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Abstract: Hand-based biometric applications based on 

the palmprint have recently become a popular choice due 

to their high acceptance by the general public. In this 

paper, a method is presented which applies the type-II 

Discrete Cosine Transform (DCT) in a novel way by 

extracting selected coefficients from small overlapping 

blocks of scanned, medium-resolution palmprint images 

to form a feature vector for personal identification. The 

middle palm area is extracted after rotation, position and 

illumination normalization during the preprocessing 

stage before dividing it into 8×8 pixel blocks. The type-II 

DCT is then used to transform the blocks, and only a 

small set of the coefficients selected from each block after 

ranking based on magnitude only. The selected 

coefficients are concatenated to create a compact feature 

vector that represents each palmprint. Experiments using 

a subset of the PolyU Palmprint Database show that this 

block-based approach effectively discriminates between 

palmprints, with excellent palmprint recognition results 

and an Equal Error Rate (EER) of less than 2% in 

palmprint authentication when using a 64×64 pixel input 

image block. 

Keywords:  palmprint authentication,  block-DCT,  local 

feature extraction,  hand-based biometrics 

 

1 Introduction 

In an increasingly globalized and closely networked 

world where most transactions are completed online, the 

need for secure personal authentication systems has 

become a major challenge in order to guard against cases 

of identity fraud. Systems based on physical and 

behavioral biometric information offer a very attractive 

option. This is because biometric identification systems 

are harder to circumvent and easier to use than traditional 

token and knowledge based systems [12, 28]. 

The palmprint contains an abundance of individually 

unique features such as principal lines, wrinkles, creases, 

and other minutiae spread over a much larger area than 

fingerprint or iris. This makes it possible to use lower 

resolution images to achieve good discrimination, 

reducing the cost of such a system. Palmprint is also 

stable over the lifetime of an individual, with little or no 

change observed in the basic patterns even during old age. 

Combined with the fact that even identical twins possess 

unique palmprint patterns, this makes palmprint a much 

better choice than face-based systems [4, 17, 20]. 

Similarly to fingerprint and face, it is possible for a 

human expert to physically analyze a palmprint image 

and determine, using various distinguishing features, 

whether it belongs to a certain individual or not. It is 

therefore possible to use such biometrics as evidence in a 

court of law, unlike iris images which are represented as 

bit strings and whose patterns are impossible for a human 

observer to distinguish or make sense of.  

In this paper, a novel method of palmprint feature 

extraction and matching using block-based Discrete 

Cosine Transform (DCT) is described. When combined 

with careful orientation and brightness normalization, this 

method offers a simple, fast and effective alternative to 

existing statistical and structural techniques of palmprint 

recognition. 

The rest of this section provides a summary of 

existing palmprint recognition techniques in the literature. 

Section 2 describes the proposed method in greater detail 

and motivations for choosing it, an overview of the 

system architecture, and the preprocessing steps used. In 

Sections 3 and 4, the experiments, results and analyses 

are presented, together with a comparison between the 

proposed method and conventional methods based on the 

DFT and DCT. Section 5 ends the paper with some 

concluding remarks and future works. 

 

1.1 Related Work 

Personal identification techniques using biometrics 

generally use either structural or statistical methods for 

feature extraction [4]. For palmprint recognition, 

structural methods involve the extraction of information 

about structural features of palmprints such as principal 

lines, wrinkles, creases and other minutiae. Some 

structural methods in the literature include the use of the 

Radon transform to extract principal lines [10], extraction 

of features based on palm creases [2, 6], extraction of 

22

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



 

structural features using wavelets [23], and the use of 

hand geometry features [20]. 

Statistical methods consider a palmprint as a point in 

a multidimensional space or transform it into a new space 

prior to extracting features from it. Such methods include 

Eigenpalms and Eigenfinger [15, 19, 28], Fisherpalms 

[24], those based on local and global texture [26, 27], 

using Gabor filters [14], and Fourier Transform [11, 22, 

28].  

Kumar et al. [15] used Eigenpalms for palmprint 

recognition by applying the Karhunen-Loeve Transform 

(KLT) to produce an expansion of the input image in 

terms of a set of basis images referred to as ―eigenpalms‖, 

and achieved a recognition accuracy of 98.7% using only 

a portion of the KLT coefficients during matching. Zhang 

used a refined version of the same method on a database 

with 382 classes to get a recognition accuracy of 99.1% 

and impressive verification results [28].  

In Fisherpalms, Fishers linear discriminant analysis is 

applied on a set of palmprints to find the optimal linear 

transformation that maximizes the Fisher criterion. This 

is done after applying the KLT transform on the dataset 

to ensure that the within–class matrix is not singular [24]. 

This method performs as well as Eigenpalms but the 

main weakness of both methods is the high overhead 

incurred in manipulating large matrices to obtain basis 

vectors and the fact that these vectors need to be 

recalculated every time a new palm sample is introduced 

into the dataset. 

Wen-xin et al. [22, 28] obtained the Discrete Fourier 

Transform (DFT) of the palmprint and subsequently 

divided this image into ring-like portions centered at the 

middle or zero frequency point to extract features 

representing frequency, and into slices cutting through 

the middle in order to extract features representing 

direction. The two sets are then used in a layered manner 

with the radial or frequency set used at the coarse level 

and direction features used for finer matching. The 

method achieves a recognition rate higher than 95% but 

could not be proved to perform any better, probably 

because it does not take into account the fact that higher 

frequency areas in the DFT image mostly encode noise 

and can adversely affect discrimination [7, 18]. Ito et al. 

