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ABSTRACT 

Finger vein biometric have been recognized as the most 

effective and promising recognition method due to its 

accuracy and security. This paper discusses a method for 

finger vein image features extraction using 2-D Rotated 

Wavelet Filters (RWF) and Discrete Wavelet Transform 

(DWT) jointly. A set of 2-D RWF filters improves 

characterization of diagonally oriented texture features from a 

finger vein image. The 2-D RWF and DWT jointly used for 

decomposition of a finger vein image ROI up to third level. 

The standard deviation and energy of each subband from 

every decomposition level are used for the creation of features 

vector. Then Canberra distance classifier is used for the 

classification of finger vein images. The performance of this 

method has evaluated on the standard finger vein image 

database of Shandong University (SDUMLA), China. 

Experimental results have shown that the method with RWF 

and DWT jointly gives better results as compare to the 

traditional DWT based methods.   

General Terms 

Pattern recognition and classification, Biometrics, Wavelet 

Transform. 

Keywords 

Finger Vein Recognition, Discrete Wavelet Transform, 

Rotated Wavelet Filters. 

1. INTRODUCTION 
Nowadays, personal identification and verification using 

biometric technology has been used in many applications such 

as door access control, ATM transactions and border crossing 

controls [1]. Biometrics is an automated method of identifying 

and verifying the persons based on their physiological or 

behavioral characteristics such as finger print, palm print, 

face, iris, retina, voice, gait and signatures [2]. Finger print is 

the most popular and mature biometric but it is vulnerable to 

forgery because the fingerprints are easily exposed to the 

others. In addition, the condition of the finger surfaces such as 

sweat and dryness can degrade the performance and accuracy 

[1, 2]. To overcome the limitations of finger print biometric 

system, finger vein biometric has been mostly used. Finger 

vein biometric is the technology of identifying and verifying 

the people using their finger veins pattern based on the fact 

that every individual has unique vein pattern [3]. The human 

body veins circulate the blood towards heart. The veins 

pattern cannot be seen by necked eyes and normal camera. 

The camera with infrared light of 740-960nm wavelength 

penetrates the user‟s finger as it is held over the sensor. The 

hemoglobin in blood veins absorbs the infrared light and 

reflects veins image as black dark lines and other part as a 

bright [2,3,4]. Finger vein biometric has several benefits as 

compared to other hand based biometrics. First, the finger 

vein pattern is hard to replicate and forge since it is an internal 

feature. Second, the quality of the captured vein pattern image 

is not influenced by skin condition such as sweat, dryness and  

skin diseases. Lastly, finger vein image capturing is hygienic 

because it does not require contact between the finger and 

sensor [5, 6]. Due to above benefits finger vein recognition 

has become popular, promising and efficient biometric for 

personal identification [2, 5].  

1.1 Related Work 
The different methods from literature to extract the local and 

global vein pattern features from the finger vein images are 

discussed below: 

In [3], Miura et al. used repeated line tracking algorithm to 

extracts vein pattern features from the finger vein image.  The 

line-tracking operation starts randomly at any pixel and move 

pixel by pixel along the dark line. Experimental results have 

shown 0.145% as equal error rate (EER) and 460 ms response 

time.  

In [4], Miura et al. proposed a method to extract the local 

maximum curvature points from the cross sectional profiles of 

a finger vein image for recognition. A data set of 678 different 

finger vein images with two samples of each was used for 

conducting an experiment. Experimental results have shown 

the equal error rate as 0.0009%. 

In [6], Cheng-Bo et al. proposed a method to extract the vein 

pattern features with minutiae features such as bifurcation 

points and ending points from the finger vein images. These 

feature points were used as a geometric representation of the 

vein pattern shape. Then Modified Hausdorff Distance 

(MHD) algorithm was proposed for matching of relative 

positions of the shape of vein.  A data set of 50 persons with 

10 samples of each was used for conducting an experiment. 

Experimental results have shown the equal error rate 0.761% 

where the HD distances threshold value was 0.43. 

