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Abstract

A data compression algorithm is a signal procestuopnique used to convert data from a large
format to one optimized for compactness. Huge velsiof fingerprint images that need to be
transmitted over a network of biometric databases an excellent example of why data
compression is important. The cardinal goal of imagmpression is to obtain the best possible
image quality at a reduced storage and transmigmadwidth costs. In this paper, a review of
different methodological approaches to fingerpimtige compression based on the wavelet
algorithm is conducted. From the survey of thestxg wavelet-based image compression
methods, the problems that have been identifiethdiec the limitation of WSQ standard to a
compression ratio of 15:1 which could be improvathwbetter algorithm. High complexity of
image encoding process of the existing technigsealso a problem. Most of the existing
methods require the generation of codebooks or upokables which require additional
computational cost for implementation. Additiogalsignificant degradation in the biometric
features of fingerprint at compression ratio higltkan 15:1 remains a major challenge.
Therefore, the investigation of an efficient congsien method that can significantly reduce
fingerprint image size while preserving its biometproperties (the core, ridge endings and
bifurcations) is justified.

Keyword: Wavelet transform, image compression, quantizagairopy coding, fingerprint

1.0 Introduction

Images contain large amount of information thatunexs huge storage space and large
transmission bandwidth. Image data processingséorage attract cost and the cost is directly
proportional to the size of data. In spite of thdvancements made in mass storage and
processing capacities, these have continued tdb&diw capacity requirements of application
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systems (Ashok et al, 2010). Therefore, it is athkgeous to compress an image by storing only
the essential information needed to reconstructirttege. An image can be thought of as a
matrix of pixel (or intensity) values and in ordercompress it, redundancies must be exploited.
Image compression is the general term for the uaralgorithms that have been developed to

address these problems.

A compression algorithm is used to convert datanfr@ large format to one optimized for
compactness. Data compression algorithms are aaedanto two, namely; lossless and lossy
compression techniques. A lossless technique gtesas that the compressed data is identical to
the original data whereas in lossy compressionnigcie, images are compressed with some
degree of data loss or degradation while stillingtg its essential features. This distinction is
important because lossy techniques are much mdeetigE at compression than lossless
methods. Huge volumes of fingerprint images thegdnto be stored and transmitted over a
network of biometric databases are an excellentmela of why data compression is important.
The cardinal goal of image compression is to ohttaénbest possible image quality at a reduced

storage, transmission and computation costs.

1.1  General Concept of Image Compression System

An image compression system involves three fundéehenage coding stages, namely:

(i) Transformation;

(i) Quantization; and

(iif) Entropy Coding.

The transformation which is achieved through slgtabathematical transformation technique
(such as Fourier and Wavelet transforms) is apgbethe image with the aim of converting it

into a different domain where the compression Vo easier. In the transform domain,
correlation level can be lowered, and the energylma concentrated in a small portion of the
transformed image. The quantization, which caheeibe vector or scalar quantization or their
variations, is the stage that is mostly respondinehe ‘lossy’ character of the system. It ergtail

a reduction in the number of bits used to reprefiemtpixel values of the transformed image
(also called transform coefficients). Coefficiemtslow contribution to the total energy or the

visual appearance of the image are coarsely quah{izpresented with a small number of bits)

or even discarded, whereas more significant coeffts are subjected to a finer quantization
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(represented with more bits). At the entropy coditege, further compression is achieved with
the aid of some entropy coding scheme such as Huffrun-length, arithmetic coding etc.
where the non-uniform distribution of the symbaighe quantization result is exploited so as to
assign fewer bits to the most likely symbols andeartmts to unlikely ones. This results in a size
reduction of the resulting bit-stream on the averagd the conversion that takes place at this
stage is lossless (Strang and Nguyen, 1996; Useu@l).
In specific terms, fingerprint image compressiogoakthm using wavelet transform method is
implemented in two parts, namely (Usevitch, 2001):

0] Image encoding for converting image to optimizedsbieam; and

(i) Image decoding for reconstructing the image froninaged bit stream.
The implementation of each of the parts of the pseg algorithm is in three stages. They are
Discrete Wavelet TransfornD{VT)/Inverse DWT, Scalar quantizer/Scalar dequantand Entropy

encoder/decoder. This is depicted in Figure 1.1:

Input Image Wavelet . Entropy Compressed
— Transform »  Quantization > Encoding Tmage

(a) Wavelet Encoder

Compressed Entropy Reconstructed

. Inverse Inverse
Image———> i > St mage
g Decoding Quantization Wavelet

Transforn

A 4

(b) Wavelet Decoder

Figure 1.1:Block diagram of a wavelet transformdsbsnage compression system.