[11] also use global DFT domain images, but use a band–

limited phase–only correlation function (BLPOC) 

together with a hamming window to discriminate 

between two palmprint images. Using images from the 

PolyU palmprint database [9], they obtain an equal error 

rate (EER) of about 0.15% but report no palmprint 

recognition results. 

Jing and Zhang [13] apply the DCT in a face and 

palmprint fusion method by extracting the global DCT 

coefficients and selecting specific frequency bands based 

on a 2–D separability judgment. The ratio of the 

between–class scatter to the within–class scatter for the 

entire data set when a specific frequency band is used as 

a feature vector is calculated. This ratio is then used as 

the criterion for selecting particular bands. If the ratio is 1 

or more, the frequency band is judged to have good linear 

separability. After ranking the first 20 bands beginning 

from the top–left corner of the DCT image (low 

frequencies) based on this ratio, a threshold is used to 

select only the best bands for use in the final feature 

vector. A modified version of Fisherpalms is then used to 

obtain the optimal discriminant transform. This approach 

is computationally intensive as the KLT transform needs 

to be calculated several times in order to obtain the linear 

separability and to perform Fisherpalms. 

Yih et al. [25] take a slightly different approach by 

extracting the central palm area and first normalizing it to 

256×256 pixels before performing the DCT on 16×16 

blocks. The DCT image for each block is then split into 

4×4 regions, each of whose coefficients are squared and 

summed to obtain the DCT energy. The energy feature is 

arranged to form the feature vector, and using a database 

containing 1000 palmprint images from 100 palms, a 

verification accuracy of 95.4 % is achieved. This method 

also fails to consider the effect of including the high-

frequency components when obtaining the DCT energy 

of each sub-region within the 16×16 block. Also, the 

approach is rather inefficient as it uses all the coefficients 

for calculation of the DCT energy, which is equivalent to 

using all the pixels in the 256×256 image because the 

DCT is equal in size to the original image. 

 

2 Proposed Method and 
Motivation 

The DCT is known to be a near-optimal transform, in 

a mean square error minimization sense, approaching the 

KLT and surpassing the DFT [7]. However, unlike the 

KLT which is data-dependent, the DCT is obtained using 

basis sinusoidal functions that do not depend on the data, 

and because of its close relationship to the DFT, it can be 

calculated using the same fast algorithms, such as those 

based on the Fast Fourier Transform (FFT). Also, the 

DCT tends to concentrate most of the information about 

an image in the first few lower frequency coefficients, 

making it the ideal choice for image compression 

techniques such as the JPEG standard [21]. It also makes 

the DCT suitable for use with low to medium resolution 

images, of which palmprint images acquired using a 

scanner are an example. 

These factors motivated us to explore the use of DCT 

coefficients for palmprint identification after our earlier 

work showed that careful selection of a subset of DFT 

coefficients combined with proper preprocessing can 

produce very good palmprint recognition results [3]. A 

method is proposed in which the central palm area is 

extracted and split into 8×8 pixel sub-images on which 

the DCT is then performed. After ranking the DCT 

coefficients from each block or sub-image based on the 

magnitude, the largest 50% or less are selected. The 

selected coefficients from each block are then 

concatenated to form a compact feature vector that 

represents the palmprint. Because the DCT is not 

rotation-invariant, careful preprocessing is performed to 

ensure that the extracted region of interest is normalized 

for both orientation and illumination. To further reduce 

the effects of slight variations in position, overlapping 

blocks are used for DCT feature extraction, and shown to 

significantly improve the recognition and verification 

accuracy when compared to the use of non-overlapping 

blocks. 

Splitting the original image into 8×8 blocks ensures 

that local information about important features such as 
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principal lines is not lost. By selecting the most 

prominent coefficients based on their magnitudes, most 

of the noise which is encoded in the high-frequency 

lower-right corner of the block is not included in the 

feature vector. At the same time, ranking based on 

magnitude ensures that any important coefficients located 

in the high frequency region are not left out. This would 

happen if only the low and medium frequency 

coefficients were chosen without regard to their 

magnitude. This approach is different from that taken by 

Hafed and Levine for face recognition, where they 

compute the global DCT and use only the low to medium 

frequency coefficients around the top left corner [8]. 

Local DCT features have been shown to be equally 

effective for low and medium resolution face images [5]. 

The main novelty and contribution of the proposed 

method does not lie in the use of the DCT, which has 

been used in a variety of pattern recognition techniques, 

but in demonstrating that using just a few prominent DCT 

coefficients extracted from small blocks can produce 

good palmprint recognition results without the need for 

complex and expensive matrix manipulations. We also 

show experimentally that the original input image block 

size contributes to the accuracy of palmprint recognition. 

This has not been rigorously investigated in the literature. 

The effectiveness of the proposed method is evaluated 

using palmprint images from the PolyU palmprint 

database. 

 

2.1 Overview of System Architecture 

An overview of the proposed system is shown in 

Figure 1. The input consists of uncompressed gray scale 

bitmap images of the palm scanned at a resolution of 72 

dots per inch and with an original size of 384×284 pixels.  

Before extracting the square central palm area, a 

reference coordinate system is first obtained to ensure 

that approximately the same area is extracted from each 

image. This is done together with brightness 

normalization in the preprocessing stage. A square 

128×128 pixel area is then extracted from the middle 

palm area and used as the input image block into the 

block-based feature extraction stage of the system. 

In the feature extraction and matching stages, the 

extracted 128×128 pixel region of interest (ROI) is first 

split into 8×8 pixel blocks. DCT is then performed on 

each block and the coefficients ranked by magnitude. 

Initially, the largest 50% of the coefficients are retained 

from each block and concatenated into one feature vector, 

but the recognition accuracy is used in the matching 

experiments to determine the optimal number of 

coefficients to be used. The starting point of 50% is 

chosen for fair comparison to DFT, which is half the 

length of the DCT for the same block size. 

