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Abstract—The progress of palmprint identification has 
become more advanced. Efforts to produce this kind of biometric 
recognition have been focused on the accuracy and speed to 
recognize. The critical part of recognition is features 
representations. It must be distinctive yet produce sparse data 
distribution and later could be used to differentiate intended 
classes. This paper proposes Line Tracking that is utilized in 
order to detect line points to be integrated with 2D Haar Wavelet 
(2D HW) as the descriptors. Recognition is evaluated by 
matching the feature vectors to consider who own the palmprint. 
The provided class is constrained into only registered users. 
Achieved average matching score is 97.27% using 10-fold cross-
validation.   

Keywords—palmprint; Line Tracking; 2D Haar Wavelet; object 
matching  

I. INTRODUCTION  
There are numerous researches that investigate palmprint 

identification. The method which periodically become baseline 
is [7]. They use gabor filter for feature representation and it is 
stated to be feasible while keep maintain the speed considering 
online in which  the computational burden is significant 
problem to be solved. It is proved that they can reduce the file 
size and then by using hamming distance, it yields 97 percent 
acceptance rate. Their dataset has also been provided in order 
to assist another researchers to contribute. Another line of 
research also has been proposed by [2] that use coarse level 
extraction and fine level extraction stage which yields suitable 
palm line extraction. [3] proposes weighted sum of 
neighborhood from the set of training samples of test samples 
to produce approximate representation. It is considered 
sparseness of data distribution and turned out to be outperform 
its compartments which are LDA and PCA. It is revealed that 
data distribution as a key for recognition. Again, the ability of 
features as discriminative power are showed by [4] using 
multispectral band before clustering it by using k-means 
clustering. [5] uses matching score estimation to evaluate how 
well the features to represent palm lines. The overlapping data 
distribution between genuine and imposter is found only 5 %. 
Next, it may be turned out a chance to select what is feature 
descriptors that is suitable to make more descrimination level 
between classes. The identification of palmprints has been 
improved by considering about utilizing multifeature of high 
resolution. It is said that there is opportunity to use pamprint 

identification in such kind of activities like forensic where the 
demand of high resolution is increasing. Using multi features 
that differentiate the classes by each of chracteristics is surely 
promising. For instance, in this reference [6], even though they 
produce low false rejection which is reported to be about only 
16 percent by using minutiae, density, orientation and principal 
lines, it should be more efficient if we can filter the features. It 
will yield only the admissible features that able to discriminate 
between identified persons. There is consideration about 
prioritizing the efficiency while also preserving the efficacy. 
The goal of effectiveness has been proposed by [8], which use 
simple Canny Edge detector and SUSAN edge to compare the 
results. By minimizing local area that have similar brightness 
along the width of detected lines, it is reported the 
effectiveness of proposed methodology. Another interesting 
methods have been proposed by [9]. It uses symbolic 
representation. The use of texture based like SAX is utilized. 
The high accuracy result has been produced while it has low 
computational cost. An exciting approach using fractal code 
representation to identify palmprint has been proposed by [10].  
It yields relatively good results in terms of accuracy. 
Meanwhile, the use of Discrete Fourier Transform (DFT) has 
been proposed by [11] for contactless palmprint recognition. It 
is stated that this feature is rotation, scale and translation 
invariant with perfect accuracy using 1-to-4 recognition. 
However, this paper is rather incomplete and authors can not 
explore much in depth of the techniques. The focus on ridge 
features to deal with skin distortion has been paid attention 
especially from [12]. There is an idea to reduce computational 
cost by using registration algorithm before undertaking the 
matching process. Another methodology of palmprint 
recognition has been proposed by [14] using block based line 
detection and chain code and later, recognize it using Dynamic 
Time Warping (DTW). It is turned out to give a reliable result, 
with obtained accuracy of 89%. 

