recognition parfance of the proposed algorithm compared with
the conventional palmprint recognition algorithms.

Key words. Feature-Similarity Indexing (FSIM), Human Visual ssgm (HVS) canny edge, log
Gabor Phase congruency, gradient magnitude, patnprécognition, palmprint
recognition algorithms

INTRODUCTION ridge structure, which can be used for matchingnghe
and Moonet al. (2008); Noh and Rhee (2005); Laadjel
Reliability —in  computer aided personal et al. (2008) and Sarhan (2009). The problem of
authentication is becoming increasingly importamt i palmprint-based personal identification can be
the information-based World, for effective SeCUrity described as follows: given an examp|e pa|mp|’int’
system. Biometrics is a scientific discipline that compare it with all of the possible candidatestie t

involves methods of identifying people by their jaiahase to determine whether the queried example
physical and or behavioral characteristics Baghal. and the candidates are from the same palm. The

(2011);Birgale and Kokare (2010 hanet al. (2010); ; : :
. : ) : ' search for the best matching is crucial for the
Halawani and AIb|deyv| (2010); Abandah angl An.ssar'performance of the system in terms of accuracy and
(2009) and Al-khouriand Bal (2007). Physiological - o e
e ' . efficiency. The criteria to measure the similarity
characteristics of human beings are unique foryever
the search should be accurate and easy to calculate

individual and are usually time invariant and e&sy h inder of thi dv i ed as fall
acquire. Palm print is one of the relatively new The remainder of this study is organized as fosiow

physiological biometrics due to its stable and usig Ve Present the edge detection techniques usingy eaith
characteristics. The rich information of palm praffers ~ Prewitt methods, followed by log Gabor filter. We
one of the powerful means in personal recognition. introduce a Feature Similarity Index (FSIM) for Iful
A palm print contains distinctive features such ageference (image quality assurance) IQA is propbssed
principal lines, wrinkles, ridges and valleys oreth on the fact that Human Visual System (HVS) undedsa
surface of the palm. Palmprint has abundant limes a animage mainly according to its low-leveitfges.
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MATERIALSAND METHODS

Edge detection is an essential process in image
processing and many algorithms have been proposed.
Some edge detection filters were developed with
optimality (Canny, 1986). Canny evaluated the
detectors by three criteria: good detection, good
localization and low spurious response and he
showed that the optimal detector for an isolatexb st
edge should be the first derivative of Gaussiane Th
optimal canny edge detector for ramp edges was
proposed by Petrou and Kittler (1991). Canny
restricted the detector as a Finite Impulse Respons
(FIR) Filter. Sarkar and Boyer (1991) extendedoit t
Infinite Impulse Response (lIR) filter. Besides the
shape of the detector, another important problem is
to set a proper detection scale. As suggested by
Ekinci and Aykut (2007) multiple scales should be
employed to describe the variety of the edge
structures. Then these multi-scale ascriptions kéll
synthesized to form an edge map.

Canny used a fine-to-coarse feature synthesis
strategy to mingle the multiscale edge information
based on a set of predefined rules. Fields (1987)
combined the multiscale edges in a coarse-to-fine
tracking manner. The RRES (reasoning about edges in
scale space) scheme of Jatral. (1995) tends to be
more complex with so many knowledge rules and
continuous scale space. Considering that the sgisthe
of the multiscale edges is intricate, it itselfilsposed
problem Fig. 1 Shows the canny and prewitt edge
detection of a palmprint image. It was found theatrty
edge detects more features than the prewitt.

Gabor filters have invited lot of attention in
biometrics research community, mainly due to its
orientation selectivity, spatial localization and
spatial-frequency characterization Wen and Zang
(2007). An alternative to the Gabor filter is thomgd
Gabor filter proposed by Field. Fields (1987) Field
proposes an alternate method to perform both the DC
compensation and to overcome the bandwidth
limitation of a traditional Gabor filter. The Log-
Gabor filter has a response that is Gaussian when
viewed on a logarithmic frequency scale insteac of
linear one. This allows more information to be
captured in the high frequency areas and also has
desirable high pass characteristics.

Here, we present a multifeature extraction based o
edge detection scheme. Applying Log Gabor Daugmafrig. 1:(a) Test image (b) Canny Edge detection
(1988) and Konget al. (2003) filters to every image and (c) Perwitt Edge Detection
multiplies as a product function. Unlike many nadtle
edge detectors, where the edge maps were formed at An integrated edge map will be formed
several scales and then synthesized togethercbhame  efficiently while avoiding the ill-posed edge
determines edges as the local maxima in the produslynthesis process. It will be shown that much
function, after the filtering. The filter multipltion  improvement is obtained on the localization accyrac
enhances image structures and suppresses noise. and the detection results are better.
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Fig. 2: Amplitude spectrum of a typical Log-Gabor
filter on linear scale

We adopt the log-Gabor filters because: (1) One
cannot construct Gabor filters of arbitrarily anéith
and still maintain a reasonably small DC component
the even-symmetric filter, while log-Gabor filtergy
definition, have no DC component; and (2) The tians
function of the log-Gabor filter has an extendei aa
the high frequency end, which makes it more captble
encode natural images than the ordinary.