The size of the ROI is subsequently reduced to 64×64 

and finally to 32×32 pixels. The same experiments 

carried out at each size with the aim of investigating the 

effect of input image block size reduction on the 

recognition accuracy. A satisfactory accuracy at a smaller 

input image block size would be idea for real-time 

applications since a four-fold increase in the speed of 

execution would be achieved if the size were reduced by 

half. 

 

 
 

 

 

In the matching stage, a classifier is used based on 

minimizing the distance, D, which is the summation of 

the Euclidean distance between the feature vector from 

each block of the unknown palm, b, and that from the 

corresponding block in the database image, a 

                           
 

 

   

 

   

                                         

 

where N is the number of blocks per image and L is the 

length of the feature vector per block and corresponds to 

the number of coefficients retained. 

 

2.2 Preprocessing 

The preprocessing steps are summarized in Figure 2. 

A slightly modified version of Zhang‘s method [28, 24] is 

used to normalize the input for position prior to 

brightness normalization. 

The two points k1 and k2 shown in Figure 2(b) are 

obtained on the image by first selecting a starting and 

ending point of the finger edge boundary between the 

fore and middle finger for k1 and between the ring and 

little finger for k2. An enlargement of this semi–circular 

background area is shown in Figure 2(a) along with the 

finger edge boundary between the starting and ending 

points. The center of gravity of the semi–circular finger 

edge boundary, g, shown in Figure 2(a) is then calculated. 

Finally, a line is drawn which begins at the mid–point 

between the start and end points chosen earlier. The line 

passes through g and extends to a point on the palmprint 

boundary, which is then marked as k1 or k2. The line 

joining k1 and k2 is used as the reference x axis as shown 

in Figure 2(b). A perpendicular line originating from the 

midpoint, m, of the x axis is then used as the y axis, and 

the middle square region is obtained. This 128×128 pixel 

region starts at a distance from point m which was 

determined experimentally, and is used as the input 

palmprint for feature extraction. Because the points k1 

and k2 are determined based on the center of the gravity 
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Figure 1 System architecture of the proposed 

DCT feature extraction method 
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of the gap between the corresponding fingers, this region 

is approximately the same in each palmprint image. 

 

 

Figure 2  The preprocessing steps to obtain a normalized 

ROI: (a) the start and end points of the finger edge 

boundary used to obtain the center of gravity, g,              

(b) the new coordinate system obtained using two       

points k1 and k2, (c) extracted ROI, (d) estimated 

background image, (e) background-subtracted image     

and (f) after local histogram equalization 

For brightness normalization, a coarse estimate of the 

background illumination is first obtained by finding the 

average of every 8×8 region over the entire ROI [16]. 

Each average value forms a pixel in a 16×16 image which 

is then expanded to the same size as the ROI using bi–

cubic interpolation to obtain the estimated background 

image shown in Figure 2(d). The estimated background is 

then subtracted from the original image to produce a 

brightness-normalized image, shown in Figure 2(e). 

Finally, contrast improvement is achieved by local 

histogram equalization using 16×16 blocks as shown in 

Figure 2(f), which though visually less pleasing, has a 

more evenly distributed histogram than the brightness-

normalized image. 

 

3 Local DCT Feature Extraction 

Feature vectors representing the preprocessed 

palmprint images are obtained by dividing the image into 

N 8×8 blocks and then computing the 2–D type–II DCT, 

C(u, v), of each block using 

 

                             
        

  
 

 

   

 

   

     
        

  
                                        

 

where I(r,c) is the original 8×8 image block and M is 8, 

while      and      are given by 

                

 
 

   
                                      

  
                      

               

 

The type–II DCT, usually referred to simply as ‗the 

DCT‘, was developed by Ahmed et al. in 1974 [1]. The 

types of DCT, which range from I to VIII, are classified 

according to whether one or both boundaries are even. 

For the first 4 types, both boundaries are even while only 

the left boundary is even for the rest. Since even 

boundaries yield a continuous extension at the edges, the 

first 4 perform better in data compression. This is because 

fewer discontinuities imply a faster convergence rate for 

any Fourier-like series. The third type of DCT is the 

inverse of type–II. 

Using equation (2), a vector is formed for each 8×8 

block by extracting the DCT coefficients, ranking them 

from the smallest to the largest based on the magnitude, 

and retaining only the first 50%. The DC value represents 

the mean of the pixel values within a given block and 

because illumination normalization has been performed, 

it is included in the feature vector as well. Each image is 

therefore represented in feature space by a matrix whose 

columns are the sorted magnitude values. The dimension 

of the columns is L×N, which are given in equation (1). 

Reconstructed palmprint images after discarding most of 

the smallest coefficients are shown in Figure 3. 

 

 

Figure 3  DCT using 8×8 blocks: (a) original image, 

(b) reconstructed using 16 (25%) of DCT coefficients 

in each block, (c) reconstructed using the largest 4 

(6.25%) and (d) using only the largest 2 

 

It is observed from Figure 3 (b) that retaining only the 

largest 25% of the DCT coefficients in each block 

produces an image without any discernible difference 

from the original, while retaining only the DC and one 

more coefficient produces a blurred image, but the 

important features on the palmprint such as principal 

lines are still distinguishable, as shown in Figure 3 (d). 

 

3.1 Experiments 

Images from the PolyU Palmprint Database [9] are 

used in experiments to evaluate the performance of the 

proposed method. The database contains between 7 and 

10 palmprint samples per individual in bitmap format 

with an original size of 384×284 pixels. The images are 

scanned in two sessions about 2 months apart, with an 

approximately equal number of images captured during 

each session. Guiding pegs are used for positioning the 

fingers but they do not completely eliminate variations in 

orientation. The illumination is also allowed to vary 

slightly between palmprint capture sessions.  