1.2  Overview of Biometric Application System

Biometrics system is an emerging technology thatlsdevith automatic identification of
individuals, based on their physiological andbebeaticharacteristics. The biometric traits must
satisfy universality, uniqueness, permanence, atubty and collectivity (Kazi et al, 2011).
The physiological biometrics are fingerprint, haswhn, iris scan, facial scan, retina scan, etc.,

and behavioral biometrics are voice, signature (&eorge, et al, 2012). The main advantage of
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biometric methods is the capability for identityrifieation (Villegas et al, 2006). The methods
for human identity authentication based on biomstrsing the physiological and behavioural
characteristics of a person have been evolvingrmeotsly and seen significant improvement in
performance and robustness over the last few yédraiever, most of the systems reported
perform well in controlled operating scenarios, dhneir performance deteriorates significantly
under real world operating conditions, and far freatisfactory in terms of robustness and
accuracy (George, et al, 2012). To address theslkeohes, and satisfy the requirements of new
and emerging biometric applications, there is alrfeethe development of improved algorithms
for efficient lossy fingerprint image compressiobhis is because computer systems have
provided the capability for the acquisition of massvolumes of biometric fingerprint data, and
it is reasonable to develop computational techrigoehelp extract, store in compact form and
derive meaningful patterns and structures fromeluzga in order to address the problem of data
overload. Additionally, data mining processes faw lenforcement, immigration services, and
forensic applications can immensely benefit frora groposed technique. This is the primary

focus of this research work.
1.3 Characteristicsof Fingerprint Image

Fingerprint is the biometric features of a fingéhe development of these features iscongenital
andmaintains uniqueness among the population (&aai, 2011). A fingerprint usually appears
as a series of dark lines that represents the gegking portion of the friction ridge skin, while
the valleys between these ridges appear as whiteespnd are the low shallow portion of the
friction ridge skin. Minutia is the term used tesdribe the location and direction of the ridge
endings and bifurcations along a ridge path. Tp@eumost point on the inner most ridge of the
fingerprint image is known as core (George et 812). The fingerprint has been used for
personal identity verification for more than a eaegt and is the most widely used in biometrics
today (Rajkumar et al, 2012). Fingerprint images digitized at a resolution of 500 pixels per
inch (ppi) with 256 levels of gray-scale informatiper pixel. A single fingerprint is about
700,000 pixels and needs about 0.6 Mbytes for géorA pair of hands, then, requires about 6
Mbytes of storage(Radunovic, 2009; Islam et al,201 This huge storage requirement by
fingerprint images impacts adversely on the efficie of biometric application systems. The

only way to improve on these resource requiremisnts compress these images, such that they
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can be cost-effectively stored, transmitted and theconstructed without compromising the
essential biometric features such as the fingefpraore, ridge endings and bifurcations. These

features are shown in Figure 1.2.

Ridge Ending

Bifurcation

Core

=

Figure 1.2: Biometric features of a fingerprint igea

1.4  Overview of Fingerprint Image Compression Techniques and Standards

The efficiency of the application of wavelet traorsh on image coding was significantly boosted
by the introduction of embedded zero-tree wavelet\W) algorithm introduced by Shapiro

(1993). The algorithm has since undergone sigmifieamprovements in the set partitioning in
hierarchical trees (SPIHT) introduced by Said amdrfPnan in 1996. The EZW and SPIHT
performed better than JPEG with most images. Howekiey both produced blurring effect on
feature pattern of fingerprint images which rendies data useless for biometric application.
Wavelet Scalar Quantization (WSQ) is a compresstandard developed specifically for the
compression of fingerprint images to improve theadality of preserving the fingerprint features
for biometric pattern recognition. A compressiorniadimit of 15:1 is specified for WSQ

fingerprint compression standard (NIST, 2011). okmer words, its performance becomes
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unsatisfactory at compression ratio higher thari 1&nyshczak et al, 2000; CJIS, 2000). The
embedded block coding with optimized truncation eshbedded bit-streams (EBCOT) by
Taubman (2000) have resulted in modern wavelet @éagnpression and coding techniques. As
a matter of fact, the latest Joint Photographiceex@roup (JPEG 2000) image coding standard
was developed based on the EBCOT algorithm (Ma#@@9; Usevitch, 2001). The EBCOT-
based JPEG2000 as a robust general-purpose comprasandard has the limitation of not
being able to adequately preserve the crucial bioengeatures of fingerprint images at high
compression ratio and it has the problem of complgerithm implementation. The JPEG was
the earlier version of JPEG2000 standard and itheasd on discrete cosine transform technique
while the JPEG 2000 was based on wavelet transfeamnique (Strang and Nguyen, 1996;
Usevitch, 2001; Mallat, 2009).

The differences between JPEG2000 and WSQ standamelsin their wavelet transform
decomposition structures and the scanning ordehefquantized coefficients in their entropy
coding stage. In wavelet decomposition, JPEG 2@@lies Mallat’s algorithm or the pyramidal
approach with Cohen DaubechiesFeauveau (CDF), iantddaubechies wavelet filters, while
WSQ uses a fixed wavelet packet basis with the s@mDE wavelet filter. WSQ uses raster
scanning order, while JPEG2000 uses vertical igplacanning order (Strang and Nguyen,
1996). More significantly, both standards are basedDF wavelets and have been adopted as
fingerprint compression standards. It is noteworthgt JPEG 2000 is designed for general-
purpose compression with significant flexibilityt has the disadvantage of complex algorithm
implementation and high computation cost (Liberalet2012). The next sections describe the

relevant theoretical concepts of image coding.

2.0 Review of Fundamental Concepts

This sections presents the review of the theoretimacepts for wavelet based fingerprint image
analysis. There are different methods for the y@malof image signals. The most well-known
approach is the signal spectral analysis usingi€oliechniques and the most recent method is
wavelet multi-resolution analysis (Strang, 1994ljikgw, 2001, Mallat, 2009). Fourier Series (FS)
is Joseph Fourier’s original work which involvecethepresentation of a periodic function as a

finite, weighted sum of sinusoids that are integeitiples of the fundamental frequency of the



175
176
177
178
179
180
181
182
183
184
185
186
187
188
189

190

191

192
193
194
195
196
197
198
199
200
201

202

203
204

analysis signal (Polikar 2004). These frequencressaid to be harmonically related or simply
harmonics. Continuous Fourier Transform (FT) iseatension of Fourier series to non-periodic
functions. Any continuous aperiodic function canrbpresented as an infinite sum (integral) of
sinusoids. Discrete Time Fourier Transform (DTFS an extension of FT to discrete sequences
where the discrete function is also representetl wiit infinite sum (integral) of sinusoids. The
frequency representation of DTFT is not discreté dantinuous. Discrete Fourier Transform
(DFT) is an extension of DTFT, where the frequemayiable is also discretized. Fast Fourier
Transform (FFT) is mathematically identical to DHigwever, it has a more significantly
efficient implementation. Given an N-sampled sigegjuence, the number of computations for
DFT is N whereas the number of computations for FFT isgd I (Mallat, 2009).

In Fourier analysis, any periodic signal x(t) whdgedamental period iT,, can be represented
as a finite and discrete sum of complex exponenfg@hes and cosines) that are integer multiples
of w,, the fundamental frequency. This method is refetoeas Fourier Series and it is given by
(Mallat, 2009; Polikar, 2004):

x(t) = Z:):—oo Ckejwokt 1
_ 1 t0+T0 —j k
Ck = T_ofto x(t)e J@oktdt 2
Where,

X(t) = Original signal
c= Amplitudes of frequency components
w, = Fundamental frequency

T, = Fundamental period
A non-periodic continuous time signal can alsod@esented as an infinite and continuous (not

integer multiples ow) sum of complex exponentials. This method is knesourier
Transform and it is given by (Mallat, 2009; Polika®04):

X(w)=F(x(t)) = ffooox(t)e"j“’tdt 3

The Inverse Fourier Transform is given by:



205 x(t) = F'(X(w) = [*_X(w)e/*tdw 4

206

207  Furthermore, the DFT applies to discrete time diggnahere the spectrum is also made discrete.
208 It should be noted that in DTFT, the spectrum isticmous. Therefore, for an N-point signal
209  Xx[n], the Discrete Fourier Transform is mathemadlycgiven by (Mallat, 2009; Polikar, 2004):

210

N-1 .21tk
211 X[k] = Z x[nle v, 0<k<N-1 5
n=0
1 N-1 ik
212 x[n] =ﬁz X[k]e/ v, 0<n<N-1 6
k=0
213 Where,

214  X[k] = Discrete Fourier Transform x[n]

215  x[n] = Inverse DFT

216 k= Frequency index

217  n =index of signal array

218

219  X[Kk] represents how much of the sinusoid at frequyek(2t/N) exists in the original signal x[n],

220 orin other words, how much of this frequency sbhallused in reconstructing the original signal.
221 For image analysis and synthesis, Discrete Foiransform in Two Dimensions (2-D) and its
222 inverse can be easily extended from One DimensidnBl) DFT. 2-D DFT of an image function

223 f(x, y) of size MxN is given by (Gonzalez, 2009):

224 fQu,v) = = SUA N £ (x,y) e 2GR 7
225  f(x, y) can be obtained from 2-D Inverse DFT

226 F,Y) = o SHZE TNZ3 f(u,v) 2 ) 8
227  Where,

228 v = Column index of the transformed array

229 u=Row index of the transformed array
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x = Column index of the image array
y = Column index of the image array

A different way to understand the Fourier techniguas a method for transformingour view of a
signal from a time-based representation to a freqgdased one. For many signals, Fourier
analysis is extremely useful because the signaéguency content is of great importance.
However, Fourier method has a serious drawbackcedfyein the analysis of non-stationary
signal. In transforming to the frequency domaimetior spatial information is lost (Polikar,
2001; Strang and Nguyen, 1996).

In an effort to correct the deficiency of Fourieraiisform, Dennis Gabor adapted the Fourier
transform to analyse only a small section of tigmal at a time, a technique called windowingthe
signal (Misiti et al, 1996). Gabor's adaptationllexd the Short-Time Fourier Transform(STFT),
maps a signal into a two-dimensional function ofdiand frequency.

The STFT method can analyze a non-stationary signide time domain through a segmented
algorithm. STFT processes the signal with a slidngdow having constant length in time or
space. Through a moving window process, the origilgmal is broken up into a set of segments,
and each segment is processed by the conventiasalHéurier transform (FFT) algorithm. In
the end, all the results in frequency domain arersad up (Giurgiutiu et al, 2003). The problem
with the STFT has to do with the width of the wimdéunction that is used. To be technically
correct, this width of the window function is knows the support of the window. If the window

function is narrow, it is said to be compactly sogied (Mallat, 2009; Polikar, 2001).

In the STFT analysis, the signal to be transfornsedecomposed in segments which usually
overlap each other, to reduce artifacts at the aryn FFT is then applied to each segment and

the results are summed. STFT can be express&lraarfeby, 2001):

STFT{x[n]}(m, w) = X(m,w) = Y ..

n=—oo

x[n]o[n —mle /@ 9
Where,
X(m,w) =STFT of signax[n]

w[n] = Window function
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However, the accuracy of this method is limitedtbyfixed analysis window size. The drawback
is that sudden breaks appear between windowed sggmdhis is more obvious in a visual
image. It is known as blocking effect (Misiti el 4996). Windowing of signal became an
important concept because of the limitation, Hdiggg's uncertainty principle imposed on data
analysis. The uncertainty principle deals with twmcept of time-frequency resolution. The
principle states that with high time resolutiorpaor frequency resolution is achieved and with
high frequency resolution, a low time resolutionréslized (Polikar, 2001). So when using
STFT, once the window size has been chosen, the fiegquency resolution is fixed. Thus a
window could be analyzed with good time resolutasrfrequency resolution but not with both
(Polikar, 2001).

In order to overcome the limitation of STFT, one snghange the window size at several
different values, thus, achieving a multi-resolat@nalysis. The Heisenberg's principle is still
satisfied but the time or spatial resolution enleanat high frequencies while the frequency
resolution enhances at low spatial or time resotutiVavelet analysis represents such method. It
is a signal windowing technique with variable-sizedions. It is a new idea in signal processing.
Instead of analysing cosine waves that go on forevget chopped off, the new building blocks
are wavelets. These are little waves that startstop. A long signal is broken into a basis of
possible signals, called wavelets. The waveletsectyom a single function w(x) by shifting and
scaling (Strang, 1994; Mallat, 2009). Amplitudesoefficients of transformation are processed
and reconstructed to recover a synthesis signatduRdant coefficients are discarded to achieve
compression. One major advantage afforded by wtvake the ability to perform local
analysis,that is, to analyse a localized area t&Hrge signal. Wavelet analysis is capable of
revealing aspects of data that other signal arsmlyschniqgues miss, aspects like trends,
breakdown points, discontinuities in higher derwed, and self-similarity. This is because it
gives a different view of data than those presebtedraditional techniques. Wavelet analysis
can often compress a signal without appreciableadizgion. The summary of the advantages of

wavelet analysis and Fourier analysis, as welitesariants is shown in Table 1.0.

Table 1.0: Comparison between the properties ofi€oand Wavelet Analyses

Criteria DFT/FFT STFT DWT

10
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1. Applications

Periodic and
aperiodic signal
pattern recognition

and trends

Pattern recognition,

trends and

stationary signal with

mild discontinuities

compression for nont

Localization
characterization,
pattern recognition,
trends and
compression for nont
stationary signal with
sharp discontinuities

2. Sliding Window | No windowing Fixed-size Variable-size
windowing windowing
3. Analysis Frequency Time-Frequency Multi-resolution
representation/Spectraepresentation analysis
analysis
4. Uncertainty Do not satisfy Do not satisfy Satisfy

Principle

5. Input signal

Best suited for

stationary signals

Best suited for non-
stationary signals
with mild

discontinuities

Best suited for non-
stationary signals
with sharp

discontinuities

6. Number of DFT =N STFT=NlogN DWT =N
Computation Computations Computations Computations
N samples
( ples) FFT=Nlog N
Computations

It is for these obvious reasons that wavelet teplmihas been adopted as the preferred tool for
fingerprint image compression in this research watke wavelet transform provides for space-
frequency multi-resolution analysis. The firstpsta the protocol for a wavelet transform is to
determine a mother wavelet. The mother waveletss known as wavelet prototype or basis.
There are many types of mother wavelets and eaehas its own application. Once a mother

wavelet is decided, it is translated through tlgmai using the mathematical technique, called

11
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convolution. The windowing technique is used byrdiag the scale of the wavelet. This is

basically, the dilation and compression of the Wetvehen translated. The idea behind dilation
and compression is that if the wavelet is compiksseepresents high frequency and if it is

dilated, it has a slow rate of change, that is, feequency. As wavelet is translated and dilated
multiple times through the signal, the wavelet diieas how well it correlates to the topology of

the signal. The correlation of the signal receigegalue of how well it matches the signal. If

there is a high correlation, the transform repbrgh value at a particular scale and position in
time. If there is no correlation, the transformaep low index value of correlation. The term

mother wavelet gets its name due to two importaopgrties of the wavelet analysis. First, the
term wavelet means a small wave and smallnesssriefehe condition that this window function

is of finite length (compactly supported). The waegers to the condition that this function is

oscillatory. Secondly, the term mother implies tthegt functions with different region of support

that are used in the transformation process angedefrom one main function, or the mother

wavelet. In other words, the mother wavelet is atqiype for generating the other window

functions. In the next section, the various typésnother wavelets or wavelet prototypes are
presented.

21  Wavelet Basesor Prototypes

Even though, wavelet analysis is the preferredriegles for image signal compression, there
are different types of wavelets and their qualitrasy according to several criteria. The main
criteria include: support of wavelet and scalingdions; the symmetry, the number of vanishing
moments; the regularity, the orthogonality or Hiogonality. Some of the wavelet prototypes
include: Haar, Daubechies; Coiflet, Symlet, Mexitéat, Morlet, Biorthogonal wavelets etc
(Misiti et al, 1996).

Haar wavelets are the simplest and first to be ntea in the wavelets family. Although,
wavelets are advanced topic but the Haar waveletelementary (Strang, 1994). Therefore,
there is the need to turn to better wavelet basesabotypes or functions. The new wavelets are
more sophisticated. Popular among them are théb&dnies and Coiflet wavelet functions.
Most Daubechies wavelets are not symmetrical. Bares the asymmetry is very pronounced.
The regularity property increases with the ordewakelet function. Regularity means that the

iterated wavelet filter converges to a continuowscfion. The Daubechies wavelet analysis is

12
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orthogonal. Coiflet wavelet function, on the othend, was developed to fix the symmetry
limitation of Daubechies wavelet. The coiflet wastend scaling functions are much more
symmetrical than that of Daubechies (Misiti et #996; Islam et al, 2012). The symmetry
property of a wavelet matrix is given by its protlwath its transpose to obtain an identity

matrix. This property guarantees a perfect recansbn of signal in the transformation domain.

2.2 Discrete Wavelet Transform (DWT)

Discrete wavelet transform (DWT) filter is used f@liable fingerprint image transformation.

The DWT is recognised for its capability of spacegiency decomposition of images, energy
compaction of low frequency subbands, and spacalifation of high frequency subbands

(Mallat, 2009; Ashok et al, 2010). DWT decomposediscrete image signal into bands that
vary in spatial frequency and orientation.

In DWT, a space-frequency representation of théalignage signal is obtained using digital

filtering techniques. The signal to be analyzegassed through filters with different cutoff

frequencies at different scales. For a discreteptainsignal sequence f(x), where integer x =
0,1,2 ... m-1. There is m number of samples irstggience.

The scaling functiomy (j,, k) and wavelet functiowy (j, k) are given by (Mallat, 2009):

W Uor K) = =2 f )0k () 10
wy(, k) = =22 f(¥)@) 11

Note that\/% Is a normalizing term. This is to ensure that ¢hergy of the signal in the two

transformation domain remains the same.