In [7], Liu et al. presented a modified repeated line tracking 

algorithm to extract width of the finger vein and parameters 

were revised according to the vein width for line tracking to 

figure out locus space of finger vein. Finally, the processing 

results were obtained using Otsu‟s method for exact 

segmentation on the locus space. Experiments have shown 

that the proposed method is more robust and efficient than 

traditional repeated line tracking algorithm. 

Local features using minutiae points, maximum curvatures 

and repeated line tracking methods are found very difficult to 

segment and extract the minutiae points and curvatures from 

poor quality finger vein images. To overcome this limitation 

of minutiae based method, Local Binary Pattern (LBP) based 

methods were researched to extract LBP codes [8]. 

In [10], Rosdi et al. used Local Line Binary Pattern (LLBP) to 

overcome the problem of LBP. The shape of the 



International Journal of Computer Applications (0975 – 8887) 

Volume 149 – No.7, September 2016 

29 

neighborhood was line in LLBP unlike square in LBP. The 

magnitude of LLBP was obtained by calculating the line 

binary codes for both horizontal and vertical components. 

Experimental results have shown that the LLBP method has 

significantly lower equal error rate than the LBP based 

methods. 

LBP and LLBP based methods requires more memory space 

to store a feature matrix of LBP code of an input image. To 

overcome the limitations of minutiae and LBP based methods, 

Yang et al. [11], used a bank of even symmetric Gabor filters 

to exploit the local and global finger vein features from 

FVCodes in multi-scale and multi-orientation. The finger vein 

classification was done using the cosine similarity classifier 

and a fusion scheme in decision level. The performance of the 

Gabor based method were found good in finger vein 

recognition. 

1.2 Motivation 
Most of the finger vein features extraction methods from 

literature were used local vein structure and local binary 

pattern for feature extraction. But these methods were found 

not better in poor quality finger vein images. The performance 

of Gabor based features extraction method with poor quality 

images were found better than local veins structure but with 

high computational complexity and more storage space. So to 

overcome this limitation, standard DWT based methods were 

used in [15, 16, 18 and 19] to extract the global texture 

features from finger print and face images. Standard wavelet 

gives the horizontal, vertical and diagonal features oriented 

along the angles of {00, 900 and ±450} but does not provide an 

information strongly oriented at angles of {450, 1350} in the 

separate subbands. To overcome this limitation of standard 

wavelet, Kokare et al. [12] designed 2D Rotated Wavelet 

Filters (RWF) and jointly used with standard DWT to extract 

significant directional features from texture with less 

computational complexity and less storage space. Hence we 

motivated to use these 2D RWF filters combined with 

standard DWT to extract significant directional features 

oriented at {450, 1350} from the finger vein image which 

cannot be distinguished by the standard DWT. 

Rest of the paper is organized as follows. In Section 2, we 

briefly discuss DWT. Rotated Wavelet Filters are discussed in 

Section 3. The proposed finger vein recognition method is 

given in Section 4. Experimental results and discussions are 

given in Section 5. Finally the conclusion is provided in the 

Section 6. 

2. DISCRETE WAVELET TRANSFORM 
Discrete Wavelet Transform (DWT) is a popular 

mathematical tool used for transforming and analyzing the 

signal in the time and frequency domain [13, 18].  The 

standard DWT decomposes an image f(x, y) in terms of the 

shifted and dilated wavelet functions at {Ψ00, Ψ900, Ψ±450} 

and the scaling function ϕ (x, y) are represented by equation 

(1) and (2) respectively [13]. 
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Where i = θ i.e. angle {00, 900 and ±450} of wavelet function. 

The 2D scaling and wavelet functions can be realized using 

separable 1D wavelet filters by applying them along the rows 

and columns one after the other at each level of 

decomposition. The standard DWT decomposes an input 

image into the four subbands such as LL, LH, HL and HH. 

The LL subband (Low frequency components row and 

column wise) gives an approximate coefficients i.e. an 

average image. The LH subband (Low frequency components 

row and High frequency component column wise), the HL 

subband (High frequency components row and Low 

frequency component column wise), and the HH subband 

(High frequency components row and column wise) gives 

horizontal, vertical and diagonal information of an input 

image respectively [13, 15]. 