The first experiment involves extracting DCT features 

from the preprocessed palmprint images using non-

overlapping 8×8 pixel blocks. At first, the original ROI 

size of 128×128 pixels is used, after which the size is 

reduced via bi-cubic interpolation to 64×64 pixels, and 

then finally to 32×32 pixels. At all image sizes, the same 

8×8 pixel block size of is used for local DCT feature 

extraction and matching. 

A second experiment is also performed which 

involves extracting DCT features under the same 

conditions, but overlapping 8×8 pixel blocks are used to 

(a) (d) (c) (b) 
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improve accuracy by further eliminating the effects of 

slight orientation variations. Two levels of overlap are 

investigated: where a block overlaps the previous one by 

2 pixels, and by 4 pixels respectively. The accuracy 

improvement is evaluated with respect to the increase in 

the total number of 8×8 blocks for a given input image 

block size. This is because the processing time is directly 

proportional to the number of blocks. 

 

3.2 Experimental Conditions 

For palmprint recognition experiments, a training or 

template set is formed by selecting and preprocessing 1 

sample from the first session per palm for 80 individuals. 

A testing or evaluation set is then created that contains 4 

samples per palm from the second session for the same 

set of individuals so that the test set contains a total of 

80×4 = 320 samples. This reflects a real world biometric 

system in which the saved template is usually captured at 

an earlier date than the sample that is presented to the 

system for identification. A total of 80 matching attempts 

are made for each test sample for a total of 25,600 

matching attempts. The recognition accuracy of the 

system is evaluated based on the number of correctly 

identified test samples. These are the test samples whose 

minimum Euclidean distance is achieved with a template 

from the same class. 

In palmprint verification or authentication mode, an 

evaluation set containing 8 randomly selected samples 

from both sessions for 80 palms is created. To test the 

performance of the system, a one–to–all matching using 

Equation (1) is carried out for each of the images in the 

set while varying the decision threshold so that at each 

threshold, a total of 640C2 (640 × 639 ÷ 2 = 204,480) 

matching attempts are made. Of these, 8C2 × 80 = 2240 

are genuine matches while the rest (202,240) are 

impostor or fake matches.  

During verification, False Rejection Rate (FRR) 

measures the rate at which genuine palms are rejected as 

impostors while False Acceptance Rate (FAR) is the rate 

at which impostors are accepted as genuine. Receiver 

Operating Characteristic (ROC) curves, which plot the 

FAR against the FRR are used to obtain the Equal Error 

Rate (EER). This indicates the optimal operating point 

where both FRR and FAR are minimum. The FAR and 

FRR are given by 

 

                    
  

   
                                                   

 

and 

 

                      
  

   
                                                   

 

where FA is the number of fakes accepted as genuine, 

and FR is the number of falsely rejected genuine claims. 

TFA and TGA are the total number of fake and genuine 

attempts respectively. TFA = 202,240 while TGA = 2240. 

The verification accuracy is obtained from the FAR 

and FRR, and gives an indication of the overall 

verification performance of the system, which does not 

necessarily occur at the EER point. The verification 

accuracy (VA) is given by 

 

                          

   
       

 
                            

 

In verification mode, performance valuation is based 

on minimizing the EER and maximizing the verification 

accuracy. 

 

4 Results and Analyses 

The palmprint recognition results of the proposed 

method, using both non-overlapping blocks and 2 degrees 

of overlap are summarized in Table I.  

 

 
Table I  The recognition accuracy (%) of the proposed 

method using 8×8 blocks for DCT. Overlap I and II 

denote an overlap of 2 and 4 pixels respectively 

In Table I, ‗Overlap I (2)‘ denotes the case when 

adjacent blocks overlap by 2 pixels while ‗OverlapII (4)‘ 

denotes an overlap of 4 pixels. From Table I, the highest 

recognition accuracy when non-overlapping blocks are 

used for DCT feature extraction is 96.6%, with 309 out of 

the 320 samples in the test set correctly identified. This 

value is the same for both 64×64 and 128×128 pixel input 

image block sizes, which implies that the smaller input 

image block size, whose speed of processing is 4 times 

faster than the original ROI size, is better suited for real-

time applications.  

When the blocks used for DCT feature extraction are 

overlapped, it can be seen from Table I that the accuracy 

increases to 99.1%, where all but 3 of the 320 test 

samples are correctly classified.  This occurs at an input 

image block size of 64×64 pixels and when the 8×8 are 

blocks  overlapping by 4 pixels. However, when the 

original input image block of 128×128 pixel is used with 

both degrees of overlap, the accuracy improves from 

96.6% to 97.8% for both overlaps. 

The recognition accuracy shown in Table I is obtained 

when the feature vector is made up of only the largest 16 

(25%) DCT coefficients per 8×8 pixel block. This 

produces a compact feature vector of length 1024 for a 

64×64 input image block. Figure 4 shows the variation of 

recognition accuracy for both overlaps when the number 

of DCT coefficients retained in each block is reduced 

from 100% to 3.125% or just the largest 2 per block. 

It can be seen from Figure 4 that using more than 25% 

of the DCT coefficients does not improve the recognition 

accuracy of the system. 

For comparison, the recognition accuracy is shown in 

Table II when 16×16 blocks are used for DCT feature 

extraction. The degree of overlap is directly proportional 

No overlaps Overlap I (2) OverlapII (4)

32×32 83.5 90.6 91.9

64×64 96.6 98.8 99.1

128×128 96.6 97.8 97.8

Recognition accuracy (%) using 8x8 blocksInput image 

block size
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to block size, with ‗Overlap I (4)‘ and ‗Overlap II (8)‘ 

denoting overlaps of 4 and 8 pixels respectively. 

