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Abstract— This paper explains an effective approach 

for designing similarities of left and right  palmprint 

along with the fused image of left and right palmprint 

through SPHIT(Set Partitioning in Hierarchical Trees) , 

PCA(Principle Component Analysis) & MDC. Palmprint 

is promising biometric feature for use in access control 

and forensic applications. However, for feature 

extraction and matching, most of present systems are 

making use of 2-D image, which can be easily forged 

rather than 3-D palmprints are more competitive in 

anticounterfeiting. In these 3-D images data is taken. It is 

than converted into 2-D images in preprocessed and 

fused. By this system, a 2-D palm print database is 

established, and verification identification experiments 

are performed.  This method is more accurate, efficient, 

and faster.   

Keywords-SPHIT, PCA, MDC (Minimum Distance 

Classifier), security, criminal database. 

 

INTRODUCTION 

               A biometric system is essentially a pattern- 

recognition system that recognizes a person based on a 

vector derived from specific physiological characteristic that 

the person possesses. In this palm print recognition system 

the 3-D images of the palm is taken for database since the 

palm is ideal part of the body for this technology. Palm print 

main research employs high resolution or low resolution 

images. High resolution images (400 dpi or more) are 

suitable for forensic applications like criminal detection. 

Low resolutions images (150 dpi or less) are suitable for 

civil and commercial applications such as access control 

                Nowadays, the technology is growing in the side 

the need of security system is increased. Present methods are 

passwords, PINs, tokens, and smart card no relevant 

application on systems that requires security high. In this the 

features of the palm is taken for security purpose. Recently, 

a lot of research work is oriented towards using wavelet-

based features. Ring projection technique is used for 

extracting the features of palm print in this technique the 

ROI (region of interest) of 2-D image of palm print is 

obtained using ring projection the obtained 2-D information 

is reduced to1-D image and then that 1-D image is 

decomposed orthogonal wavelet.                 

                  Many people study palm print investigation over 

10 years. The biometric system for person recognition is 

designed based on fusion of multi-algorithm used for feature 

extraction techniques like LBP and 2DLPP the system used 

CHVD algorithm to extract ROI of palm print image. While 

LBP and 2DLPP uses to utilize texture feature of palm print 

image over CASIA Dataset. 

                  The proposed work presents a novel approach for 

palmprint recognition by designing SPIHT& PCA images 

for each biometric palm image .Initially, from 3-D hand 

image is taken. The proposed approach using SPHIT (Set 

Partitioning in Hierarchical Trees) decomposition 

Is applied on to extract spectral features . Again SVM 

(Secure Virtual Machine) has been applied for spatial 

feature extraction. Then these features are compared with 

test image’s feature using minimum distance classifier. 

 
Fig: Human palm print 

            

I. PROPOSED METHODOLOGY 

                     Fingerprints are acquired real-time and from 

the database sources. A fingerprint gender identification 

system constitutes of digital images of fingerprint as its 

input which is transformed. We use 2-D Discrete Wavelet 

Transform (DWT) and Principal Component Analysis 

(PCA) combine to classify gender using his/her fingerprint. 

The obtained fingerprint goes through preprocessing stage 

for enhancement and removing the noise. After 

preprocessing the fingerprint goes through two levels of 

feature extraction, one is frequency domain feature vector 

obtaining by undergoing Wavelet decomposition and second 

is by spatial level undergoing PCA. The next step is to 

combine the vectors and this is compared with the database 
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for minimum distance and classifies the fingerprint as to 

which class it lies. The database for this paper contains 547 

individual fingerprints of male and female of different ages 

between 12-64. The database fingerprints goes through the 

process and the feature vectors are stored in the database and 

used for classification. 

               The feature of palmprint image is taken and 

established and verification identification experiments are 

performed which is shown in architecture diagram. 

 
                                              Fig:  Architecture diagram 

 

II. PREPROCESSING PROCESS 

                      Enhancement processes consist of a collection 

of techniques that seek to improve the visual appearance of 

an image or to convert the image to a form better suited for 

analysis by a human or a machine. Enhancements 

techniques like contrast enhancement, histogram 

equalization, binarization, thinning and inverting are used as 

per the requirement of the image to be enhanced. The 

fingerprint is resized to 512x512. The fingerprint image 

obtained undergoes image enhancement for improving 

quality of the ridges and valleys. The input image which is 

gray scale is converted into binary. The output of 

preprocessing is shown in fig.   After preprocessing the 

fingerprints undergoes further processing. Enhancement 

methods changes from fingerprints to fingerprint and for 

different databases. Poor quality fingerprints obtained can be 

enhanced for the betterment of the algorithms. 

A. RGB TO GRAY SCALE CONVERSION 

                In photography and computing, a grayscale or 

grayscale digital image is an image in which the value of 

each pixel is a single sample that is, it carries only intensity 

information. Images of this sort, also known as black and 

white are composed exclusively of shades of gray, varying 

from black at the weakest intensity to white at the strongest.                

                Grayscale images are distinct from one-bit bi-tonal 

black and white images, which in the context of computer 

imaging are images with only the two colors, black, and 

white (also called bi level or binary images). Grayscale 

images have many shades of gray in between. 

                Grayscale images are often the result of measuring 

the intensity of light at each pixel in a single band of the 

electromagnetic spectrum(e.g. infrared, visible light, 

ultraviolet, etc.), and in such cases they are monochromatic 

proper when only a given frequency is captured. But also 

they can be synthesized from a full color image; see the 

section about converting to grayscale.                 

                 Here the three plane i.e. RGB image is converted 

into gray scale i.e. single plane image for process 

simplification. 

                                                 b=rgb2gray(a);                        

 
                         Fig: RGB to Gray scale conversion 

B. IMAGE RESIZING : 

                   In computer graphics, image scaling is the 

process of resizing a digital image. Scaling is a non-trival 

process that involves a trade-off between efficiency, 

smoothness and sharpness. With bitmap graphics, as the size 

of an image is reduced or enlarged , the pixels that form the 

image become increasingly  visible, making the image 

appear “soft” if pixels are averaged, or jagged if not. With 

vector graphics the trade-off may be in processing power for 

re-rendering the image, which may be noticeable as slow re-

rendering with still graphics, or slower frame rate and frame 

skipping in computer animation. 

                  Here the input palm print image is resized into a 

fixed size of 512x512 pixels. 

                                       b= imresize (b,[512 512]);  

          
                                     Fig: Image Resize 

C   IMAGE ENHANCEMENT: 

                  Image enhancement is the process of adjusting 

digital images so that results are more suitable for display or 

further image analysis. For example, the noise can be 

removed, sharpen, or brighten an image, making it easier to 

identity key features. 

                Here are some useful examples and methods of 

image enhancement they are Filtering with morphological 

operators, Histogram  equalization , Noise removal using a 

wiener filter, Linear contrast adjustment, Median filtering, 

Unsharp mask filtering, Contrast-limited adaptive  

histogram  equalization(CLAHE). 
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III. SPIHT  

                 The SPIHT algorithm to the same set of data, for 

one pass. Indicates the data coded and the updating on the 

control lists (to save space only the modifications are 

shown). The notation is defined in the patent description of 

the algorithm. For a quick reference, here are some of the 

important definitions. LIS List of insignificant sets: contains 

sets of wavelet coefficients which are defined by tree 

structures, and which had found to have magnitude smaller 

than a threshold (are insignificant). The sets exclude the 

coefficient corresponding to the tree or all subtree roots, and 

have at least four elements. LIP List of insignificant pixels: 

contains individual coefficients that have magnitude smaller 

than the threshold. LSP List of significant pixels: pixels 

found to have magnitude larger that the threshold (are 

significant). O ( i, j) in the tree structures, the set of 

offspring (direct descendants).  

                Calculating wavelet coefficient at every possible is 

a fair amount of work, and it generates an awful lot of data. 

If the scales and position are chosen based on powers of 

two, the so-called dyadic scales and positions, then 

calculating wavelet coefficient are efficient and just as 

accurate. This is obtained from discrete wavelet transform 

(DWT).                                                

 
Fig: Discrete wavelet transforms 

  

A.  ONE STAGE FILTERING            

                                     Many signals, the low-frequency 

content is the most important part. It is the identity of the 

signal. The high frequency content on the other hand imparts 

details to the signal .In the wavelet analysis, the 

approximations and details are obtained after filtering .The 

approximations are the high scale, low frequency 

components of the signal. The details are the low-scale, high 

frequency components. 

                                           
                                          Fig: One stage filtering 

                      The original signal, S, passes through two 

complementary filters and emerges as two signals. 

Unfortunately, it may result in doubling of samples and 

hence to avoid this, down sampling is introduced. The 

process on the right, which includes down sampling, 

produces DWT coefficient. The schematic diagram with real 

signals inserted is as shown in fig. below 

                            Fig: Decomposition and Decimation   

B. LEVEL  DECOMPOSITION 

                           The decomposition process can be iterated, 

with successive approximations being decomposed in turn, 

so that one signal is broken down into many lower 

resolution components. This is called the wavelet 

decomposition tree. 

                          
                                     Fig: Multilevel decomposition 

C. RECONSTRUCTION IMAGE 

                   The reconstruction of the image is achieved by 

the inverse discrete wave  let transform (IDWT). The values 

are first up sampled and then passed to the filters. This is 

represented as shown in Fig below                                                              

 
                                Fig: Wavelet Reconstruction 

              The wavelet analysis involves filtering and 

downsampling, whereas the wavelet reconstruction process 

consists of upsampling and filtering. Upsampling is the 

process of lengthening a signal component by inserting zeros 

between samples as shown in 

 

                    Fig: Reconstruction using Upsampling  

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 14, Number 6, 2019 (Special Issue)  
© Research India Publications.  http://www.ripublication.com

Page 187 of 191



 

 

 

 

D. RECONSTRUCTION AND APPROXIMATION 

DETAILS 

                     It is possible to reconstruct the original signal 

from the coefficients of the approximations and details. The 

process yields are constructed approximation which has the 

same length as the original signal and which is a real 

approximation of it. 

                   The reconstructed details and approximations 

are true constituents of the original signal. Since details and 

approximations are produced by downsampling and are only 

half the length of the original singal they cannot be directly 

combined to reproduce the signal.It is necessary to 

reconstruct the approximation and details before combining 

them 

 
                           Fig  Reconstructed signal components 

            Figure 1 shows the example of data in a small 

pyramid structure of the type resulting from an image 

wavelet decomposition, that was used by J.M. Shapiro in his 

paper “Embedded Image Coding Using Zerotrees of 

Wavelet Coefficients”, LIP List of insignificant pixels : 

contains individual coefficients that have magnitude smaller 

than the threshold. LSP List of significant pixels: pixels 

found to have magnitude larger than the threshold (are 

significant).O(i. j) in the tree structures, the set of off 

spring(direct descendants) of a tree node defined by pixel 

location (i, j).D(i, j) set of descendants of node defined by 

pixel location (i, j).L(i, j) set defined by L(i, j) = D(i, j) – O 

(i, j). The following refer to the respective numbered entries 

in Table 1:  

[1] These are the initial SPHIT settings. The initial 

threshold is set to 32. The notation (i, j)A or (i, j)B, 

indicates that an LIS entry is of type ‘A’ or ‘B’, 

respectively. Note the duplication of co- ordinates 

in the lists, as the sets in the LIS are trees without 

the roots. The coefficients (0,0) is not considered a 

root.  

[2] SPIHT begins coding the significance of the 

individual pixels in the LIP. When a coefficient is 

found to be significant it is moved to the LSP, and 

its sign is also coded. We used the notation 1+ and 

1- to indicate when a bit 1 is immediately followed 

by a sign bit. 

[3] After testing pixels it begins to test sets, following 

the entries in the LIS (active entry indicated by 

bold letters). In this example D(0,1) is the set of 20 

coefficients {(0,2), (0,3), (1,2), (1,3), (0,4), (0,5), 

(0,6), (0,7), (1,4), (1,5), (1,6), (1,7), (2,4), (2,5), 

(2,6), (2,7), (3,4), (3,5), (3,6), (3,7)}.Because 

D(0,1) is significant SPIHT next tests the 

significance of the four offspring {(0, 2), (0, 3), (1, 

2) ,(1,3)}.   

[4]                        

 
Figure 1 : Set of image wavelet coefficients used by 

example. The numbers outside the box indicate the set 

of co-ordinate used. 

[5] After all offspring are tested ,(0,1) is moved to the 

end of the LIS , and its type changes from ‘A’ to 

‘B’, meaning that the new LIS entry meaning 

changed from D(0, 1) to L(0, 1) (i.e., from set of all 

descendants to set of all descendants minus 

offspring) 

[6] Same procedure as in comments (3) and (4) applies 

to set D(1,0). NOTE that even though no offspring 

of (1,0) is significant because L(1,0) is significant. 

