
Abstract
In this paper an attempt has been made to develop new wavelet 
transform that consistently outperform the 9/7and 5/3 discrete 
wavelet transform (DWT) for fingerprint image compression 
and reconstruction performances. Experimental results were 
obtained using 9/7 and 5/3 wavelet transforms for different types of 
fingerprint images. These results shows that the proposed method 
is consistently outperforms on finger print images for lossless 
image compression, in terms of compression ratio (CR), Mean 
square error (MSE), Peak Signal to noise ratio (PSNR), Encoding 
time, decoding time and transforming time or decomposition time. 
This analysis will help in choosing the wavelet for decomposition 
of images as per their applications. The currently used finger print 
compression standard is based on the discrete wavelet transform 
(DWT). 
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I. Introduction
Fingerprint analysis will take crucial part in knowledge legal 
matters as in the investigation of crime etc. But fingerprint 
image consists of huge amount of data. Therefore we should 
have to reduce its data. To do this we need some powerful image 
compression technique. There are many image compression 
techniques available, but still there is need to develop faster, 
and more strong and healthy techniques to compress fingerprint 
images. Because, main difficulties in developing compression 
algorithms for fingerprints is the need for preserving the minutiae 
i.e. ridges endings and bifurcations, which are subsequently used 
in identifications. The currently used fingerprint standards are 
JPEG2000 and SPIHT. Although the performance of JPEG2000 
is better than SPIHT, it still needs enhancements. We proposed 
algorithm that will give the better results than the JPEG.

Fig.1 : Flow Chart of proposed Algorithm

The goal of this paper is to demonstrate advantages and 
disadvantages of using WP decomposition in SPIHT-based codec. 
SPIHT algorithm was introduced by Said and Pearlman [4], and 

is improved and extended version of embedded zerotree Wavelet 
(EZW) coding algorithm introduced by Shapiro [5]. 
Both algorithms work with tree structure, called Spatial Orientation 
Tree (SOT) that defines the spatial relationships among wavelet 
coefficients in different decomposition subbands. In this way, 
an efficient prediction of significance of coefficients based on 
significance of their ‘‘parent’’ coefficients is enabled. The main 
contribution of Shapiro’s work is zerotree quantization of wavelet 
coefficients and introduction of special zerotree symbol indicating 
that all coefficients in a SOT are found to be insignificant with 
respect to a particular quantization threshold. 
An embedded zero tree quantizer refines each input coefficient 
sequentially using a bit-plane coding scheme, and it stops when the 
size of the encoded bit stream reaches the target bit-rate. SPIHT 
coder provides gain in PSNR over EZW due to introduction of 
a special symbol that indicates significance of child nodes of a 
significant parent and separation of child nodes (direct descendants) 
from second generation descendants. 
To date, there have been numerous variants and extensions to 
SPIHT algorithm. Since the SPIHT algorithm relies on Spatial 
Orientation Trees (SOT) defined on dyadic subband structure, 
there are a few problems that arise from their adaptation to WP 
decomposition. First is the so-called parental conflict that happens 
when in the wavelet packet tree one or more of the child nodes 
are at the coarser scale than the parent node. 
It must be resolved in order that SOT structure with well-defined 
parent–child relationships for arbitrary wavelet decomposition 
can be created. Xiong et al. [6] avoided the parental conflict 
by restricting the choice of the basis. In their work the Space- 
Frequency Quantization (SFQ) algorithm is used. SFQ algorithm 
employs a rate-distortion (R-D) optimization framework for 
selecting the best basis and to assign an optimal quantiser to each 
of the wavelet packet subbands. 
Rajpoot et al. defined a set of rules to construct the zerotree 
structure for a given wavelet packet geometry and offered a general 
structure for an arbitrary WP decomposition. Taking the mallet 
wavelet packet transformation for the fingerprint image, specifying 
the packet depth and number of the decomposition levels for the 
image. Finding the entropy of each subband level and generating 
the cost function to each level by using greedy algorithm. 