 

 
Figure 4  Recognition accuracy (%) when the number of 

coefficients retained per block is varied 

From Table II, the optimal recognition accuracy when 

using 16×16 blocks for DCT is 98.4%, with 315 out of 

320 test samples correctly classified. This occurs when 

the blocks are overlapping by 8 pixels and the input 

image block size is 128×128 pixels with 25% of the 

coefficients retained per block. The accuracy falls rapidly, 

however, to 90.6% when no overlaps are present. When 

the input image block size is halved, the accuracy 

deteriorates faster and further than the case when 8×8 

blocks are used for DCT feature extraction. 

 

 
Table II  Recognition accuracy (%) using 16×16 blocks 

for DCT and 3 input image block sizes 

It can therefore be concluded that using overlapping 

blocks can significantly improve the recognition 

performance of the proposed system. Furthermore, the 

block size used for local DCT as well as the input image 

block size are important factors to consider. An input 

image block size of 64×64 pixels combined with 8×8 

blocks for DCT produces the best recognition results.  

However, an equally significant increase is realized in 

the processing time required when the number of blocks 

is increased as a result of overlaps. Figure 5 shows the 

increase in the number of blocks as the degree of overlap 

is increased.  

From Figure 5, it can be seen that for the 64×64 input 

image block, using 8×8 blocks that overlap by just 2 

pixels increases the number of blocks from 64 to 100. 

Increasing the degree of overlap to 4 pixels increases the 

number of blocks to 225, which represents a 250% 

increase. This causes a similar increase in the processing 

time. 

 

4.1 Palmprint Verification Results 

Table III shows a summary of the verification 

accuracy, calculated from Equation (6), for the proposed 

method using 3 input image block sizes at 3 degrees of 

overlap.  

Once again, the optimal verification accuracy of 

98.8% is obtained when blocks are overlapped by 4 

pixels during local DCT feature extraction. Considering 

the fact that the number of blocks in this case is more 

than 3 times that for when there are no overlaps, it could 

be argued that at 98.1%, using no overlaps is the optimal 

solution. 

 

 
Figure 5  Number of 8×8 blocks for 3 input image 

block sizes at various degrees of overlap 

 

 
Table III  Verification accuracy (%) for 3 input image 

block sizes and varying degrees of overlap 

The ROC curves for three degrees of overlap and a 

64×64 pixel input image block are shown in Figure 6 for 

the 8×8 blocks. The curve obtained when 16×16 blocks, 

overlapping by 8 pixels and using the same input image 

block size is also shown for comparison. The EER, where 

FAR and FRR are equal, is indicated by the diagonal 

dotted line starting at the bottom left corner. 

From Figure 6, the overlap of 4 pixels with an EER of 

1.43%, has the best performance, while the overlaps of 2 

pixels produces the same EER as no overlaps, at 1.97%. 

On the other hand, when using 16×16 blocks for DCT 

overlapping by 8 pixels, the EER is 2.9%. The 16×16 

blocks do not produce a better EER when the original 

128×128 input image block size is used, at 2.0%. 

Because the number of impostor or fake attempts 

(202,240) is much larger than genuine ones (2240), it is 

possible to achieve the maximum verification accuracy 

(VA) at an operating point that is different from the EER. 

In Table III, the 98.8% value obtained for the 4-pixel 

overlap is achieved when the FAR is 0.7% while the FRR 

is 1.8%. At this point, 1416 out of 202,240 impostor 

attempts are erroneously accepted, while 40 out of 2240 

genuine attempts are mistakenly rejected. However, at the 

EER point of 1.43%, 2892 fake attempts would be 

mistakenly accepted while 32 genuine claims would be 

rejected. The maximum verification accuracy therefore 

offers the ideal operating point for a high security 

biometric system, where the cost of accepting impostors 

No overlaps Overlap I (4) OverlapII (8)

32×32 36.9 45.3 59.1

64×64 67.8 91.9 95.3

128×128 90.6 97.8 98.4

Input image 

block size

Recognition accuracy (%) using 16x16 blocks

No overlaps Overlap I (2) Overlap II (4)

32×32 90.6 94.3 95.1

64×64 98.1 98.4 98.8

128×128 97.2 98.4 98.2

Input image 

size

Verification accuracy (%)
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is higher than that of rejecting the genuine claims. In such 

a situation, rejected genuine claims can be verified by 

secondary means. 

 

 
Figure 6  The ROC curves for a 64×64 pixel input image 

block using 8×8 blocks with overlaps of 2 and 4 pixels. 

16×16 blocks with overlaps of 8 pixels are also shown 

From the recognition and verification results in Tables 

I to III, it can be concluded that the ideal configuration of 

the proposed method for use in a real-time application is 

when using overlapping blocks, with the degree of 

overlap set at 2 pixels and input image block fixed at 

64×64 pixels. This offers the best tradeoff between the 

accuracy and speed of computation. The number of 8×8 

blocks in this case is just 100, while the recognition 

accuracy is 98.8% and verification accuracy is 98.4%. 

Using an overlap of 4 pixels, on the other hand, more 

than doubles the number of blocks and hence the 

computation time, while only increasing the recognition 

and verification accuracy by only 0.3% and 0.4% 

respectively. 

 

4.2 Comparison with Conventional 
DCT and DFT-Based Methods 

To further evaluate the proposed method, we compare 

its performance to the approach proposed by Yih et al. 