3. ROTATED WAVELET FILTERS 

(RWF) 
The 2D non separable wavelet filters are designed using 1D 

separable wavelet filter coefficients by taking the product of 

scaling and wavelet function [12]. The high pass and low pass 

1D Daubechies eight tap wavelet filter coefficients are 

extracted by using the wfilters ( ) function in MATLAB.  The 

2D wavelet filters [12, 13] are created using 1D wavelet filter 

coefficients using equation (3). 
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where ϕ  and Ψ  are the scaling and wavelet functions 

respectively.  

The 2D wavelet filters Hll, Hlh, Hhl and Hhh are designed from 

Daubechies eight tap wavelet low pass (h) and high pass (g) 

filter coefficients using the matrix operations [12] by equation 

(4). 
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The 2D Rotated Wavelet Filters (RWF) such as HRll, HRlh, 

HRhl and HRhh are constructed by rotating the 2D wavelet 

filters by 450 angles in MATLAB using imrotate function.  If 

N is the length of 1D-wavelet filter, then (2N-1) x (2N-1) is 

the length of 2D RWF. The given input image f(x, y) is 

decomposed by filtering with 2D RWF filters followed by the 

2D down sampling at each level [12, 13]. These constructed 

RWF filters extracts diagonally oriented information (450) 

into LH and (1350) into HL subbands respectively, which 

cannot be distinguished by the standard DWT [12, 13]. The 

Fig.1 shows the four subbands HRll, HRlh, HRhl and HRhh 

resulted from second level decomposition using RWF filters 

[12]. 
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Fig 1: Second level decomposition using 2D-RWF filters 

4. FINGER VEIN FEATURES 

EXTRACTION AND MATCHING 
In this research work, the features of finger vein image are 

extracted using standard DWT, RWF and the combination of 

DWT and RWF. 

4.1  Finger Vein Image Database 
In this research work, the finger vein image database is used 

which has provided by the Machine Learning and Data 

Mining Lab, Shandong University (SDUMLA), China [14]. 

These finger vein images have been captured by a device 

which was designed by Joint Lab for Intelligent Computing 

and Intelligent Systems of Wuhan University. The finger vein 

images in this database were collected from 106 volunteers 

consisting with index, middle and ring finger of both left and 

right hand of each. The total finger veins images available are 

equal to 106 subjects with 6 fingers in 5 variations i.e. (106 x 

6 x 5 = 3180) images. The forefinger and middle finger of 

both left and right hands of 34 individuals with 20 variations 

of each (34x4x20 = 2720) finger vein image database were 

provided by the [9] used for conducting an experiment.  

4.2 Preprocessing 
The original images from the existing database were 24-bit 

color images with a size of 320x240 pixels. These original 

images are transformed into 8-bit gray scale image and Sobel 

edge detection operator is used for detecting the edges of 

finger from a finger vein image. Then the width and height of 

finger image is calculated using the maximum and minimum 

abscissa values of the finger profile [9]. Then the ROI of 

finger vein image is extracted based on these abscissa values 

and its size is normalized to 96x64 pixels using the bilinear 

interpolation [9].  

4.3  Features Extraction 
The 96x64 pixels ROI of a finger vein image is decomposed 

by applying the 2D standard DWT, 2D RWF and 2D DWT + 

RWF jointly up to third level decomposition. Because beyond 

the third level decomposition, it does not increase the 

recognition rate but increases the computational complexity 

[13]. The statistical features such as standard deviation (Sk) 

and absolute mean i.e. energy (Ek) from a decomposed image 

are extracted using equation (5) and (6) respectively. 
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where Sk and Ek are the standard deviation and energy of the 

kth subband respectively. M, N is the size and µk is the mean 

of kth decomposed subband (Sb).  The standard deviation and 

energy of each subband is used for the creation of feature 

vector. The length of feature vector using different feature set 

is equal   to the (No. of features × No. of decomposed 

subbands). Feature vectors of forefinger and middle finger of 

left and right hand is used for enrollment purpose. The feature 

vector length using DWT features set is equal to the (12 

subbands * 2 features = 24 elements). Where the features are 

two i.e. standard deviation (Sk) and energy (Ek). The feature 

vector length using DWT+RWF feature set will be double of 

DWT. These feature vectors subject wise are arranged in a 

matrix form into the feature database. Four different feature 

sets are created using DWT, RWF and DWT+RWF jointly. 

The feature Set 1 is constructed using only DWT features. 

Feature Set 2 is created using only RWF. The feature Set 3 is 

created by using combination of DWT and RWF. Lastly the 

feature Set 4 is formed using DWT and RWF (only LH & HL) 

subbands jointly. Then the analysis is performed by 

decomposing an input finger vein image up to third level. 

4.4 Finger Vein Matching 
A query or test image is an image which user wants to test or 

verify his identity from the feature database. The feature 

vector of query image is computed and compared with the 

feature database. Feature vectors of all the variation of 

forefinger and middle finger of each individual‟s left and right 

hand is used for the testing purpose. The proposed method has 

used Canberra distance classifier based classification of an 

image. The distances in between query image and all enrolled 

images are computed and stored into the Distance matrix 
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subject wise. A row index where the minimum distance found 

is computed from this distance matrix. This computed row 

index is the nearest matched subject with the query image. If 

X and Y are the feature vectors of the query image and 

enrolled image respectively, then the Canberra distance (Cn) 

in between X and Y feature vectors is given below: 


 




n

i ii

ii

YX

YX
Cn

1

             (7)            

Canberra distance classifier method is considered to be a good 

expression to use, which avoids the scaling effect. Because, in 

above equation (7), the numerator signifies the difference and 

denominator normalizes the difference. Hence the distance 

value will never exceeds one and it is equal to one only when 

either of the attribute is zero [12, 13 and 15].  

The steps of the proposed method for the finger vein features 

extraction and recognition process are given below: 

Step 1: Input finger vein image ROI is extracted and size is 

normalized to 96x64 pixels.  

Step 2: Non separable 2D Wavelet filters are designed in 

MATLAB as follows;  

(a) 1D Daubechies eight tap wavelet filter coefficients 

are taken in MATLAB using wfilters () function. 

Low pass filter coefficients are taken in „h‟ and high 

pass filter coefficients in „g‟. 

(b) 2D wavelet filters are constructed by taking the 

product i.e. matrix operations[12] such as; 

Hll =hT*h;  Hlh =hT*g; 

Hhl =gT*h; Hhh =gT*g; 

Step 3: 2D Rotated Wavelet Filters are constructed in 

MATLAB; 

(a) The 2D RWF are constructed [12] by rotating 

the 2D wavelet filters Hll, Hlh, Hhl and Hhh   

individually with 450 degree using imrotate ( ) 

function in MATLAB. 

Step 4: These constructed 2D RWF filters are convolved with 

ROI of finger vein image and fallowed by the 2D down 

sampling up to the third level decomposition.  

Step 5: The statistical features such as standard deviation (Sk) 

and absolute mean i.e. energy (Ek) are extracted from each 

subband of every decomposition level. These features 

elements into the feature vectors are enrolled as the template 

i.e. feature database. 

Step 6: The Canberra distances in between the query image 

and all enrolled images subject wise are calculated and 

arranged in a matrix form called as a Distance Matrix. 

Step 7: The row index is searched where the minimum 

Canberra distance is found in the Distance Matrix. This row 

number is the subject number to which the query image is 

nearly matches. 

5. EXPERIMENTAL RESULTS AND 

DISSCUSION 
The finger vein image database provided by Shandong 

University (SDUMLA), China [14] has been used for 

conducting the experiments.  Experiments are conducted on 

Core i3 machine with 2.40 GHz processor and 2GB RAM 

using MATLAB 2013a. The GUI application is developed 

using MATLAB for feature extraction using four feature sets 

one at a time, then these feature vectors are enrolled into the 

feature database. Then the Canberra distances in between 

query and enrolled images are calculated and stored into the 

Distance Matrix. Minimum distance row is the subject 

number to which query image matches. The recognition 

results of the proposed method are compared with the 

standard DWT based method. The comparison of DWT, RWF 

and DWT+RWF jointly with energy and standard deviation 

features has shown in the Table 1. 