II. Definition of SOTs in WP-SPIHT
SPIHT algorithm exploits the statistical properties of pyramid 
wavelet transformed image, which are energy compaction, 
cross subband similarity and decaying of coefficient magnitudes 
across subbands. Fig. 2 indicates the SOTs and corresponding 
parent–children relationships across the subbands in the case 
of the dyadic decomposition. In the text that follows, a wavelet 
transform coefficient is also referred to as a ‘‘pixel’’. Let c (i, 
j); (i,j), denote the wavelet transform coefficient (pixel) at (row, 
column) position in the transformed image. 
The set of immediate e descendants (children) of a coefficient is 
denoted by O (i,j), the set of all descendants D(i, j),and the set of 
all descendants, but excluding immediate children is L(i,j)=D(i,j)/ 
O (i,j), If c(1,1) is pixel in the upper left corner of the image, for 
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the dyadic decomposition the set O is defined as 
O (i,j)={ (2i -1,2j -1), (2i - 1,2j), 
(2i,2j -1), (2i ,2j )}
(for LHn, HLn and HHn subbands, n= 2…N). For LLN the set 
O can be defined in several ways with negligible variations in 
compression performance. 
Here the definition as in EZW is selected, where O (i, j) ={ (i ,2j -1), 
(2i -1, j), (2i-1,2j -1)}. For the case of the WP decomposition, the 
parent–child relations have to be adapted in a way that the property 
of cross-level l similarities is preserved. Dyadic decomposition 
level of a certain subband is defined, and its value is the same as of 
the initial dyadic subband from which it has been obtained by further 
decomposition, e.g. all subbands obtained from decomposing 
LH1 are at the same dyadic decomposition level. Therefore, the 
same dyadic decomposition level does not implicate the same 
scale—just the same position on a dyadic wavelet tree. 

Fig 2: Parent Child relations across the subbands

III. Simulation Results
Experiments were conducted on different fingerprint images 
and results are tabulated in this section. The Fig. 3 shows the 
GUI used in the work. Image to image the performances of the 
wavelet transforms 5/3 and 9/7 changed to some extent. The 
observations are listed below. In the table 1, the performance of 
5/3 and 9/7 wavelet transforms on fingerprint image1 are listed. 
The Fig. 4,5,6,7,8 and 9 shows the performance of 5/3 and 9/7 
wavelet transforms on fingerprint image1. And it shows that the 
performance of 5/3 wavelet transform is better than 9/7 wavelet 
transform. From an inspection on table 2 we can identify that the 
performance of 5/3 wavelet transform on fingerprint image2 is still 
better than 9/7 wavelet transform. But, the case is reversed with 
fingerprint image3. As shown in table 3, 9/7 wavelet transform 
performed well compared to 5/3 wavelet transform. In tables 4, 
5 and 6 the performance of 5/3 and 9/7 wavelet transform on 
fingerprint images 4, 5 and 6 are listed. And these show that the 
performance of 5/3 wavelet transform is better than 9/7 wavelet 
transform. But as shown in table 7, the performance of 9/7 wavelet 
transform on the fingerprint image7 is better than 5/3 wavelet 
transform.

              Fig. 3: Sample Screens

Fig. 4 : Encoding time values of 9/7 &5/3 wavelet transforms for 
Fingerprint image1 (monochrome)

Table 1: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-1.

INPUT 
IMAGE PARAMETERS 9/7 5/3

FINGER 
PRINT-1

ENC_ 
TIME(sec) 5.6355 6.186

DEC_ 
TIME(sec)

1.7296 1.5809

TRANS_
TIME(sec) 0.10755 0.064807

MSE(dB) 46.5147 31.6597

PSNR(dB) 31.4889 33.1597

COMP_
RATIO(bpp) 8.1757 6.9751

ORG_ 
SIZE(bits) 1048576 1048576

COMP_
SIZE(bits) 128255 50332.25
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Fig. 5: Decoding time values of 9/7 &5/3 wavelet transforms for 
Finger print image1 (monochrome)

Table 2: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-2.

INPUT 
IMAGE

PARAMETERS 9/7 5/3

FINGER           
PRINT-2

ENC_ TIME(sec) 5.6361 5.8058

DEC_ TIME(sec) 1.7671 1.5075

TRANS_
TIME(sec)

0.076949 0.063597

MSE(dB) 30.3267 29.0942

PSNR(dB) 33.3466 33.5267

COMP_
RATIO(bpp)

8.099 6.898

ORG_ SIZE(bits) 1048576 1048576

COMP_
SIZE(bits)

29469.75 52011.75

Fig. 6: Transforming time values of 9/7 &5/3 wavelet transforms 
for Finger print image1 (monochrome)

Table 3: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-3.
        