[25], and to an approach where the DCT is replaced by 

the DFT [22, 3] for feature extraction. 

Yih et al. [25] performed a comparative study of three 

approaches for palmprint recognition—DCT energy, 

Wavelet Transform and an approach using the Sobel edge 

detector in what they termed as ‗SobelCode‘. Input 

images used were captured by digital camera in RGB 

format at an original size of 1024×768 pixels. 

After orientation normalization, a 256×256 ROI was 

extracted from the central palm area and used as input to 

each of the three methods. To extract the DCT energy 

features, they split the ROI into 16×16 blocks, applied the 

DCT on each block and then split the 16×16 DCT 

coefficient matrix further into 4×4 regions so that each 

DCT block is divided into 16 regions. For each 4×4 

region, the DCT energy is calculated as the squared sum 

of all the coefficients in the region. By doing this in every 

DCT block, they end up with a 64×64 matrix whose 

values consist of the squared sums of the DCT 

coefficients in each 4×4 region. This is similar 

theoretically to shrinking the original image by replacing 

each 4×4 neighborhood with one value representing the 

sum of all neighborhood elements, except that this is 

done in the DCT domain. 

For comparison to Yih‘s approach, we carried out the 

same steps using the same dataset that was used for the 

proposed method. A DCT energy feature vector is created 

using 2×2 regions and 8×8 blocks for DCT for fair 

comparison because our extracted ROI is half the size of 

the one used in their study and also because we would 

like to maintain the same feature vector size. 

To compare with DFT features, the same block size is 

used for DFT. However, all the DFT coefficients from 

each 8×8 block are used to form the feature vector 

because the DFT is half the length of the DCT (the other 

half are a mirror image of the first). This is done after 

ranking the coefficients according to the magnitude. 

Experiments are also carried out using half the ranked 

DFT coefficients, so that the feature vector length is the 

same as that used in the proposed method to obtain the 

results shown above. 

The comparative palmprint recognition results 

between the proposed method, Yih‘s approach and DFT 

method are shown for two input image block sizes in 

Table IV. In Table IV, ‗Proposed I‘ denotes the proposed 

method with no overlapping blocks and using 16 (25%) 

of the largest DCT coefficients in each block. ‗Proposed 

II‘ denotes the case where an overlap of 2 pixels is used 

for each block. ‗DFT I‘ denotes DFT features with 16 or 

half the DFT coefficients used per 8×8 block, while ‗DFT 

II represents the case where all the ranked DFT 

magnitude coefficients are used. 

 

 
Table IV Palmprint recognition 

performance comparison results for various 

methods 

From Table IV, the recognition accuracy of the 

proposed method without any overlaps, shown in the first 

row is comparable to that obtained using DFT magnitude 

features, but only when all the DFT magnitude features 

are used to form the feature vector (third row). It is 

observed that if the feature lengths are forced to be the 

same by using 25% of the coefficients for the proposed 

method (second row) while using 50% of the DFT 

magnitude coefficients (fourth row) in every 8×8 block, 

then the proposed method outperforms the DFT method 

at both input image sizes. This is because the DFT does 

not concentrate most of the information about a particular 

sub-image within the first few coefficients as effectively 

as the DCT does, and more coefficients are required to 

effectively discriminate between palmprints. 

On the other hand, the recognition accuracy using 

Yih‘s approach is 95.3%, increasing to 96.3% when the 

original 128×128 pixel input image block is used. In both 

64×64 input 128×128 input

Proposed I 96.6 96.6

Proposed II 98.8 97.8

DFT I 96.3 95.6

DFT II 96.8 96.6

Yih 95.3 96.3

Approach
Recognition rate (%)
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cases, the feature length of the proposed method and 

Yih‘s approach is the same, at 1024. 

Figure 7 shows the ROC plots of the proposed method 

without using overlapping blocks, compared with DFT 

and Yih‘s approach, with the input image block size set at 

64×64 pixels. The verification accuracy for the proposed 

approach with no overlaps, DFT method using all the 

DFT magnitude coefficients, and Yih‘s approach is 

summarized in Table V. 

 

 
Table V Verification accuracy of the 

proposed method, DFT method and Yih's 

approach 

All three methods produce nearly identical 

verification accuracy when the input image block is 

128×128 pixels, as shown in Table IV. But at the smaller 

input image size of 64×64 pixels, the proposed method 

with no overlaps gives the highest verification accuracy 

of 98.1%. It is noted from Figure 7 that the ROC curves 

for both Yih‘s and DFT methods, with EER of 2.88% and 

2.27% respectively, lie above that of the proposed 

method without overlapping blocks, whose EER is 1.97%. 

 

 
Figure 7 ROC curves of the proposed method, 

Yih's approach, and DFT method 

In terms of computation speed, the order of 

complexity for performing both the DFT and DCT is 

O(N
2
log2N), where N is the input image height and width. 

Although the DFT is shorter than the DCT, the extra 

calculations required to evaluate the real and complex 

values in the DFT put the computation speeds at par. 

Even when multiplied by the number of blocks over 

which computation is performed, using DCT would still 

be faster than PCA-based methods. The order of 

complexity for PCA is O(M`Y
2
) where M` is the number 

of basis vectors and Y is the class size.  As the class size 

increases, performing PCA becomes an intractable task. 

On a Windows Vista PC with a dual-core 1.86 GHz 

processor and 2 GB memory, using un-optimized C/ C
++

 

code, the response time for the proposed method is 0.1 

seconds. This includes the time taken to extract the ROI, 

perform DCT and match the features. Yih‘s method and 

DFT are slightly faster because there are fewer 

coefficients to sort for the DFT and no sorting is 

necessary for Yih‘s approach. However, because the 

input images are from a pre-acquired database and the 

dual processor is running many other processes at the 

same time, these times are only approximate values. 