Recently, the research has progressed and local features 
based algorithm is reported to be outperforming holistic based 
algorithm in palmprint recognition [1]. Moreover, [13] has 
made a survey for palmprint recognition. Multi-scale and 
multi-resolution based methods such as wavelets and 
contourlets are reported to be potential. Besides, there are 
various features to be used in purpose of obtaining high 
accuracy. Multi-features are considered while coding based 
features outperforms another methods in terms of matching 

PTIIK BRAWIJAYA        



speed. Hence, there is opportunity to implement robust local 
features like the sum of 2D HW response to effectively capture 
principal lines of palmprint.  

In this paper, authors try to propose 2D HW as descriptor 
of tracked lines. In authors assumption, the lines that 
characterize the palmprint should be taken into account. While 
various filters can be used to detect edge or line, by tracking 
the line, it could possibly produce uniqeness between one 
person to another. The detected points that make up lines is 
strengthened using 2D HW. There are many researches that 
utilize 2D HW especially in vision computing.  One of the well 
known framework that has implemented 2D HW is SURF [15]. 
It competes well with its compartment, SIFT [17] which uses 
Difference of Gaussian (DoG) as local feature descriptor in 
terms of speed while also keep the accuracy of detected points 
for object matching. 

II. FRAMEWORK 
Palmprint image dataset is pre-processed in order to obtain 

region of interest (ROI) to specify the area to be focused in. 
After ROI of all images have been generated, later, multi scale 

line tracking is run until all lines have been tracked. The 
generated lines are still too thick, that yields too many 
keypoints (point of interests). We need to execute a method 
such that able to make all those lines thinner. Black & White 
morphological operation method is applied over all generated 
lines. It turns the lines to be skeleton fashion. The overall 
framework taken for this research is as in Fig 1. 

III. OBTAINING REGION OF INTEREST (ROI) 
ROI for all images are generated automatically. There are 

information that are not expected to be included in process. 
Therefore, specifying ROI is compulsory. Information about 

fingers and background are not usable. Specified ROI must be 
the same for all palmprint images. To this end, cropping is 
automatically done to all images. First, Gaussian Lowpass is 
executed over image. Second, image is transformed into 
binary (black and white). Third, define arbitrary x, where x is 
starting point. It is more like a pale of starting crop. Palmprint 
area, later, is detected by tracking the pixels in vertical way 
until it finds pixel values, which are 255. Tracking is 
continued vertically until it finds the width of candidate ROI. 
Finally, squared ROI is generated. The result is seen in Fig. 2 
below. 
 

IV. LINE TRACKING 

A. Multi-scale line tracking 
The line tracking algorithm to obtain clear lines that later 

could be features is inspired by the work done by [16] in retina 
vessel. It uses many image processing steps in order to achieve 
high quality lines. It starts by selecting the starting pixel 
depend on maximum and minimum thresholds. For the initial 
estimation of lines, it uses map quantization and then perfected 
this using median filter and morphological filter of directial 
orientaion characteristics of such region. 

The method used in this paper utilizes matrices approach. It 
is done in consideration of minimizing computational cost. The 
global steps the authors carry out are explained as follows: 

1. First, choose all pixels from each image as initial 
vector (W1). Thus, it will produce MxNx1 matrix 
where M (pixel) and N (pixel) are width and length of 
corresponding image respectively.   

2. Prepare various possible scales (i). For instance, in this 
research authors use multiply of 1, 3, 5, 7, 9, and 11. 
The odd values are used because there is a need to 
preserve the region around interested pixel 
symmetrically. If scale matrices (Wi) does not yet 
exist, prepare the scale matrices of each prevously 
defined odd numbers in the same dimension. 