The inverse discrete wavelet transform (IDWT) igegi by (Mallat, 2009):
@) = =ZaweUio k) 0,1 () + 52, i wip G, k)W () 12
Where:
f (x)= Original signal sequence
f'(x)= Reconstructed signal sequence
@;, x(x)= Scaling parameter
¥, k(x)= wavelet parameter

Equations (10) and (11) can be called forward discwavelet transform while equation (12) is
the inverse discrete wavelet transform. Every emttical transformation involves the original
signal, the transformed signal and the transfomnakiernel. In this case, the transformation

13
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kernels arewy(j,, k)andwy (j, k). Note that for a more efficient computational ierplentation
of DWT, fast wavelet transform (FWT) algorithm isad. The number of FWT computations for
N-sampled sequence is equal to N (Polikar, 2001ta¥1&£009).

2.3 Wavelet Transform in Two Dimensions

For analytic transformation of image signal, a tmensional (2-D) discrete wavelet transform
is used which can easily be extended from a onesonal (1-D) wavelet transform. To
achieve this, one 2-D scaling functiop(x,y), and three 2-D wavelet&f(x, y), ¥V (x, V),
andPP(x, y) are required. Each is the product of 1-Dlisgafunction ¢ and corresponding 1-D
waveletsp as shown(Gonzalez et al, 2009):

oxy) = e(x)o(y) 13
P y) = Y00() 14
PV y) = oY) 15
YP(xy) = Y(X)¥(y) 16

Equation (13) defines the separable scaling fungpitk,y). Equations (14) to(16) define the
wavelet functions that measure the functional Vianms of intensity or grayscale for images
along different directions?? defines variation along columns (horizontal edg#é8) defines
variation along rows (vertical edge¥)? defines variation along diagonals.

Given separable 2-D scaling and wavelet functi@ra,DWT can be defined. First, we define
the scaled and translated or shifted basis funst@wa defined as follows:

Wl (oY) = 2291(20x —m, 20y —n), i = {H,V,D} 18

Where, i = directional wavelet index

Therefore, 2-D DWT of function f(x, y) of size MxiN given by (Gonzalez et al, 2009):

. 1 - -
W(p(]OJm' Tl) = Wzyzol Zg:(}f(x; y) (pjo,m,n(x; y) 19
wiy(j,mn) = m= SV SV f (6 0) VY ma(x,9), i = {H,V,D} 20
Where,

jo = Arbitrary starting scalg{ = 0)

14
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w,, (jo,m,n) = Approximation coefficients for f(x, y) at scale
wly (j, m,n) = Horizontal, vertical and diagonal details coeffitis at scales> j,
M=N=2/forj=012,..,j—1
mn=012,..2 —1

Givenwcpandw"q,, f(x, y) can be obtained from 2-D Inverse DWT adoivs(Gonzalez et al,
2009):

fy) =
1 .
\/ﬁ Zm Zn ch (]Or m, Tl) (pjo,m,n (x» Y) +

1 oo i , i
WZ#H,D,VZj:jO ZmZn Wll}’(]rm: n) lI'”j,m,n(x' y) 21

It should be noted that since image signal has dmeensional data structure, 2-D DWT is

implemented for fingerprint image transformation.

2.4 Review of Similar Works

The following show a critical review of some simileesearch works undertaken by some
researchers.

Khalifa (2005) presented an image compression masia wavelet decomposition with multi-
resolution codebook encoder. The algorithm dec@®gp@n image into desired resolution level
using Daubechies wavelet. The resulting low fregyesub-images are quantized using Dual
Pulse Code Modulation (DPCM). While the high freqay sub-images are quantized by vector
guantization using a multi-resolution codebook. fihain coding was used as entropy coding
scheme. Due to the codebook generation, the catpotcost of the algorithm is high.

Additionally, Huffman coding is a less optimal ineagoder compared to arithmetic coder.

Li and Bayoumi (2005) proposed multi-level parallegh speed architecture for Embedded
Block Coding with Optimized Truncation (EBCOT) tigrin JPEG2000. Discrete wavelet
transform (DWT) filters were used to decomposeitti@ge tiles into corresponding coefficients.
The transform coefficients were quantized usindasaguantization to form code blocks which
were entropy coded by EBCOT algorithm. The architee adopted three levels of parallelism

to increase throughput at the level of bit-plareegnning passes and coding bits. The method
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achieved faster throughput than the existing EBGEhitectures. However, the complexity of
the algorithm implementation also increased assaltref the EBCOT architecture implemented

in a three-level parallelism.

Sudhakar and Jayaraman (2006) proposed a fingegampression scheme to obtain improved
quality and higher compression ratio through mudtrelet transform. Embedded coding of
multiwavelet coefficients was achieved through Battitioning in Hierarchical Trees Algorithm

(SPIHT). According to Sudhakar et al (2006), fetter performance in compression, filters
used in wavelet transform have the property of agtimality, symmetry, short support and
higher approximation order which scalar waveletsndd satisfy simultaneously. Hence, the
need for multiwavelets, which possess more thansgcaéng filters. Orthogonal wavelet filters

used are not as efficient as biorthogonal wavedetabse of the requirement for perfect image

reconstruction.

Hsin et al (2007) proposed a hybrid algorithm ussRJHT and EBC (embedded block coding)
to encode low frequency and high frequency wavaefficients, respectively; the intermediate
coding results of low frequency coefficients arediso facilitate the coding operation of high
frequency coefficients. Experimental results showvikdt the coding performance can be
significantly improved by the hybrid SPIHT-EBC atgbm. According to Hsin et al (2007),

one of the advantages of hybrid SPIHT-EBC codingthiat the well-defined hierarchical

structure across wavelet subbands and energy chesteithin each wavelet subband can be
taken into account to facilitate the image compogstask. The SPIHT coding method does not

perform well in the preservation of an acceptaliality of biometric fingerprint patterns.

Chang et al (2007) proposed two methods to improweputational efficiency of parallel
context formation of EBCOT, that is, sample-patgtiass-type context formations (SPPD) and
column-based pass-parallel coding (CBPC) methotts.this technique, DWT was used to
decompose the image and then scalar quantized.reBging code blocks were encoded with
the proposed EBCOT methods. According to ChangleR2@07) EBCOT is a two-tiered
architecture. Tier-1 is a context-based adaptiitbraetic coder, which is composed of a context

formation (CF) engine and a binary arithmetic co(®AC). Tier-2 is responsible for rate-
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distortion optimization and bit stream formationhel proposed methods achieved greater

computation efficiency. However, EBCOT algorithmmist amenable to simple implementation.

Rawat and Meher (2009) proposed a hybrid schemebioamy Kohonen’s Self Organizing
Feature Map (SOFM) based Vector Quantization (V@pieg and Set Partitioning in
Hierarchical Trees (SPIHT) coding for effective quession of images. First, the input image is
decomposed using biorthogonal wavelet transfornbs8guently, the decomposed image is
compressed using SPIHT encoding, which resultgtistteam. The resulted bit stream is then
fed to the SOFM based VQ coding for further comgices The SOFM algorithm generates a
codebook corresponding to the input bit stream daded on the generated codebook
compression is achieved. The reconstructed imaghtyjachieved after decoding is of desirable
quality. However, the vector quantization methoeédu this algorithm is very complex and

require the generation of codebook which can irsgre@mmputational cost.

Ashok et al (2010) proposed an algorithm for fipgart image compression based on wave
atoms decomposition. This method was used forsspeepresentation of fingerprint images
since they belong to a category of images thatlaseismoothly in varying directions. In the
proposed method, 2-dimentional wave atoms decoriposvas applied on the original image in
order to efficiently capture coherence of the fipgmt images along and across the oscillations
(Ashok et al, 2010). Wave atoms decomposed cosfie with values close to zero are
discarded without significant degradation in imapgglity. An appropriate global threshold is
used to achieve desired transmission rate aftechwhignificance map matrix and significant
coefficients are generated. Significance map madrix of binary values that indicates the
presence or absence of significant coefficientpsctgic location. According to Ashok et al
(2010) the significance map is divided into non+teygping blocks of 4x4 and they are quantized
using K-means vector quantization scheme. Thefgignt coefficients are quantized using a
uniform scalar quantizer. Quantized significancapnand significant coefficients are encoded
using an arithmetic entropy scheme. The model wpsrted to achieve better peak signal to
noise ratio (PSNR) than the wavelet scalar quamizg WSQ) standard. However, the global
thresholding strategy used for image de-correlasarot optimal. Level-dependent thresholding

is more robust and efficient.
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Kumar et al (2010) proposed a SPIHT based fingerpcompression algorithm. The set
partitioning in hierarchical trees (SPIHT) is a nfigdl version of the embedded zerotree wavelet
method. It used DWT decomposition of image sigasing biorthogonal and orthogonal
properties of wavelets. The method achieved a cesspon ratio of 20:1. The SPIHT problem is

the inability to preserve featured pattern of fiqgyant images.