 

5 Conclusion 

A holistic approach for palmprint feature extraction 

and matching has been presented, based on local or block 

DCT features. Various experiments are carried out to 

evaluate the effectiveness of the method in palmprint 

recognition and verification using images from the PolyU 

Palmprint Database. These experiments show clearly that 

the use of local DCT features for palmprint recognition, 

when combined with careful preprocessing, is an 

effective alternative to other statistical or structural 

methods. 

Excellent recognition results are obtained when a 

64×64 pixel input image block is used, with only 25% of 

the largest DCT coefficients retained for use in a compact 

feature vector. When adjacent 8×8 blocks are allowed to 

overlap by just 2 pixels, thus minimizing the effects of 

slight variations in orientation, recognition and 

verification accuracy is further improved. The maximum 

recognition accuracy of the proposed method, using a 

training set containing just one sample per palm and a test 

set with 4 samples per palm, is 99.1%. An Equal Error 

rate 1.43% and verification accuracy of 98.8% are 

achieved. 

In future, improved preprocessing is investigated to 

further minimize the slight variations in position that still 

exist after preprocessing. The method used here for 

position normalization relies on the ability to properly 

segment the semi-circular boundary area between the 

fingers. In many of the images in the database, these 

areas are partly occluded, which affects the accuracy of 

normalization as approximate borders are used in such 

cases. Eliminating slight orientation variations will also 

lessen the need for using overlapping blocks, whose 

effect is to increase the computation time.  

To further investigate the sensitivity of the proposed 

method to original image size, a different database of 

palmprint images with a different original size and 

captured under different conditions shall also be used. 

 

Acknowledgments 

The authors sincerely thank Biometric Research 

Center at The Hong Kong Polytechnic University for 

providing us with the PolyU Palmprint Database. We 

would also like to thank the anonymous reviewers for 

their insightful suggestions and comments which greatly 

helped us improve the paper. 

 

References 
 

[1] Ahmed, N., Natarajan, T., and Rao, K. R., ―Discrete 

Cosine Transform‖, IEEE Trans. on Computers, pp. 

90–94, 1974. 

64×64 input 128×128 input

Proposed 98.1 97.2

DFT 97.8 97.2

Yih 97.2 97.1

Verification accuracy (%)
Method

29

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



 

[2] Chen, J., Zhang, C., and Rong, G., ―Palmprint 

Recognition Using Crease‖, Proc. of ICIP, pp. 234–

237, 2001. 

[3] Choge, H. K., Karungaru, S., Tsuge, S., and Fukumi, 

M., ―A DFT-Based Method of Feature Extraction for 

Palmprint Recognition‖, IEEJ Trans. on EIS vol. 

129(7), pp. 1296–1304, 2009. 

[4] Connie, T., Beng-Jin, A., Ong, M., and Ling, D., ―An 

Automated Palmprint Recognition System‖, Img. & 

Vision Comp., vol. 23, pp. 501–515, 2005. 

[5] Ekenel, H. K. and Stiefelhagen, R., ―Local 

Appearance Based Face Recognition Using Discrete 

Cosine Transform‖, Proc. of EUSIPCO, 2005. 

[6] Funada, J., Ohta, N., Mizoguchi, M., Temma, T., 

Nakanishi, K., Murai, A., Suiguchi, T., Wakabayashi, 

T., and Yamada, Y., ―Feature Extraction Method for 

Palmprint Considering Elimination of Creases‖, Proc. 

of 14th ICPR, vol.2, pp.1849–1854, 1998. 

[7] Gonzalez, C. and Woods, R. E., Digital Image 

Processing, 2nd Ed., Prentice Hall, NJ, USA, 2002, 

Chap. 4. 

[8] Hafed, Z. M. and Levine, M. D., ―Face Recognition 

Using the Discrete Cosine Transform‖, Intl Journal of 

Computing, vol. 43(3), pp. 167–188, 2001. 

[9] Hong Kong Polytechnic Univ. (PolyU) Palmprint 

Database,  

http://www.comp.polyu.edu.hk/~biometrics/  

[10] Huang, D., Jia, W., and Zhang, D., ―Palmprint 

Verification Based on Principal Lines‖, Pattern 

Recognition, vol.41, pp.1316–1328, 2008. 

[11] Ito, K., Aoki, T., Nakajima, H., Kobayashi, K., and 

Higuchi, T., ―A Palmprint Recognition Algorithm 

using Phase-only Correlation‖, IEICE Trans. on 

Fundamentals, vol.E91-A(4), pp.1023–1030, 2008. 

[12] Jain, A. K., and Pankanti, S., ―Beyond 

Fingerprinting‖, in Scientific American, pp. 78–81, 

Sept. 2008. 

[13] Jing, X. and Zhang, D., ―A Face and Palmprint 

Recognition Approach Based on Discriminant DCT 

Feature Extraction‖, IEEE Trans. on Syst., Man, & 

Cybernetics—Part B: Cybernetics, vol. 34(6), pp. 

2405–2415, 2004. 

[14] Kong, W. K., Zhang, D., and Li, W., ―Palmprint 

Feature Extraction using 2-D Gabor Filters‖, Pattern 

Recognition 36, pp.2339–2347, 2003. 

[15] Kumar, A. and Shen, H.C., ―Recognition of 

Palmprint using Eigenpalms‖, Proc. of CVPRIP, 

North Carolina, 2003. 

[16] Ma, L., Tan, T., Wang, Y., and Zhang, D., ―Personal 

Identification Based on Iris Texture Analysis‖, IEEE 

Trans. on PAMI, vol. 25(12), pp. 15191–533, 2003. 

