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    Abstract- This paper proposes an automated system for 

recognizing palmprints for biometric identification of 

individuals. Palmprint images are converted to the frequency 

domain using 2D DFT and thereafter bandpass filtered using a 

log-Gabor filter to extract the phase symmetry information.  

Classification is done on basis of correlation between training 

and testing set images. The approach is tested over a data set of 

200 images divided into 10 classes and seen to provide 100% 

recognition accuracy. A contemporary technique is also 

implemented on the current dataset for comparison of accuracy 

results. 

 

    Index Terms- Palmprint recognition, Biometric identification, 

Phase symmetry 

 

I. INTRODUCTION 

iometrics helps to identify individuals based on their 

physiological and behavioral characteristics, which can be 

used for their personal identifications. Various physical 

characteristics like retina patterns, iris patterns, fingerprint 

patterns, palmprint patterns, facial features etc. are utilized for 

such purposes. Palmprint recognition involves identifying an 

individual by matching the various principal lines, wrinkles and 

creases on the surface of the palm of the hand. The basis for 

using palmprints lies in the fact that since palmprint patterns are 

generated by random orientations of tissues and muscles of the 

hand during birth, no two individuals have exactly the same 

palmprint pattern. Advantages of using palmprints include the 

fact that such patterns remain more or less stable during one’s 

lifetime and also that reliable images of the palm can be obtained 

quite easily using standard digital imaging techniques. 

Challenges in palmprint recognition include building a reliable 

data model to represent the randomly oriented lines of the palm 

with sufficient accuracy as also to find ways of comparing the 

models generated from different palmprint images with 

reliability. Added to this is the fact that different images can have 

different rotational variation, size, lighting conditions and 

resolution. This paper presents an efficient algorithm for palm 

print recognition by utilizing phase symmetry obtained from the 

images. The organization of the paper is as follows: section 2 

provides an overview of the related works, section 3 outlines the 

proposed approach, section 4 details the experimentations done 

and results obtained, section 5 analyses the current work vis-à-vis 

contemporary works, section 6 brings up the overall conclusions 

and future scopes. 

 

II. RELATED WORK 

A number of techniques have been proposed for palmprint 

recognition over the years. Some of the earlier works are based 

on Gabor wavelets and transforms for feature extraction [1, 2]. 

Neural networks have been used for classification in some cases 

[3] while in others features like entropy have been combined 

with wavelet based features to improve recognition [4]. PCA and 

LDA based techniques have been proposed to reduce dimensions 

of wavelet based features [5, 6]. Another technique frequently 

used for plamprint recognition is the use of Zernike moments [7]. 

Neural networks have been used to classify Zernike based 

features [8]. Features based on a combination of Zernike 

moments and Gabor filters have also been proposed [9]. A 

number of approaches based on shape and contour based 

techniques for modeling the principal lines have been proposed. 

Modeling of principal lines using curvelet transforms [10], 

Radon transform [11], Fourier transform [12] and wavelet 

transforms [13] have been studied. Alignment techniques for the 

principal lines have been used in [14] to improve recognition 

rates. Image moments have been used to model palmprint 

textures in [15, 16] while in [17] features based on hand 

geometry have been used in combination with palmprint textures. 

Another class of works have used multiple features extracted 

from the palmprint lines and creases, often using edge detection 

techniques and thereafter correlation filters to classify them [18, 

19]. In some works binary pattern vectors have been used for 

classification. A binary co-occurrence vector have been used in 

[20] while local binary patterns (LBP) have been proposed in 

[21, 22]. Other related techniques involve combination of 

features extracted from 2D and 3D images [23], using specialized 

symbolic representations [24], specialized distances [25], 

classifiers like SVM [26] and using hand shapes by truncating 

the fingers [27]. A comparative study of several palmprint 

recognition techniques is presented in [28].    