Krishnaiahet al (2011) proposed 5/3 discrete waviedsform (DWT) for fingerprint image
compression and reconstruction with the SPIHT algar. Experimental results were obtained
using 9/7 and 5/3 wavelet transforms for differgmies of fingerprint images. The experimental
results showed that the proposed method, that3swavelet transforms approach consistently
outperforms 9/7 wavelet transforms approach on efipgnt images for lossless image
compression, in terms of compression ratio (CR)aiMequare error (MSE), Peak Signal to noise
ratio (PSNR), Encoding time, decoding time andgfarming time or decomposition time. This
is a lossless compression algorithm and the corsjpresatio that can be achieved lossless
technique is less than 5:1.

Muhsenet al (2011) proposed a methodology for Ifssyerprint compression using wavelet and
optimal re-quantization approach. 9/7 waveletdfarm was used to decompose the image to
form coefficients which were optimally re-quantizeding generated codebook. The output
stream of coding symbols were entropy coded usinglength encoding scheme. However, in
this scheme the generation of codebook requiredtiadal computational resources for

implementation.

Gangwar (2012) presented a fingerprint image cosgiwa technique using the Haar wavelet
transform for image decomposition. Elimination redundancies was presented to achieve
reduced computation and storage costs. Howewuerigbhnique fell below international image
compression standard as it excluded vital stagegiaftization and entropy coding of a typical

image encoder.
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Shakhakarmi (2012)performed an experiment that eyeol different wavelets to deploy
cascaded filter banks to achieve fingerprint imagecomposition and reconstruction.
Significantly, the multiscale analysis of 2D fingant image at stage-4, produced a better result
for wavelet filters in comparison to the resultabed withFast Fourier Transform (FFT) and
Discrete Cosine Transform (DCT) based filters. Tinefficiency of FFT and DCT for image
compression has been established as they prodimedny artifacts. A comparative study with

these techniques is not rigorous enough for aceyuagement.

Libertet al (2012) conducted a study to compareffects of WSQ and JPEG 2000 compression
on 500 pixel per inch (ppi) fingerprint imageryaatypical operational compression rate of 0.55
bpp (bits per pixel), corresponding to an effecto@mpression ratio of approximately 15:1.
More significantly, the study revealed that whilREL> 2000 exhibited a small advantage over
WSQ with respect to PSNR comparison, frequency tap@accomparison shows that WSQ is
better tuned to the preservation of fingerprintdeas than JPEG 2000. However, JPEG 2000 is
considerably more stable over multiple compressiyamies. WSQ compression ratio is limited to
15:1 while JPEG2000 does not adequately presergentimutia features of fingerprint at

compression ratio higher than 20:1.

Shanavaz and Mythili (2012) presented a techniguevolution of wavelet lifting coefficients
for fingerprint image compression to enhance comdput efficiency. In this work wavelets
were evolved with resized and cropped images. g&opmages performed better in wavelet
lifting coefficients. It adopted the SPIHT codehish required the use of codebooks and

produced blurring effect in fingerprint images aher compression ratio.

Islam et al (2012)investigated Coiflet-type wavddased fingerprint image decomposition using
wavelet packets. For all Coiflet-type wavelets$fedent global thresholding values were used at
constant decomposition level 3. It was found tat Coiflet5 achieved better compression for
the same image using wavelet packets than wavéfetisis study, global threshold strategy was

adopted and it is less robust compared to levetgent threshold strategy.
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Singla et al (2013) conducted a comparative studwavelet-based compression on medical
images. The performances of Haar, Daubechies,le€aihd Biorthogonal wavelets were
compared. The comparison was based on differeatrgters to measure the image quality and
the methods’ compression ratio. The study shoviredl Coiflets transform produced higher
compression rate for ultrasound and mammographgesi@ompared to other wavelets using
PSNR quality measure. However, the mean squared was not determined to evaluate the

extent of degradation or distortion in the images.

Conclusion

In this paper, a review of different methodologiegproaches to fingerprint image compression
based on the wavelet algorithm is conducted. Foensurvey of the existing wavelet-based
image compression methods, the problems that haga llentified include: the limitation of
WSQ standard to a compression ratio of 15:1 whmbllct be improved with better algorithm.
High complexity of image encoding process of thisteng techniques is also a problem. Most of
the existing methods require the generation of lsodks or lookup tables which require
additional computational cost for implementatioAdditionally, significant degradation in the
biometric features of fingerprint at compressioriiorahigher than 15:1 remains a major
challenge. Therefore, the signal processing céipatu efficiently process fingerprint images in
transform domain, quantize and encode them formop&id compression to achieve cost-
effective data storage and transmission in biometystems has become a priority.The use of
biorthogonalcoiflet wavelets to achieve superiorfgrenance in terms of better rate-distortion,
better perceptual quality, and lower computatiocamplexity over the standard CDF 9/7
wavelet is therefore recommended.
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