[17] Michael, G. K. O., Connie, T., and Teoh, A. B. J., 

―Touch-less Palm print Biometrics: Novel Design and 

Implementation‖, Img & Vision Comp., vol. 26, pp. 

1551–1560, 2008. 

[18] Pang, Y., Jin, A. T. B., and Ling, D. N. C., 

―Palmprint Authentication System Using Wavelet 

Based Pseudo Zernike Moments Features‖, 

Intl .Journal of the Computer, the Internet and 

Management, vol. 13(2), pp.13–26, 2005. 

[19] Ribaric, S. and Fratric, I., ―A Biometric 

Identification System Based on Eigenpalm and 

Eigenfinger Features‖, IEEE Trans. on PAMI, 

vol.27(11), pp.1698–1709, 2005. 

[20] Shu, W. and Zhang, D., ―Automated Personal 

Identification by Palmprint‖, Optical Eng., vol. 37(8), 

pp. 2359–62, 1998.  

[21] Wallace, G. K., ―The JPEG Still Picture 

Compression Standard‖, IEEE Trans. of Consumer 

Elec., vol 38(1), pp. xviii–xxxiv, 1992. 

[22] Wen-xin, L., Zhang, D., and Zhuo-qun, X., 

―Palmprint Recognition Based on Fourier Transform‖, 

Journal Of Software, vol. 13(5), pp. 879–886, 2002. 

[23] Wu, J., You, X., Tang, Y. Y., and W. Cheung, 

―Palmprint Identification Based on Non-Separable 

Wavelet Filter Banks‖, Proc. of 19th IEEE ICPR, pp. 

1–4, 2008. 

[24] Wu, X., Zhang, D., and Wang, K., ―Fisherpalms 

Based Palmprint Recognition‖. PRL 24, 2829–2838 , 

2003. 

[25] Yih, E. W. K., Sainarayanan, G., and Chekima, A., 

―Palmprint Based Biometric System: A Comparative 

Study on Discrete Cosine Transform Energy, Wavelet 

Transform Energy and SobelCode Methods‖, Intl. J. 

on Biomed. Soft Comp. & Human Sci., vol. 14(1), pp. 

11–19, 2009. 

[26] You, J., Li, W., and Zhang, D., ―Hierarchical 

Palmprint Identification via Multiple Feature 

Extraction‖, Pattern Recognition 35, pp.847–859, 

2002. 

[27] Zhang, D., Kong, W., You, J., and Wong, M., 

―Online Palmprint Identification‖, IEEE Trans. on 

PAMI, vol. 25(9), pp. 1041–1050, 2003. 

[28] Zhang, D., Palmprint Authentication, USA, Kluwer 

Academic Publications, 2004, Chap. 1–3. 

 

H. Kipsang Choge   received the 

B.Sc. degree in Electrical and 

Electronic Engineering from Jomo 

Kenyatta University of Agriculture 

and Technology (JKUAT), Kenya, in 

1998. In 2003, he received his MS 

Degree in Electrical Engineering from 

Southern Illinois University at 

Edwardsville, USA, and joined his former department at 

JKUAT in 2005 as an Assistant Lecturer. He is currently 

a Ph.D. student at the Graduate School of Advanced 

Technology and Science, The University of Tokushima. 

His research interests include signal and image 

processing, genetic algorithms, neural networks and 

biometrics. He is a member of the Institute of Electrical 

and Electronic Engineers (IEEE). 

 

Tadahiro Oyama   received the B.E. 

degree from the National Institution 

for Academic Degrees and University 

Evaluation, Japan, in 2005. He 

received the M.E. degree in 2007 and 

a PhD in System Innovation 

Engineering from the University of 

Tokushima in 2010. He is currently 

an Assistant Professor at the Kobe City College of 

Technology, Japan. His research interests include signal 

and image processing. He is a member of IEICE. 

 

30

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



 

Stephen Karungaru   received the 

B.Sc. degree in Electronics and 

Communication from Moi University, 

Kenya, in 1992. He then joined the 

Department of Electrical and 

Electronics Engineering, Jomo 

Kenyatta University of Agriculture 

and Technology as a teaching 

assistant. He received the M.E. degree and a PhD in 

Information System Design from the Department of 

Information Science and Intelligent Systems, University 

of Tokushima in 2001 and 2004 respectively. He is 

currently an Associate Professor in the same department 

His research interests include pattern recognition, neural 

networks, evolutionally computation, image and signal 

processing and robotics. He is a member of IEEE. 

 

Satoru Tsuge   received the B.E., 

M.E. and D.E. degrees in Engineering 

from the University of Tokushima, 

Japan, in 1996, 1998, and 2001 

respectively. In 2001, he became an 

Assistant Professor in the Faculty of 

Engineering at the University of 

Tokushima. Currently, he is an 

Associate Professor at Daido University, Japan. He is 

engaged in research on speech recognition and 

information retrieval. He is a member of IEEJ, IPSJ and 

ASJ. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Minoru Fukumi   received the B.E. 

and M.E. degrees from the University 

of Tokushima, Japan, in 1984 and 

1987, respectively, and the Doctoral 

Degree from Kyoto University in 

1996. Since 1987, he has been with 

the Department of Information 

Science and Intelligent Systems, 

University of Tokushima. In 2005, he became a Professor 

in the same department. He received the best paper award 

from SICE conference in 1995 and best paper awards 

from several other international conferences. His research 

interests include neural networks, evolutionary 

algorithms, image processing and human sensing. He is a 

member of the IEEE, SICE, ISCIE, IPSJ and IEICE. 

 

31

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems




