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Faster techniques to evolve wavelet coefficients for better

fingerprint image compression

K.T. Shanavaz* and P. Mythili

Division of Electronics, School of Engineering, Cochin University of Science & Technology,
Kochi, Kerala, India

(Received 7 September 2011; final version received 15 July 2012)

In this article, techniques have been presented for faster evolution of wavelet
lifting coefficients for fingerprint image compression (FIC). In addition to
increasing the computational speed by 81.35%, the coefficients performed much
better than the reported coefficients in literature. Generally, full-size images are
used for evolving wavelet coefficients, which is time consuming. To overcome
this, in this work, wavelets were evolved with resized, cropped, resized-average
and cropped-average images. On comparing the peak- signal-to-noise-ratios
(PSNR) offered by the evolved wavelets, it was found that the cropped
images excelled the resized images and is in par with the results reported till
date. Wavelet lifting coefficients evolved from an average of four 256� 256
centre-cropped images took less than 1/5th the evolution time reported in
literature. It produced an improvement of 1.009 dB in average PSNR.
Improvement in average PSNR was observed for other compression ratios
(CR) and degraded images as well. The proposed technique gave better PSNR for
various bit rates, with set partitioning in hierarchical trees (SPIHT) coder. These
coefficients performed well with other fingerprint databases as well.

Keywords: wavelets; lifting scheme; evolved transforms; genetic algorithm (GA);
image compression; fingerprint

1. Introduction

The aim of image compression is to gain the best possible image quality at an allotted
storage facility. It is needed for easy archiving and faster transmission over band-limited
communication channels. It finds a significant role in some vital areas like forensic,
medical applications, law enforcement and border security. A mathematical morphology
pre-processing algorithm to improve the overall image quality in image compression
systems and data protection techniques were proposed by Vizireanu and Preda (2005),
Vizireanu (2007, 2008), Udrea and Vizireanu (2007, 2009) and Preda and Vizireanu (2007,
2010, 2011a,b).

To overcome the long delay involved in transmitting fingerprint images over band-
limited communication channels, the Federal Bureau of Investigation (FBI) fingerprint
identification division has adopted wavelet scalar quantisation (WSQ) as standard for
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fingerprint image compression (FIC) (Maltoni, Maio, Jain, and Prabhakar 2009).
Wavelet-based image compression (Daubechies 1992; Lewis and Knowles 1992; Suresh,
Sudha, and Sukanesh 2009) is very promising, since it examines the image signal at
different resolutions. Discrete wavelet transform (DWT) (Daubechies 1992) decomposes
the original image to horizontal, vertical and diagonal components. Biorthogonal wavelet
(Taubman and Marcellin 2002) has both symmetry and compact support. Many wavelets
and techniques have been reported in literature till date (Mallat 1989; Daubechies 1992;
Shapiro 1993; Sweldens 1996; Said and Pearlman 1996; Mallat 1999). The hand-designed
classical cdf9/7 biorthogonal wavelet introduced in 1992 by Cohen, Daubechies, and
Feauveau (cdf) (Cohen, Daubechies, and Feauveau 1992) is used by the FBI fingerprint
compression standard (Bradley, Brislawn and Hopper 1993; Babb 2007). The hand-
designed cdf9/7 DWT was represented by four sets of coefficients (Babb 2007). Peak-
signal-to-noise-ratio (PSNR) and root-mean-squared-error (RMSE) were the two
measures of image compression performance (Shanavaz and Mythili 2010). The lifting
scheme (Sweldens 1996, 1997; Daubechies and Sweldens 1998) is an efficient way to
represent hand-designed wavelets with fewer coefficients. This was done by factorising the
polyphase matrix of the wavelet into elementary matrices (Daubechies and Sweldens
1998). Many factorisations of cdf9/7 wavelet exist.