 

III. PROPOSED APPROACH 

A. Phase  

The current work proposes a novel scheme for palmprint 

recognition by utilizing phase information inherent in images.  If 

any image is converted from spatial domain to the frequency 

domain, it can be seen that the energy of the magnitude is 

basically concentrated only in the center, while the phase is 

distributed through all frequencies [29]. Furthermore, for a finite 

length signal, phase information alone might be sufficient to 

completely reconstruct a signal to within a scale factor. The 

images are converted to frequency domain, using the 2D Fourier 

B 
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Transform, which is the series expansion of an image function 

over the space domain in terms of orthogonal basis functions. 

The definitions of the forward transform   and the inverse 

transform     are given below : 
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Here  (   ) is the image and is real, but  (   ) is in general 

complex. Generally,  (   )  is represented by its magnitude and 

phase rather that its real and imaginary parts, where the 

magnitude | (   )| and phase  ( (   )) are represented as:  
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Figure 1: Frequency domain components of a sample image 

 

Briefly, the magnitude depicts how much of a certain frequency 

component is present and the phase provides information as to 

where the frequency component is in the image. Figure 1 shows 

sample representations corresponding to quantities described 

above 

 

B. Phase Symmetry 

Symmetry is a useful mechanism for identification of objects in 

an image, without any prior recognition or segmentation of 

objects. An important aspect of symmetry is that objects exhibit 

periodicity in structure clearly noticeable in the Fourier series. 

Symmetric points are points with maximum or minimum values 

in all sine waves (phase 0 or π). Hence it is feasible to detect 

symmetry with phase information [30, 31].   

 

To calculate phase symmetry, the frequency domain image is 

filtered using a bandpass log-Gabor filter. Log-Gabor filters are 

used as an alternative to standard Gabor filters used when broad 

spectral information are required, as maximum bandwidth of a 

standard Gabor filters are limited to about one octave. Suggested 

by Field [32], log-Gabor filters use a logarithmic frequency scale 

instead of a linear scale. The transfer function of a log-Gabor 

filter is of the form below where    is the filter’s center 

frequency. 
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The band-passed image in frequency domain is obtained by 

applying the bandpass log-Gabor filter to the frequency domain 

image. 

 

       ( ) (6) 

 

The filtered image is converted back to the spatial domain using 

eqn. (2). Let   represent the real part of the bandpass image in 

spatial domain. Then  

 

    {   (   )} (7) 

 

For adaptive windowing of the log-Gabor bandpassed image, a 

monogenic filter   derived from the horizontal and vertical 

extents of the image, is convolved with the bandpassed image. 

Let   represent the window filtered image i.e. 

 

     (     ) (8) 

 

The squared amplitudes of the filtered results are  

 

  {  ( )}  {  ( )}  (9) 

 

The energy of the filtered image is calculated as the cumulative 

sum of the energy of the bandpassed image and the filter outputs 

over a number   of bandpassed versions of the image. 
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The symmetry energy is given by 
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The normalized phase symmetry is then given by  

 

  
 

 
 (12) 

 

The following figure shows pictorial representations of these 

quantities for the sample palmprint image, shown in Fig. 1. 
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Figure 2: Phase symmetry components of a sample image 

 

IV. EXPERIMENTATIONS AND RESULT 

Experiments are conducted by using 200 palm images from the 

PolyU palm print database [33]. The dataset is divided into 10 

classes, each class consisting of 10 training images and 10 testing 

images. The Region of Interest (ROI) from each image is 

extracted manually and resized into 160 by 160 pixels in 

dimension and stored in BMP format. Samples of training and 

testing ROI images are shown in Figures 3 and 4.  

 

 
Figure 3: Samples of Training set images 

 

The symmetry energy   and normalized phase symmetry   

information is extracted from each image using the method 

outlined above. Number of bandpassed versions used is 5. The 

mean of the correlation value, between the phase and symmetry 

energy of the training and the testing datasets, are used for 

accuracy calculations. Test samples are assumed to belong to the 

class for which the correlation value is maximum. Let      

represent test sample   of class  . If   (       ) represent the 

mean differences in symmetry energy between test sample      

and all training samples of class   and   (       ) represent the 

same with regard to normalized phase symmetry, then to 

calculate recognition, the following matrices are generated for 

      .  
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Figure 4: Samples of Testing set images 
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Since correlation between similar items is maximum, ideally row 

  for each of the above matrices should contain maximum values. 