The transfer function of a log-Gabor filter in the
frequency domain is Eq. 1:

~(log—y?

G(w) = ex @, (1)

2
207

where,wy is the filter's center frequency aagdcontrols
the filter's bandwidth. Figure 2 shows the ampléud
spectrum of a typical Log-Gabor filter on lineaake
Fig. 3 illustrates the Gabor filter responses ahviow
pass filter and palm image.

Feature Similarity Indexing maintains IQA (image
quality assurance) based on the fact that HumanaV/is
System (HVS) understands an image mainly according
to its low-level features. The main feature of FSKMV
phase congruency which is a dimensionless measure o
the significance of a local structure Zhagigal. (2011)
Due to phase congruency the contrast of the imalje w
affect HVS but the secondary feature of FSIM whih
the gradient magnitude control perception of image
quality. Phase congruency and Gradient Magnitude
play complementary roles in characterizing the ienag Fig. 3:(a) Log-Gabor Filter, (b) Log Gabor with Wwo
local quality and derive a single quality score. pass-filter, (c) Log Gabor palm image
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Fig. 5: (a-b) Phase congruency of different palrages
Fig. 4: Phase congruency of (a) canny image (@it
image Let F(x)=> E,(x)and:

Rather than assuming a feature is a point of mdximaH(x)=znon(x)
intensity gradient, the Local Energy Model posesat
that features are perceived at points in an imagerev  Then:
the Fourier components are maximally in phase.
The 1D signal ) has odd symmetric and even PC(x)= E(x) A3)

symmetric filter scale denoted ®and P which form 0+ 0AL(X)

a qu_zla_\ﬂrature plair_.II . N
e signal will form a response vector at posito - P 2
on scalen: g P P where, E(x)=+/F (x)+H (x)

[En (),0, (X)] :[ h()*B  h(x)* F‘S] @) ande is a small positive constant.

Figure 4 illustrates the Phase congruency of camuy

perwit image. Figure 5 illustrates the Phase

congruency maps extracted from the canny and
_ 5 > perwitt palmprint image. And Fig. 6 explains the

An() =VE,()7+0,(x) mapping of different palmprint images.
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Fig. 6: Gradient Magnitude of (a) Canny (b) Petrwit
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Image gradient computation is a traditional topic
in image processing. Gradient operators can be
explained by convolution masks. Three commonly
used gradient operators are the Sobel operator, the
Prewitt operator Jairet al. (1995) and the Scharr-
operator Jahnet al. (1999). Figure 6 illustrates the
mapping of the gradient magnitude of canny and
perwitt palmprint images respectively.

The partial derivativesG,(x) and Gy(x) of the
image, h(x) along horizontal and vertical directipn
using the three gradient operators are used. The
Gradient Magnitude (GM) of h(x) is then defined as:

G=,/G+G 4)

Figure 7 shows overall framework of the proposed
FSIM based palmprint biometric authentication. From
Fig. 7, it can be seen that the images are given to
canny edge detection to detect the edges. After the
edges are detected, it is given to log Gabor fitter
remove high frequency noise. We use FSIM algorithm
to find the matching score between the test imagke a
the original image sored in the database.

To present a novel Feature Similarity (FSIM) index
for Image quality assurance we extract phase
congruency and gradient magnitude feature majpee If
are going to calculate the similarity between insabe
(test image) and h(original image) denote it biPC,
andPC,. The PC maps are extracted fropahd b and
G, andG,. the GM maps are extracted from them. For
the analysis of color images, PC and GM features ar
extracted from their luminance channels. FSIM will
be defined and computed basedR®y, PC,, G, and
G,. Furthermore, by incorporating the image
chrominance information into FSIM, an IQA index
for color images or gray scale image, denoted by
FSIMC, will be obtained.
1st stage of the FSIM score is between R6d

PC:

_(2PG (PG (0 T
P (X)‘( PC (X)PC (X} T J ®)

where, T is a positive constant to increase the stability
of FSc. In practice, Tcan be determined based on the
dynamic range of PC values.