Several researchers have evolved wavelet coefficients using GA (Goldberg 1989;
Sivanandan and Deepa 2008; Giri, Rao, and Chattopadhyay 2009). Babb (2007) evolved
a total of 128 classical cdf9/7 coefficients, employing four levels MRA. The GA used
a population of 240–280 chromosomes with more than 15,000 generations and the
huge amount of computational complexity demanded supercomputers for evolving
the coefficients. With 80 fingerprint images in the database, the evolved transform
improved the average PSNR by 0.76 dB. Grasemann and Mikkulainen (2005) used
the co-evolutionary algorithm and properties of lifting by which specialised wavelets
were evolved for FIC. Initial coefficients for GA evolution were taken randomly from a
Gaussian distribution. Each individual had been evaluated 10 times on average. For a
population size of 150 for each of the seven parallel sub-populations, it performed 1500
evaluations in each of the 500 generations in a run. The approach was highly time-
consuming. The algorithm took 60 h on a 3GHz Xeon Processor. An average PSNR
improvement of 0.75 dB was reported. Shanavaz and Mythili (2010) described a method
in which cdf9/7 lifting coefficients were evolved using GA. A population size of 250 and
1000 generations were used. The algorithm took 33 h on an AMD Athlon 2.39GHz
Processor with 750 MB memory. Over 35.9119 dB average PSNR offered by the hand-
designed classical cdf9/7 wavelet, an improvement of 0.9306 dB was reported.
Considering the speed of evolution of the lifting coefficients and also to have a fair
comparison with the results in the previous work, the symmetric lifting scheme
(Taubman and Marcellin 2002; Shanavaz and Mythili 2010) with only four coefficients
has been used here.

In this work, cdf9/7 lifting coefficients were evolved with different image sets like
resized, cropped, resized-average and cropped-average fingerprint images. This has
overcome the computational complexity and time consumption of the evolution process.
The results obtained have been compared with the results available in literature. The rest
of the article is structured as follows. Section 2 describes the methodology of the proposed
work of evolving lifting coefficients and the development of training image sets (TIS) for
FIC using GA. Results and discussions are provided in Section 3 and Section 4 concludes
the article.
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2. Methodology

2.1. Evolution of lifting filter coefficients

In the present work, GA has been used to evolve symmetrical lifting coefficients of cdf9/7
(Taubman and Marcellin 2002; Shanavaz and Mythili 2010). Compared to the hand-
designed cdf9/7 wavelet system, which consist of 16 coefficients, the symmetrical lifting
system consists of only 4 coefficients. Use of a lesser number of lifting coefficients enables
faster evolution of coefficients. The evolved lifting coefficients, in turn, take lesser time to
compress the fingerprint images. The block diagram of the evolutionary GA algorithm for
evolving optimal cdf9/7 lifting coefficients for FIC is shown in Figure 1. As in the work of
Shanavaz and Mythili (2010), binary GA has been used for the evolution.

Wavelet decomposition block transforms the training images to the wavelet domain
using the initial population of chromosomes comprising lifting coefficient sets. To fix the
CR to 16:1 the largest 6.25% of image transform coefficients are kept for image
reconstruction and the remaining coefficients are set to zero. The quality of the
reconstructed image/s is calculated in terms of PSNR. This PSNR serves as the fitness
function of the GA. The associated chromosomes are ranked according to their fitness.
Then, only the best are selected to continue for reproduction. Cross-over and mutation
operations are performed on the selected chromosomes to produce a new set of
chromosomes. The above operations are repeated with the new population until an
optimum set of coefficients is evolved. The best set of evolved coefficients corresponds
to the best PSNR for the TIS. These coefficients are used to find the average improvement
in PSNR over 80 fingerprint images in the database.

2.2. Parameters

Each set of four coefficients are represented by a 68 bit binary chromosome. Each
coefficient has a length of 17 bits, out of which the first bit represents sign and the other
16 bits represent the coefficient value. Randomly mutated copies of the symmetrical lifting
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wavelet 
coefficients 

(binary) 

Wavelet
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Largest
6.25% of 

Transform 
Coeffs. 