3. Calculate the parameter of cross-sectional (v) from 
component vector Wi(x,y) by tracking each of its 
adjacent pixels for various orientations (θ) that are 
0°,45°, 90°, 135°, 180°, 225°, 270°, and 315°. If v has 
high value, it means the greater probability that pair of 
pixels is in line track, otherwise, the value is 
approaching 0. The maximum value of v is considered 
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Figure 2 Captured ROI 



as selected next pixel. The value of parameter of cross-
sectional can be represented with Wi(x,y) as eq. 1 
follows [16]: 

Wi x, y( )

I(x ±1, y+w)+ I(x ±1, y−w)− 2I(x ±1, y)
I(x +w, y±1)+ I(x −w, y±1)− 2I(x, y±1)
I(x ±1+w, y±1−w)+ I(x ±1−w, y±1+w)− 2I(x ±1, y±1)
I(x ±1+w, y 1+w)+ I(x ±1−w, y 1−w)− 2I(x ±1, y 1)

"
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$
$
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$
$
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4. Do step 3 to all previously defined scales (i).   

5. Find all the maximum value (vmax) of every Wi(x,y) 
and become a new vector (Vi(x,y)). By giving arbritary 
threshold value Tc, the size of Vi is reduced by 
discarding pixels which has value of vmax below Tc. 
Vi  is considered to be next Wi. Note that each chosen 
pixel in Wi(x,y) becomes 1, and otherwise 0 as long as 
Vi(x,y) also exists. After that, transitory final image 
(Y) will be generated. To this end, Map Quantification 
(eq. 2) is executed such that giving like voting fashion 
of all i. This is done for the purpose of forming binary 
image. 

6. Update each of the scale matrices Wi, where i=3,5,7,9, 
and 11. Every pixel that is found to be next pixel 
corresponding to all scales, which is Vi , becomes new 
Wi.  

7. Track the next pixels (the new extracted Wi) by 
stepping back to no. 2 

The result should be like Fig 3a and 3b for size 125x125 
and 32x32 respectively. In conderation of computation time, 
32x32 is then selected as part of our process. Recognition 
would be better if bigger size or dimension is utilized. There is 
a chance to obtain features that able to discriminate and have a 
sparse distribution. However, it leaves a drawback. As a bigger 
dimension, there is possibility to obtain more keypoints. Thus, 
it is computationally expensive when matching process is 
executed. If there are hundreds of images to be matched, the 
longer process will be run.  

B. Map Quantification 
If all Wi have been found, it is needed to do map 

quantification.  Every Wi is summed up so new matrix (Y) is 
generated. Each element of Y is converted into 0 or 1 by giving 
a threshold (T). For instance element matrix Y is given 1 if 
these eq. 2 is met and 0 otherwise: 

Wj
j
∑ (x, y) ≥ T

False→W (x, y) = 0
True→W (x, y) =1
$
%
&                                                (2) 

V. 2D HAAR WAVELET RESPONSE 
After the keypoints are detected, it needs to be assigned by 

descriptors, which is values to represent features. It is 
necessary since numeric assignments are used for matching 
purpose. Its representatives are formed into feature vectors. 
Inspired by [15], every detected keypoint is formed as a 

squared region. The feature vectors should be distinctive,and 
produce sparcity so it is easy to differentiate. Note that, the 
input of Haar regions are pixels that contained inside it. Haar 
has many coefficients that represent each vertical, horizontal, 
and diagonal orientation. 

The concept of descriptor given here is based on 2D HW 
Response along dx and dy using Gaussian kernel centered at the 
feature point. It is calculated inside the sub regions both dx and 
dy yields 32 features for each keypoint. The size of feature 
vectors of every keypoint then increased into 64 by adding 
vectors resulted from summing up of the response achieved 
before. It is based on consideration that in the case of 
illmunination changes. Palmprint images are captured in 
slighly different intensities that might change the polarity since 
the intensity is changing. For instance if the feature vector is v 
then equation should be like eq. 3 [15] : 

 v = ( dx, dy, dx∑∑∑ , dy∑ )                             (3) 

Where dx∑ , dy∑ , dx∑ , dy∑  are Haar response in 
horizontal, vertical, along with its absolute values respectively.  
Haar wavelet feature vector produces relatively small 
difference in value corresponding points along the line. Thus, if 
it is actually the same class, the probability of matching is 
higher because each palmprint and another have unique 
characteristics of either principal lines, wrinkles, or ridges.  

VI. EXPERIMENTAL SETUP 
The dataset obtained from [7] consists of 386 palms that 

have 7752 images in total. The more information about dataset 

 

 

  

 

 

Figure 3 Showing a process started from ROI, Line 
Tracking and mapped into original image (a) 32x32 (b) 

125X125 

(a) (b) 



can be explored in the reference. For our verification, authors 
match all of the palmprint images corresponding that if two 
images basically come from same palmprint class (same 
person), it can be decided as true. Considering about saving 

computational cost, authors decide to use the image size of 
32x32. It is drastically saving computational time while also 
keeping reasonable accuracy rate.  

For experimental setup, authors use 10-fold crossvalidation 
test. From the whole dataset, 386 classes, it is randomly picked 
up as much as 10 classes randomly. It is possible to match all 
of classes in sequence. However, it will take a long time since 
the used software is MATLAB R2013a  and machine is Intel 
Core i3 2GB DDR. 

In this test, two methods are tested. First, utilizing only 
Line Tracking (LT) then matched using Hamming distance. It 
is counted by how many element matrices of corresponding 
images are the same based on keypoints along the tracked 
lines. Second, the whole frameworks (Fig. 4) is included into 
process namely Line Tracking and 2D Haar Wavelet (LT-
2DHWT) as features. For second scenario, the authors use 
standard Euclidean similarity as matching algorithm. Authors 
suggest a threshold value to be used to consider whether two 
feature vectors (keypoints) from different palmprint are match 
or not. Authors use heuristic approach to decide threshold from 
each experiment according to maximum obtained accuracy. 
Authors name it threshold matching (TH). The best THs are in 
range 0.79-0.84. It produces high matching score around 92 – 
100 % for every crossvalidation test. Later, it is used for 
counting how many keypoint pairs (matched feature vectors) 

between two images. The higher number of keypoint pairs, the 
higher degree of similarity. Thus, it can be investigated 
whether two images are actually in the same class/person or 
not.  

VII. RESULT 
Achieved result indicates that the matching score is 

97.27%. While, baseline [7] result produces 74.086% as 
shown in Table I. Note that, the authors use images that have 
32x32 dimension. Fig.5 illustrates the global achievement for 
our testing phase. It can be figured out from throughout cross-
validation testing, LT-2DHWT outperforms LT and baseline. 
In first validation, there is an opportunity that matching score 
reaches perfect scores (100%). However, overall, proposed 
method has achieved scores in range of 92.5% - 100%. The 
error might arise because of the presence of noise that reduce 
repeatability in the phase of matching. There is also notion 
about homographic matter, which is usually faced in the case 
of object matching problems. 

TABLE I.  AVERAGE MATCHING SCORES 

Average Matching Scores 
Baseline LT LT-2DHWT 

74.086% 86.24%	   97.27%	  
 

 

 

  

 

     

     

     

     

     

 Figure 4 Overview of a process starting from generating ROI, line tracking, skeletoning, mapped into original image, and finally matching process 



VIII. CONCLUSION 
Integrating Line Tracking and 2D Haar Wavelet is quite 

promising. By using small dimension it could produce reliable 
high matching scores. Even though the detected features are 
limited by its size, it is proved that proposed method could 
make a distinctive pattern while it also contribute to be 
illumination invariant capability. The future work is an 
extension of this research. Besides carrying out genuine 
acceptance test, the use of bigger image dimension and also 
noise filtering is quite fascinating. There is a chance to hold a 
learning process by means classification using robust and 
cutting the edge machine-learning algorithms.  
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Figure 5 Matching scores by means 10-fold cross-validation. Each fold provides a set of random classes to test 

 