[7]  Since D(1,1) is insignificant, no action need to be 

taken. The algorithm moves to the next element in 

the LIS. 

[8] The next LIS element (0,1), is of type ‘B’, and thus 

L(0,1) is  tested. Note that the co-ordinate (0, 1) 

was moved from the beginning of the LIS in this 

pass. It is now tested again, but with another 

interpretation by the algorithm. 

[9] Same as above, but L(1, 0) is significant, so the set 

is partitioned in D(2, 0), D(2, 1), D(3, 0),  and D(3, 

1), and the corresponding entries are added to the 

LIS. At the same time, the entry (1, 0)B is removed 

from the LIS.  

[10] The algorithm keeps evaluating the set entries as 

they are they appended to the LIS. 

[11] Each new entry is treated as in the previous cases. 

In this case the offspring of (2, 1) are tested. 

[12] In this case, because L (2,1) = ∅ (no descendant 

other than offspring),the entry(2, 1)A is removed 

from the LIS (instead of having its type changed to 

‘B’). 

[13] Finally, the last two entries of the LIS correspond 

to insignificant sets, and no action is taken. The 

sorting pass ends after the last entry of the LIS is 

tested. 

[14] The final list entries in this sorting pass form the 

initial lists in the text sorting pass, when the 
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threshold value is 16.Without using any other form 

of entropy coding; the SPIHT algorithm used 29 

bits in this pass. 

Description of the algorithm image data through the wavelet 

decomposition, the coefficient of the distribution is change 

into a tree. According to this feature, defining a data 

structure: spatial orientation tree. Four-level wavelet 

decomposition of the spatial orientation trees structure are 

shown in Fig. Here each coefficient has four children expect 

the, red” marked coefficients in the LL sub band and the 

coefficients in the highest sub bands (LH1, HL1, and HH1). 

The following set of coordinates of coefficients is used to 

represent set partitioning method in SPIHT algorithm. The 

location of coefficients is noted by (i, j), where i and j 

indicate row and column indices, respectively. 

 

 
E.  WAVELET               

                     Wavelets[7] are mathematical functions that 

decompose data into different frequency components, and 

then study each component with a resolution matched to its 

scale. They have advantages over traditional Fourier 

methods[4] in analyzing physical situations where the signal 

contains and sharp spikes. Wavelets were developed 

independently in the fields of mathematics, quantum 

physics, electrical engineering, and seismic geology. Inter 

changes between these fields during the last ten years have 

led to many new wavelet application such as image 

compression, turbulence, human vision, radar, and 

earthquake prediction. The wavelet transformation[7] is a 

mathematical tool for decomposition. The wavelet transform 

is identical to a hierarchical spaced in frequency. This basic 

idea of the DWT for a two-dimensionals image is described 

as follows. An image is first decomposed into four parts 

based on frequency sub bands ,by critically sub sampling 

horizontal and vertical channels using sub band filters and 

named as Low- Low(LL), Low-High(LH), High-Low(HL) 

and High-High(HH) sub bands as shown in figure 1 

                    To obtain the next coarser scaled wavelet 

coefficient, the sub LL is further decomposed and critically 

sub sampled. This process is repeated several times, which 

is determined by the application at hand. The block diagram 

of this process is shown in fig 1.Each level has various 

bands information such as Low-Low, Low-High, High-Low, 

and High-High frequency bands. Furthermore, from these 

DWT coefficients, the original image can be reconstructed. 

This reconstruction process is called the inverse DWT 

(IDWT). If C[m,n] represents an image, the DWT and 

IDWT for C[m,n] can similarly be defined by implementing 

the DWT and IDWT on each dimension and separately. 

 

IV. PRINCIPLE COMPONENT ANALYSIS 

                   PCA is a powerful and widely used linear 

technique in stastics, signal processing, image processing, 

and elsewhere, Several names: the (discrete) Karhuen - 

loeve transform (KLT, after Kari Karhunen and Michael 

Loeve) or the Hotelling transform (after Harold Hotelling). 

In stastics ,PCA is a method  for simplifying a 

multidimensional dataset to lower dimensions for analysis, 

visualization or data compression.PCA represents the data 

in a new coordinate system system in which basis vectors 

follow modes of greatest variance in the data. Thus, new 

basis vectors are calculated for the particular data set. The 

rice to be paid for PCA’s flexibility is in higher 

computational requirements as compared to, e.g., the   fast 

Fourier transform. 