Wavelet
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(Roulette
Wheel)

Cross
Over

(single
point)
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New
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lation 

Mut- 
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Figure 1. Block diagram of the evolutionary algorithm (GA) for optimising cdf9/7 lifting
coefficients for FIC.
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coefficients of cdf9/7 are used to create the initial GA population. In order to have a fair
comparison with the previous work, the parameters used by Shanavaz and Mythili (2010)
are used in this work. The population size for GA evolution is fixed as 250 and the number
of generations is 1000. The algorithm used Roulette wheel selection and single point
crossover. Crossover rate Pc¼ 0.7, mutation rate Pm¼ 0.0075 and elitism¼ 1. The
developed algorithm was implemented in Matlab.

2.3. Development of an optimum TIS

The TIS is derived from the image set B of the DB1 database in the fingerprint verification
competition (FVC) 2000 database. The image set B contains 80 fingerprint images. Each
image has a size 300� 300 pixels and a resolution of 500 dpi. A typical fingerprint image is
shown in Figure 2. In the previous works (Grasemann and Mikkulainen 2005; Babb 2007;
Shanavaz, and Mythili 2010) the TIS comprised four numbers of full-size (300� 300
pixels) representative fingerprint images. In the present work, to start with, a TIS with only
one image of full size (300� 300 pixels) was used for evolution. Images were added in the
image data set one by one up to 10. Average improvement in PSNR over hand-designed
wavelet (Villasenor, Belzer, and Lia 1995; Davis and Nosratinia 1998) for various nos. of
training images were observed and plotted in Figure 3. A maximum improvement of
1.012 dB in average PSNR above the hand-designed cdf9/7 wavelet over the 80 fingerprint
images was obtained. The training set comprised five full-size fingerprint images
(TIS_300). The algorithm was able to evolve the coefficients in 11.29 h on an Intel Xeon
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Figure 3. Improvement in PSNR over classical wavelet for various numbers of training images.

Figure 2. A typical fingerprint image (300� 300 pixels).
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3.00GHz processor with 6 GB memory. With one image in the TIS, the evolution took
2.26 h. With 10 images, the time taken was 23.03 h. For 2 to 4 and 6 to 8 nos. of training
images, the improvement in PSNR was slightly less. For 1, 9 and 10 nos. of training
images, the improvement in PSNR was even less. A plot of PSNR for classical wavelet and
coefficients evolved from TIS_300 for CR 16:1 is shown in Figure 4. For all the 80 images,
the performance of the evolved wavelet was much better than that of the hand-designed
wavelet. It shows a maximum PSNR improvement of 1.599 dB for the image 101_7.tif and
minimum of 0.681 dB for the image 106_5.tif.

To further study the effects of the training image sets on the speed and quality of
coefficients, the fingerprint images were modified to build different training sets.
Coefficients were evolved using each set and the corresponding PSNR and computational
speed were observed. In this work, four training sets comprising various numbers of
fingerprint images with different sizes, resolution etc. were derived as described below.

2.3.1. Training Image Set 1 (TIS1)

As mentioned earlier, the maximum average PSNR was obtained with the training set
comprising five full-size fingerprint images (TIS_300). So, this image data set consists of
five images with their size reduced by cropping at the centre. The cropped training image
sets TIS1_256, TIS1_128, TIS1_64, TIS1_32 of sizes 256� 256, 128� 128, 64� 64, 32� 32
pixels respectiveley were used for evolution. Figure 5 represents a cropped image of size
128� 128 pixels (TIS1_128).

2.3.2. Training Image Set 2 (TIS2)

Similar to TIS1, five images are present in this image set as well. Here, the image data sets
TIS2_256, TIS2_128, TIS2_64, and TIS2_32 were derived by resizing the five individual
images to 256� 256, 128� 128, 64� 64, 32� 32 pixels sizes respectively. Figure 6 depicts a

Image data set
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Figure 4. PSNR for hand-designed wavelet and wavelet coefficients evolved from five full-size
(300� 300 pixels) fingerprint images for CR¼ 16 : 1.
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resized image of size 128� 128 pixels (TIS2_128). In this way the whole fingerprint image
is considered.

2.3.3. Training Image Set 3 (TIS3)

This set contains only one image which is obtained by averaging the component images.
To begin with, average of two images was used for GA evolution. Subsequently, images
were appended in the data set one by one up to 10. The maximum PSNR was obtained
from the average of four images. So, TIS3_256, TIS3_128, TIS3_64, TIS3_32 were derived
by averaging four component images cropped to 256� 256, 128� 128, 64� 64, 32� 32
pixel sizes respectively. TIS3 with the average of four full-size images and the average of
four images cropped to a size of 128� 128 pixels (TIS3_128) are shown in Figure 7.

2.3.4. Training Image Set 4 (TIS4)

Similar to TIS3, only one image is present in this image set too. Training image sets,
TIS4_256, TIS4_128, TIS4_64, and TIS4_32 were obtained from the average of four

Figure 7. Average of four fingerprint images: (a) full-size (300� 300 pixels), (b) cropped to
128� 128 pixels (TIS3_128).

Figure 5. A cropped fingerprint image of size 128� 128 pixels (TIS1_128).

Figure 6. A resized fingerprint image of size 128� 128 pixels (TIS2_128).
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individual images resized to 256� 256, 128� 128, 64� 4, 32� 32 pixel sizes respectively.
Figure 8 represents the average of four resized images of size 128� 128 pixels (TIS4_128).

It was observed that the evolved coefficients yielded reduced PSNR compared to
the theoretical lifting coefficients when resized/cropped images with sizes below 32� 32
were used.

The training image sets TIS1 to TIS4 were applied to the evolutionary algorithm in
Figure 1. The algorithm was run several times. The optimum lifting coefficients evolved
were employed to find the average improvement in PSNR for CR 16:1 over 80 fingerprint
images. These coefficients were used to compute the improvement in PSNR for other CRs
too. Besides this, the performances of the coefficients on degraded images were also
studied. To perform this, the quality of the input image was degraded to various amounts
by setting certain percentages of lower pixel values to zero. The percentage degradation
was calculated as (Shanavaz and Mythili 2010)

Degradation ¼
No: of pixels set to zero

Total no: of pixels
� 100%: ð1Þ

The evolved coefficients were used with SPIHT (set partitioning in hierarchical trees)
(Said and Pearlman 1996; SPIHT 2004) algorithm without arithmetic coder to observe
their performance. In addition to the above, the performance of these coefficients was
tested on other fingerprint databases too.

3. Results and discussion

3.1. Improvement in PSNR for various training image sets

The different data sets TIS1, TIS2, TIS3 and TIS4 with suitable number of images to give
the maximum PSNR were constructed as mentioned in the previous section. They were
used to evolve optimum coefficients giving maximum PSNR for CR 16:1. These
coefficients were employed to find the average improvement in PSNR over 80 fingerprint
images. The results are compared with the result of the image set TIS_300, which contains
full-size images for validation purposes. Figure 9 shows the average improvement in PSNR
for each image size in all the above image data sets. As illustrated in the figure, the
performance of TIS1 and TIS3 with cropped images is better than the TIS2 and TIS4 with
resized images. It can also be seen that TIS3_256 with cropped average images perform
better compared to other image sets except TIS_300. The average PSNR improvement of
1.012 dB corresponding to TIS_300 is shown as a single point in Figure 9. PSNR
improvement of 1.009 dB was achieved from TIS3_256. The evolution took only 1.692 h.
So, at the expense of just 0.003 dB (a negligibly small value), 81.35% improvement in the
speed of evolution could be achieved. The evolution-time and PSNR are better than the

