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ABSTRACT

Fingerprint images are used not only for criminal records, but also for applications
such as social welfare, pension benefits, identity cards, passports, motor vehicle licenses,
voter registration, immigration, work permits, customs and other security systems. To
meet these needs, fingerprints must be processed digitally. The size of fingerprint data-
bases increases rapidly because more and more facilities rely on fingerprints. For exam-
ple, there are 30,000 new fingerprint cards a day in the U.S.A. along. Consequently, the
need to reduce the size of fingerprint storage has become very urgent.

A decompressed fingerprint image can be either classifed by automatic fingerprint
identification systems (AFIS) or submitted in court as an evidence. The reconstructed
image must keep the relations of the minutiae of a fingerprint for identification. Lossless
compression techniques can reconstruct an image without any change, but with a poor
compression ratio about 2:1. Lossy techniques can reach compression ratios of hundreds
to one, but at an expense of a poorer quality of the reconstructed image.

This thesis develops two new techniques for grey-scale fingerprint image compres-
sion, quadtree decomposition with multifractal analysis (QDMA) and wavelet packet with
multifractal analysis (WPMA). Considering the limitations of the human vision system,
the QDMA and WPMA use a wavelet transform guided by a multifractal measure to
obtain the best reconstructed image in terms of a higher peak signal to noise ratio (PSNR)
at the lowest bit rate. The fingerprint images and the corresponding wavelet coefficients
are considered to be an approximation of strange attractors and can be analyzed by their
multifractality. Wavelets can not only provide the grouping of subband information and
the highest compression for optimum bit allocation (quantization), but also an optimum
synthesis (combination of subbands) by the inverse wavelet transform to achieve the high-
est image quality. Using the QDMA technique, the compression ratio can reach 13.95:1
with 28.06 dB PSNR, while the compression ratio of WPMA can exceed 17.7:1 with
PSNR up to 28.57 dB. The QDMA and WPMA techniques can make the reconstructed

image with good quality for identification or as an evidence in court cases.
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Chapter 1: Introduction

CHAPTER 1

INTRODUCTION

Fingerprint images are used not only for criminal records, but also for applications
including social welfare, pension benefits, identity cards, passports, motor vehicle
licenses, voter registration, immigration, work permits, customs and other security sys-
tems. To meet these needs, fingerprints must be processed digitally. The size of finger-
print databases increases rapidly because more and more facilities rely on fingerprints.

Before the FBI Identification Division was established in 1924, 810,000 finger-
print cards were collected by the National Bureau of Criminal Investigation [Unit87]. By
1992 this collection had expanded into 25 million cards [HoPr92]. To store a fingerprint
card in an electronic format, the FBI follows the image capture standard established by the
National Institute of Standards and Technology (NIST). A fingerprint card requires 9.8
MB of memory space (39 square inches scanning size with a resolution of 500 dots per
inch, dpi, and 8 bits per pixel, 8 bpp). To store 25 million fingerprint cards requires an
astonishing 245,000 GB of memory space. The purpose of this thesis is to find a new and
better image compression technique for fingerprints.

The quality requirement for a decompressed fingerprint image is higher than for
other images (such as Lena) because the reconstructed image can be identified and submit-
ted in court as a evidence. The relationship of the minutiae of a fingerprint is the key for
identification. That means the reconstructed image must reproduce the minutiae clearly.
The objective of this thesis is to maximize the compression ratio, while minimizing the
redundancy of the decompressed image.

Considering the limitations of the human visual system (HVS), we believe that
transform coding techniques based on entropy reduction can reach our goal of the best
reconstructed quality with the highest compression ratio. There are many transform cod-
ing techniques. In this thesis, we focus on the wavelet coding technique because every

function in a wavelet basis is a dilated and translated version of one prototype (mother)
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wavelet. That allows local transformation to be carried out more successfully than other
techniques such as discrete sine transform (DST), discrete cosine transform (DCT) and
discrete Fourier transform (DFT) [Kins91]. That is the reason why wavelet scalar quan-
tization (WSQ), the FBI fingerprint compression standard, selects the wavelet transform
instead of others.

In this thesis, we use the iterated function system (IFS) concept to explain that
images (spatial signals) are to be analyzed from the point of view of strange attractors

[Kins95]. The coefficients of the wavelet transform (a projection from R to L2) can also
be analyzed as a strange attractor.

We say that f(a) is the fractal Mandelbrot dimension (D,,, ,/) of the o subset

[Kins94]. The Holder exponent o (singularity of a fractal) is analogous to the energy,
while f (o) is analogous to the entropy as a function of energy [Kins95]. Since the wave-

let transform coefficients can be analyzed as a strange attractor, we can use the multifractal
spectrum (f (o) ) to analyze the entropy of the wavelet transform singularity (i.e., Holder

exponent 0. of the wavelet transform coefficients).

Based on the fact that the larger the wavelet coefficient is, the more important it is
for the quality of the reconstructed image, we can simply regard those small wavelet coef-
ficients as redundancies. However, the Gibb’s phenomenon [Ans093] [OpWY75]
becomes more evident while increasing the compression ratio. The reason is that the same
magnitude of the transform coefficients does not contribute equally to the quality of the
reconstructed image.