                  Principal component analysis (PCA) is one of 

the statistical techniques frequently used in signal 

processing to the data dimension reduction or to the data 

decorrelation. Presented paper deals with two distinct 

applications of PCA in image processing. The first 

application consists in image color reduction while the three 

color components are reduced into one containing a major 

part of information. The second use of PCA takes advantage 

of eigenvectors properties for determination of selected 

object orientation. Various methods can be used for 

previous object detection. Quality of image segmentation 

implies to results of the following process of object 

orientation evaluation based on PCA as well. Presented 

paper briefly introduces the PCA theory at first and 

continues with its applications mentioned above. Results are 

documented for the selected real pictures.   

                  Principal component analysis (Karhunen-Loeve 

or Hostelling  transform) –PCA belongs to linear transforms 

based on the statistical techniques. This method provides a 

powerful tool for data analysis and pattern recognition 

which is often used in signal and image processing [1,2] as a 

technique for data compression, data dimension reduction or 

their decorrelation as well. There are various algorithm 

based on multivariate analysis or neural networks [3,4] that 

can perform PCA on a given data set. Presented paper 

introduces PCA as a possible tool in image enhancement 

and analysis. 

 

A. EIGEN- ANALYSIS 

                            Eigen analysis Seeks to represent 

observations, signals images and general data in a form that 

enhances the mutual independences of contributory 

components. Very appropriate tools are provided by linear 

algebra. One observation or measurement is assumed to be a 
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point in a linear space. This linear space has some ‘natural’ 

orthogonal basis vectors which allow data to be expressed as 

a linear combination with regards to their coordinated 

system induced by this base. These basis vectors are the 

eigen-vectors. 

 

B. GEOMETRIC MOTIVATION, PRINCIPAL 

COMPONENTS (1) 

                          Two-dimensional vector space of 

observations,(x1 ,x2).Each observation corresponds to a 

single point un the vector space. Goal: Find another basis of 

the vector space which treats variations of data  

                               
                                           Fig: Principal component (1) 

 

C. GEOMETERIC MOTIVATION, PRINCIPAL 

COMPONENTS(2)  

               Assume a single line approximating best the 

observation in the lest-square sense i.e. by minimizing the 

sum of distances between data points and the line. The first 

principal direction (component) is the direction of this line. 

Let it be a new basis vector z1. The second principle 

direction (component, basis vector) z2 is a direction 

perpendicular t distances to data points to z1 and minimizing 

the distances to data points to a corresponding straight line. 

For higher dimensional observation spaces, this construction 

is repeated. 

         
                           Fig : Principal component (2) 

 

D. EIGEN-NUMBERS, EIGEN-VECTORS 

                 Assume a square n x n regular matrix A. Eigen 

are solutions of the eigen-equation A x = λ x , where λ is 

called the eigen – value (which may be complex). We start 

reviewing eigen – analysis from a deterministic, linear 

algebra standpoint, Later , we will develop a statistical view 

based on ovariance matrices and principal component 

analysis. 

 

V. RESULTS 

 

A. SELECT AN IMAGE 

Initially the image is selected for feature extracted process. 

              
 

B. PREPOCESSING IMAGE AND REVERSED  

IMAGE 

 
 

Here, the selected image is preprocessed and reversedfor 

futher extraction. 

 

C. SPIHT 

                      The SPIHT extracted feature are taken for the 

selected image. 

        
 

D. PCA 

                         The PCA extracted feature are for the 

selected image.  
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E. RECOGNITION 

Once, the database is created. Finally, the recognition is 

done by comparing the input image with the database. 

 

 
 

VI. CONCLUSION 

The overall success rate in palm print recognition is around 

70% for our database. The algorithm was implemented only 

on optical scanned prints. With optical scanned prints in 

database and ink prints as query the algorithm was not much 

efficient because of the lack of training. It has been found 

that changing the database also improves the classification 

process. The number of database prints is important 

criterion. The palmprint of indiviual person varies in size 

and patterns and thickness of ridges and valleys. The 

palmprint of people from various ethnic groups varies. An 

algorithm for compressing the huge database of palmprints 

has to be developed and the database of the feature vectors 

have to be coded to provide a simpler database structure to 

reduce the complexity in calculations. 
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