I N P U T 
IMAGE

PARAMETERS 9/7 5/3

FINGER 
PRINT-3

ENC_ TIME(sec) 5.6009 5.7812

DEC_ TIME(sec) 1.6692 1.4761

TRANS_TIME(sec) 0.076164 0.06217

MSE(dB) 27.2803 28.4237

PSNR(dB) 33.8063 33.628

COMP_RATIO(bpp) 8.2047 6.9135

ORG_ SIZE(bits) 1048576 1048576

COMP_SIZE(bits) 127802.5 151671.5

Fig. 7: MSE values of 9/7 &5/3 wavelet transforms for Finger 
print image1 (monochrome)
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Table 4: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-4.

INPUT 
IMAGE PARAMETERS 9/7 5/3

FINGER          
PRINT-4

ENC_ TIME(sec) 5.2994 5.4084

DEC_ TIME(sec) 1.4116 1.159

TRANS_TIME(sec) 0.074431 0.064214

MSE(dB) 28.085 16.7537

PSNR(dB) 33.68 35.9237

COMP_RATIO(bpp) 8.8675 7.7353

ORG_ SIZE(bits) 1048576 1048576

COMP_SIZE(bits) 18249.25 135557

Fig. 8: PSNR values of 9/7 &5/3 wavelet transforms for Finger 
print image1 (monochrome)

Table 5: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-5.

I N P U T 
IMAGE

PARAMETERS 9/7 5/3

FINGER          
PRINT-5

ENC_ TIME(sec) 5.388 5.4858

DEC_ TIME(sec) 1.0366 0.94603

TRANS_TIME(sec) 0.099193 0.064415

MSE(dB) 23.6113 9.37535

PSNR(dB) 34.4336 38.4449

COMP_
RATIO(bpp)

9.5542 9.0294

ORG_ SIZE(bits) 1048576 1048576

COMP_SIZE(bits) 109750.5 116129.5

Fig. 9: CR values of 9/7 &5/3 wavelet transforms for Finger print 
image1 (monochrome

Table 6: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-6.

INPUT 
IMAGE

PARAMETERS 9/7 5/3

FINGER          
PRINT-6

5.3824 5.488

DEC_ TIME(sec) 1.0366 1.3939

TRANS_TIME(sec) 0.075063 0.064085

MSE(dB) 9650.41 31.8911

PSNR(dB) 8.3193 33.1281

COMP_RATIO(bpp) 7.789 7.0207

ORG_ SIZE(bits) 1048576 1048576

COMP_SIZE(bits) 134623.5 49354.25

IV. Discussion & Comparisons
Fingerprint compression has long been one of the most celebrated 
applications of wavelets [2]. The research described in this paper 
has established a methodology for evolving transforms that 
substantially outperform the 9/7 wavelet. Our evolved transforms 
exhibited a 0.76dB average MSE reduction compared to the 9/7 
wavelet when tested on the 80 fingerprints.

Direct comparisons between our evolved transforms  and 
Grasemann and Mikkulainen’s evolved wavelets [3] are difficult 
,due in part to the fact that theydid not save the coefficients 
produced by their SPIHT. When tested upon all 80 fingerfrints 
from Grasemann and Mikkulainen’s test suite. Our evolved 
transforms exhibited an average MSE reduction of 15.97% 
(0.76 dB) compared to the 9/7 wavelet, which matches their 
improvement.
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Table 7: Image compression Performance measuring values of 
9/7 & 5/3 wavelet transforms for fingerprint image-7.

I N P U T 
IMAGE

PARAMETERS 9/7 5/3

FINGER          
PRINT-7

ENC_ TIME(sec) 5.4765 5.6197

DEC_ TIME(sec) 1.4924 1.1837

TRANS_TIME(sec) 0.076189 0.056412

MSE(dB) 27.7921 30.882

PSNR(dB) 33.7256 33.267
COMP_
RATIO(bpp) 8.4406 7.221

ORG_ SIZE(bits) 1048576 1048576

COMP_SIZE(bits) 124230 145213

Finally, our SPIHT is not constrained to produce transforms 
having the precise mathematical properties of wavelets [2], such 
as biorthogonality. Instead, our SPIHT is free to evolve whatever 
combination of wavelet and scaling coefficients results in the 
most effective MSE reduction. This additional freedom allows our 
approach to more effectively search the space of both wavelets 
and non-wavelet transforms in order to better compensate for 
quantization error.
The 5/3 lifting based wavelet transform is having less computational 
complexity than the 9/7 lifting based wavelet transform, because 
the filter taps are less in 5/3 lifting based wavelet transform than 
the 9/7 lifting based wavelet transform. In some cases, as seen 
from the table 3 and 7, even though the transforming time is more 
comparing with 5/3 lifting based wavelet transform, 9/7 lifting 
based wavelet transform produces more PSNR. 
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