Figure 8. Average of four resized fingerprint images of size 128� 128 pixels (TIS4_128).
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previous results (Grasemann and Mikkulainen 2005; Babb and Moore 2007; Babb,
Moore, and Peterson 2009; Salvador, Moreno, Riesgo, and Sekanina 2010). The plot of
average evolution-time taken with image sets TIS1 to TIS4 is shown in Figure 10. It is
obvious that the images with reduced size caused faster evolution with little compromise in
PSNR improvement. For example, TIS1_64 took just 1.014 h yielding 0.956 dB improve-
ment in PSNR. Compared to TIS_300 improvement in PSNR differed by just 0.056 dB,
which is too small. But, the speed of evolution was increased by 91.02%. Compared to the
TIS in the published work (Shanavaz and Mythili 2010), TIS1_64 gave 88.81% increase in
speed of evolution and 0.025 dB improvement in PSNR. In the case of averaged images,
TIS3_32 and TIS4_32 surpassed TIS3_64 and TIS4_64, respectively, with better PSNR
and 39.51% increase in speed of evolution. Compared to the existing technique, TIS3_32
offered 98.7% increase in evolution speed only at the expense of 0.043 dB PSNR.

Among all these TISs, the best PSNR improvements of 1.012 dB and 1.009 dB were
tendered by TIS_300 and TIS3_256 respectively. So, the rest of this article concentrates on
the results related to these TISs. The original image 101_1.tif and the reconstructed images
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Figure 9. Comparison of the average PSNR improvement for TIS1, TIS2, TIS3 and TIS4.
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corresponding to hand-designed cdf9/7 wavelet, coefficients evolved from TIS1_300 and
TIS3_256 are shown in Figure 11.

3.2. Improvement in PSNR for various CRs

The evolved coefficients exhibit PSNR improvement for other CRs as well. Figure 12
compares the PSNRs of the evolved and hand-designed wavelets for various CRs. For all
values of CRs the evolved wavelets yielded better PSNR over the classical wavelet. The
wavelets evolved from the above two different TISs (TIS_300 & TIS3_256) provided
almost identical PSNRs.

3.3. PSNRs of degraded images

Figure 13 illustrates the comparison of average PSNRs of degraded images for CR¼ 10:1,
computed from hand-designed wavelet and wavelet evolved from TIS3_256. Here, the
quality of the input images were degraded to various amounts by setting certain
percentages of lower pixel values to zero. Percentage degradation was calculated using
Equation (1) (Shanavaz and Mythili 2010).

Compression ratio
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wt. evolved from TIS3_256

Figure 12. Plot of average PSNRs for classical wavelet and wavelet evolved from TIS_300 and
TIS3_256.

Figure 11. 101_1.tif image (a) original, reconstructed image using (b) classical wavelet
(PSNR¼ 35.908 dB), using evolved coefficients from (c) TIS_300 (PSNR¼ 37.062 dB) and
(d) TIS3_256 (PSNR¼ 37.069 dB).
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As shown in Figure 13, the PSNR corresponding to the classical wavelet was better
than the evolved PSNR for lower values of degradation. The evolved PSNR became
better beyond 46% of degradation. For lower CRs, evolved coefficients started to
surpass the classical coefficients at higher degradation values. For example, with CR¼ 5,
the evolved PSNR crossed the classical PSNR at 80% degradation. For CRs above 20:1
evolved coefficients outperformed the classical wavelets for all degradation values. The
results were similar in the case of coefficients evolved from TIS_300. Figure 14 shows
the 101_1.tif image with 15% degradation (i.e., 15% of lower pixel values were set
to zero). The images reconstructed using classical as well as evolved coefficients for
CR 20:1 are also shown. The PSNR of the degraded image owing to evolved wavelets
was slightly better.