A test sample      is classified as belonging to class   if the  -

row of   or    i.e.   (       ) or   (       ) is maximum for 

      .  

 

             (       )|   (       )               (13) 

 

The classification plots for    and    for class-1 test samples are 

given below in Figure 5.  

 

 

 
 

Figure 5: Classification based on   and   features for class-1 

 

The percentage of the correct recognition rate for the testing 

samples of the 10 classes is shown in Table 1. 

 

Table 1: Percent recognition accuracy using proposed approach 

 

Class Accuracy 

Class 1 100% 

Class 2 100% 

Class 3 100% 

Class 4 100% 

Class 5 100% 
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Class 6 100% 

Class 7 100% 

Class 8 100% 

Class 9 100% 

Class 10 100% 

Overall 100% 

 

Thus the overall accuracy for the current dataset using phase 

symmetry method is 100%. 

 

V. ANALYSIS 

   Automated discrimination of palmprint images belonging to 10 

classes is done using phase symmetry method and the best 

accuracy of 100% is obtained. The CPU time required is 108 

seconds for calculating accuracies of all 10 classes. To put the 

results in perspective with other contemporary techniques, the 

SAX (Symbolic Aggregate approximation) based method 

outlined in work [24] is also applied to the current dataset for a 

comparison. With this method the input of a time series is 

converted into a symbolic string representation. Each image in 

the training and testing dataset is represented with 8 characters. 

The SAX representation of training and testing dataset is shown 

below in Figure 6. 

 

 
 

 
 

Figure 6: SAX [24] representation of training and testing samples 

 

The minimum distance between two strings is used for 

comparisons between training and testing sets. The percentage of 

correct recognition of the testing samples using SAX on the 

current dataset is shown in Table 2. 

 

 

 

Table 2: Percent recognition accuracy using SAX approach [24] 

 

Class Accuracy 

Class 1 40% 

Class 2 30% 

Class 3 80% 

Class 4 100% 

Class 5 100% 

Class 6 100% 

Class 7 90% 

Class 8 70% 

Class 9 100% 

Class 10 100% 

Overall 81% 

 

Table 2 shows that the overall accuracy using SAX 

representation on the current dataset is 81%. The proposed 

method is therefore seen to provide an improvement over it for 

the current dataset. Some of the best reported accuracies reported 

in contemporary works include 97% [1], 97% [3], 97% [4], 96% 

[5], 98% [6], 97.5% [8], 96% [9] etc. 

      

VI. CONCLUSIONS AND FUTURE SCOPES 

This paper proposes an efficient algorithm for palm print 

recognition using phase symmetry. Palmprint images are first 

converted to frequency domain using a 2D DFT, and then filtered 

using a bandpass log-Gabor filter. The bandpassed image is then 

convolved with a monogenic filter for adaptive windowing, and 

the symmetry energy is calculated from the windowed version of 

the image. The method is tested over a dataset of 200 palmprint 

images divided into 10 classes, and classification is done by 

using correlation values between training and testing images. A 

recognition accuracy of 100% is achieved for the current dataset, 

and CPU overheads are seen to be minimal. In comparison, 

accuracy values reported in contemporary literature mostly 

ranges between 97% to 98%. An existing technique (SAX) 

applied to the current dataset yields an accuracy of 81%. Hence 

the proposed method has potentials to be incorporated as a quick, 

simple and efficient palmprint classification algorithm within a 

biometric security system. Future work to improve the system 

would involve combining phase symmetry with other methods 

like Moment Invariance and Legendre Moments. Also statistical 

classifiers like neural network can be used for more robust 

classifications. 
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