2nd Stage of FSIM score is between gradient
magnitude, GMand GM as:

—[ 2GM, ()GM, () +T,
PR (X)‘[ GME(X)GME(X) +T, j ©

Fig. 7: The proposed FSIM based palmprint biometric where, % is a positive constant depending on the
verification model

dynamic range of GM values. In our experimentshbot
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T, and T, will be fixed to all databases so that the Image found (canny)=
proposed FSIM can be conveniently used. 000016.bmp score =97.322501

Then, F$c (X) and FQy (X) are combined to get
the similarity F5.(x) of hy(x) and h(x). We define
FS (x) as:

Fs 0= Fs. 0 [ Fs, )

where,a andp are parameters which are used to adjust
the relative importance of PC and GM features. Here
we seto = # =1 for simplicity. Thus:

FS (9= F$c ) | Sy (4 (8)

Having obtained the similarity &) at each
location x, the overall similarity between and b can
be calculated. It is clear that different locatidmsve
different contributions to HVS’ perception of the
image. For example, edge locations convey more
crucial visual information than the location witha
smooth area. Since human visual cortex is sensitive
phase congruent structures Henriksepa. (2009), the
PC value at a location can reflect how likely itds
perceptibly significant structure point. Intuitiyelfor a
given location x, if anyone offx) and h(x) has a
significant PC value, it implies that this positigrwill
have a high impact on HVS in evaluating the sintyjar
between hand h. Therefore, we use:

Image found (prewitt) =
000016.bmp score = 94.718587

PC, (x)= max(PG (x),P¢ (x) ()]

To weigh the importance &S (x) in the overall
similarity between hand h and accordingly the FSIM
index betweenhand his defined as:

_2xFS (0).PG ()
FSIM = SPe 00 (10)

where,QQ means the whole image spatial domain.

RESULTS AND DISCUSSION

To evaluate the effectiveness of our proposed palmFig. 8: Matched image using FSIM (a) Canny FSIM
print biometric authentication scheme, a database (b) Perwitt FSIM.
containing palmprint samples is required. In thigdy,
we use PolyU Palmprint Database (0000) collected byable 1: Accuracy measure

biometric research center at The Hong Kongmethods Database size Accuracy
Polytechnic University, is a widely used database i proposed method 400/100 97.322
palmprint research. The database contains 7,752anny FSIM

greyscale images correspond to 386 different palmsroposed method 400/100 94.712
with 20-21 samples for each in bit map image formatperwitt FSIM

We selected 100 individuals’ left hand palm imageswavelet transform 100/50 96.300
every person is 5 and total is 500. method (2006)
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Then we get every persons each palm images as Birgale, L. and M. Kokare, 2010. Iris recognition
template (total 100).The remaining 400 are as the withoutiris normalization. J. Comput. Sci., 6:
training samples. The experiments are conducted in  1042-1047. DOI: 10.3844/jcssp.2010.1042.1047
MATLAB with image processing Toolbox and on a Canny, J., 1986. a computational approach to edge
machine with an Intel core 2duo CPU processor. The  detection. IEEE Trans. Patt. Anal. Mach. Intell., 8
test database has 100 different untrained images 679-698. DOI: 10.1109/TPAMI.1986.4767851
which undergo the same algorithm as trained imag€han, L.H., S.H. Salleh and C.M. Ting, 2010. Face
and compare one to one with the original trained  biometrics based on principal component analysis
image. Using the FSIM algorithm, we calculate the  and linear discriminant analysis. J. Comput. %ki.,
matching score between the test image and trained 691-698. DOI: 10.3844/jcssp.2010.691.698

image. Depending on the best score, correspondingheng, J., Y.S. Moon, 2008. Using SIFT features in
image from the trained database is selected. Fig. 8 palmprint authentication. Proceedings of the
shows the Matched image using FSIM, obtained 19th International Conference on Pattern
from canny FSIM and Perwitt FSIM respectively. Recognition, Dec. 8-11, IEEE Xplore Press,

Table 1 show the accuracy of the canny edge and Tampa, pp: 1-4. DOL:
perwitt edge detection technique. 10.1109/ICPR.2008.4761867
Daugman, J.G., 1988. Complete discrete 2-D Gabor
CONCLUSION transforms by neural networks for image analysis

. o and compression. IEEE Trans. Acou. Speech nd
In this study, propose a novel Feature-SIMilarity Signal Proc 36" 1169-1179 DOI:

(FSIM) index and obtain optimum matching score. 10.1109/29.1644

The experimental results achieve recognition aayura DOI: 10.3844/jcssp.2010.1518.1523

using canny and perwitt FSIM of 97.3227% andgyinqi M. and M. Aykut, 2007. Gabor-based kernel
94.718%, respectively, on the publicly available " pea o paimprint recognition. IEEE Elec. Lett.
database of Hong Kong Polytechnic University. 43: 1077-1079. DOI: 10.1049/el:20071688 '
Experimental evaluation using palmprint imageriq 4 p j. 1987. Relations between the stasisoic
database clearly demonstrates the efficient retiogni ne{tural ’images and the response properties of
performance of the proposed algorithm compared with cortical cells. J. Optical Soc. Am., 4: 2379-2394.

the conventional palmprint recognition algorithms. Halawani, S.M. and I.A. Albidewi, 2610. Recognition

of hand printed characters based on simple
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