Table 1. Recognition Rates of Proposed and DWT Method   

Method Features 
Recognition Rates 

GAR FRR 

DWT +  

RWF      ( LH 

and HL 

Subbands  ) 

Standard 

deviation +  

Energy 

93.67 6.33 

DWT + RWF 

(All  

Subbands) 

 

Standard 

deviation +  

Energy 

92.86 7.14 

Only  DWT 

Standard 

deviation +  

Energy 

91.10 8.90 

Only  RWF       

Standard 

deviation +  

Energy 

63.68 36.32 

From the Table 1., It is clear that the proposed method with 

DWT + RWF (only LH and HL Subbands) feature set has 

given a 93.67% Genuine Acceptance Rate (GAR) at 6.33% 

False Rejection Rate (FRR) which outperforms all the other 

DWT+RWF and DWT based methods. The redundancy of the 

complete DWT + RWF feature set is reduced by excluding the 

LL and HH subbands at each level from features extraction. 

Because most of information is redundant due to the filter 

responses of HLL and rotated HLL and the filter response of 

HHH is totally covered by the filter response of the HLH and 

HLH. Hence, almost diagonal oriented information from finger 

vein image is extracted from the HLH and HHL subbands of 

rotated wavelet filter responses. The features set using DWT+ 

RWF features has given a 92.86% GAR at 7.14% FRR which 

outperforms the traditional DWT based methods. Because 

RWF feature set has given some additional information i.e. 

diagonally oriented texture features to the DWT. Due to this, 

the recognition results of DWT+ RWF are better compare to 

the traditional DWT based methods.  

The comparison of recognition rates of the DWT + RWF 

(only LH and HL), DWT + RWF and DWT based methods 

are shown in the Fig. 2. 
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Fig 2: Comparison of Recognition Rates of Proposed and 

DWT Methods 

The performance comparison of DWT + RWF (only LH and 

HL subband), DWT+RWF, RWF and DWT methods in terms 

of the feature vector length, average feature extraction time 

and average feature matching time is given in the Table 2.  

Table 2. Performance Measure of Proposed and DWT 

Methods 

Feature 

Measure 

DWT+R

WF (only 

LH, HL ) 

DWT + 

RWF 
RWF 

DWT 

Feature 

Vector 

Length in 

elements 

 

36 

 

48 24 24 

Feature 

extraction  

time in 

seconds 

0.1594 0.1692 
0.1560 0.1525 

Matching 

Time in 

seconds 

0.0584 0.0698 
0.0485 0.0418 

 

The above table shows the average feature extraction and 

matching time of individual method. The number of features 

i.e. features elements in the feature vector of proposed method 

with DWT+RWF (only LH and HL) are less as compare to 

the (DWT+RWF all subbands) feature set method. Hence, the 

time required to extract the features from finger vein image 

and compare the features for recognition is less for DWT 

+RWF (only LH, HL) method as compare to the other feature 

sets method.   

6.  CONCLUSION AND FUTURE WORK 
In this paper, 2D Rotated Wavelet Filters designed by [12] 

and DWT has been used for the finger vein feature extraction 

and Canberra distance classifier for classification. The 2D non 

separable RWF filters are constructed using 1D separable 

wavelet filters and rotated them with 450. These 2D RWF 

filters are applied on ROI of finger vein images to extract 

diagonally oriented features from (450) and (1350) in a 

separate subband which cannot be extracted by the standard 

DWT. Experimental results have shown that the proposed 

method with DWT + (LH, HL subbands of RWF) has given 

better recognition results as compare to traditional DWT and 

with reduced feature vector dimensionality over DWT+RWF 

method. The recognition results of the DWT+RWF method 

outperforms the traditional DWT method due the 

complementary information provided by RWF to DWT. The 

future work is to improve the recognition accuracy by 

combining the local features of finger vein pattern using its 

structure and combine it with global features using DWT and 

RWF filters. 
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