3.4. PSNR improvement with SPIHT coding

There was reasonable improvement in PSNR when evolved coefficients were used with
SPIHT (Said and Pearlman 1996; SPIHT 2004) algorithm without arithmetic coder.
Figure 15 compares the average PSNR with SPIHT coder for various bits/pixel (bit-rate)

% degradation
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Figure 13. Comparison of average PSNRs of degraded images for CR¼ 10 : 1, computed from
hand-designed wavelet and wavelet evolved from TIS3_256.

Figure 14. 101_1.tif image (a) 15% degraded, reconstructed with (b) classical wavelet
(PSNR¼ 22.982 dB) (c) evolved wavelet from TIS_300 (PSNR¼ 23.088 dB) (d) from TIS3_256
(PSNR¼ 23.056 dB).
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values for classical and evolved wavelets. It can be seen that the wavelet evolved from
TIS3_256 outperformed the classical wavelet for all bit-rates. The wavelet evolved from
TIS_300 also confirmed the results.

3.5. Comparison of histogram differences

Direct visual inspection of the images would not probably give sufficient information for a
fair judgement. Figure 16 compares the efficiency of the evolved wavelets in FIC. Here the
absolute difference between histogram values of 101_1.tif image and the images
reconstructed with hand-designed wavelet, wavelet evolved from TIS_300 and TIS3_256
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Figure 16. Absolute difference between histogram values of 101_1.tif image and the images
reconstructed with classical wavelet and wavelet evolved from TIS_300 and TIS3_256.
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used in the SIPHT algorithm for various bit-rates.
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are plotted. As illustrated in the figure, histogram differences of the images reconstructed
from evolved wavelets are much less than that of the image reconstructed from hand-
designed wavelet. It can also be seen that the minimum absolute histogram difference is
offered by the wavelet evolved from TIS3_256, and hence it performs better than that
evolved from TIS_300.

3.6. Improvement in PSNR for other fingerprint databases

The performance of the evolved coefficients on the other databases of FVC was studied.
Except in a few cases, the evolved coefficients offered better PSNR.

4. Conclusion

This article presents faster techniques for evolving wavelet coefficients, optimised for
better compression and reconstruction of fingerprint images. Here, a lifting scheme
combined with GA is used to evolve better lifting coefficients of the cdf9/7 wavelet. The
hand-designed cdf9/7 wavelet can be represented by a few numbers of lifting coefficients.
So, they are evolved at a faster rate using GA. Usually, full-size images are used for
evolving wavelets. This evolution process is too slow. To speed up this, in this article,
wavelets were evolved with different image sets like resized, cropped, resized-average and
cropped-average images. Comparing the PSNRs offered by the evolved wavelets, it was
found that the cropped images outperformed the resized images and is in par with the
results reported so far. It was observed that, the wavelet evolved from cropped images
outperformed the wavelet evolved from resized images. The wavelet evolved from an
average of four 256� 256 centre-cropped images took less than 1/5th the evolution time
reported in literature. Besides increasing the computational speed by 81.35%, the evolved
coefficients offered 1.009 dB improvements in average PSNR over 80 fingerprint images
in the database. At the cost of a very small amount of PSNR, additional reduction in
evolution-time could be achieved. The evolved coefficients exhibit improvement in PSNR
for other CRs too. For higher CRs, the evolved coefficients outperformed the classical
wavelets in compressing degraded images. There was reasonable improvement in PSNR
when evolved coefficients were used with SPIHT algorithm. Except in a few cases, the
coefficients evolved for the database DB1_B of FVC 2000 offered better PSNR when
applied to the other fingerprint databases of different sizes and clarity. Image compression
can be further improved by using application-specific optimised wavelets for medical,
satellite and digital photography applications. One of the factors that improves the
performance of the evolved wavelet is a properly designed training data set. Therefore,
techniques can be developed to design an optimum training data set, which improves
compression performance.
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