In this thesis, we propose two new techniques, quadtree decomposition with multi-
[fractal analysis (QDMA) and wavelet packet with multifractal analysis (WPMA), which
can solve the problem of determining the redundant subbands of wavelet decompositions.
These new techniques can improve the accuracy of bit allocation and reduce the quantiza-
tion error. Thus, the compression ratio can be increased without lowering the quality of
decompressed images.

There are five experiments in this thesis. The first three experiments (zonal masks,
direct thresholding and zerotree [Shap93]) are based on the idea that the larger the trans-

form coefficients the more important for the reconstructed image they are. In the zerotree
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technique, the emphasis is on the importance of different subbands, i.e., the parent-chil-
dren relationship (explained in Ch. S). But the parent-child relationship cannot tell which
subband is more important than others. Applying the multifractal spectrum analysis to
each subband, we can easily find the pruned subbands and achieve the best grouping of
subbands for bit allocation and synthesis of the inverse wavelet transform.

There are several other lossless and lossy techniques for fingerprint image com-
pression, including differential data compression (lossless) [SaAu92], B-spline function
representation (lossy) [CGTL92), and the WSQ. The compression ratio varies from 1.5:1
(lossless) to 20:1 (WSQ). Our QDMA can reach a compression ratio (CR) of 13.95:1
(0.5734 bpp) at 28.06 peak signal to noise ratio, PSNR, while the WPMA can achieve CR
of 17.7:1 (0.4519 bpp) with 28.57 dB PSNR.

This thesis is organized into six chapters. Chapter 2 provides a general introduc-
tion to fingerprint interpretation and data compression. Entropy coding, transform coding,
bit allocation and quantization techniques are discussed in this chapter. Chapter 3 presents
the theory of the wavelet transform. Chapter 4 describes the theory of fractals and multi-
fractals. We develop an iterated function system (IFS) image to explain the greyscale
images as strange attractors. With this approach, we can use the multifractal measures for
wavelet transform coefficients. Chapter 5 presents experimental results from five experi-
ments. The first three experiments: zonal filtering, direct thresholding, and zerotree cod-
ing use either spatial location oriented or magnitude oriented techniques to find the best
coefficients. Unfortunately, these techniques cannot reach our goal, higher PSNR with
lower bit-rate. We propose a new technique, to solve the problem. Two experiments
(QDMA and WPMA) are used to apply the new technique. Finally, conclusions, contribu-

tions and recommendations are presented in Chapter 6
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CHAPTER 2

FINGERPRINT INTERPRETATION AND IMAGE
COMPRESSION

A fingerprint card (Fig. 2.1) records one of the biological properties of a person.
The a (A) and ¢ (T) in Fig. 2.1 stand for arch and tented arch respectively, and the capital
letter is reserved for the index fingers [Chap41]. To file a fingerprint card efficiently, the
classification of fingerprints is necessary. The dots, bifurcations, islands (hollow circles
and ovals), points where ridges suddenly end, and extremely short ridges are the essential
characteristics for fingerprint classification and evidence for courts [Unit78)]. For finger-
print compression, the reconstructed image must reproduce these minutiae clearly.

Compression techniques for fingerprints can be classified as lossless or lossy.
Lossless techniques remove the redundancy which can be added back, so the decom-
pressed data and the original data are identical. The disadvantage of lossless techniques is
the low compression ratio, usually in the range of 2:1; for example, the differential data
compression method can achieve a compression ratio 1.5:1 {SaAn92]. Lossy techniques
remove entropy from the data and can achieve higher compression ratio; for example, the
wavelet scalar quantization (WSQ), the FBI standard for fingerprint image compression,
uses entropy reduction and can achieve a 20:1 (average) compression ratio at the expense
of the quality of decompressed images.

Considering the limitations of the human visual system (HVS) and the quality
requirement for a decompressed fingerprint image, we believe that lossy (entropy reduc-
tion) techniques can reach our goal (the best reconstructed quality with the highest com-
pression ratio). There are many lossy techniques [Kins91]. In this chapter, we focus on
transform coding techniques.
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RIGRT HAND
3. Middle Finper

§. Little Finger

LEFT HAND
8. M:ddle Figer

Fig. 2.1. A fingerprint card.

2.1 Types of Fingerprints and Their Interpretation

A fingerprint is the mark that the ridges of skin on fingers and thumbs leave on
objects touched. Our fingerprints are perfectly formed seven months before we are born.
The fingerprint is unique. In this world of approximately four and one half billion
humans, each with ten fingerprints, there is not one fingerprint exactly like another. Even
twins who look exactly alike have different fingerprints [Darr77].

Fingerprints may be resolved into the following three large general groups of
types: loop, arch and whorl [Chap41]. Each group bears the same general characteristics
or family resemblance. The types may be further divided into sub-groups by means of the
smaller differences existing between the types in the same general group. Table 2.1 lists
the groups and sub-groups.

Statistical data show that loops occur in about 65 percent of all fingerprints, whorls
in about 30 percent, and arches in the remaining 5 percent [Chap41].
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Table 2.1. Types of fingerprint.

ARCH LOOP WHORL
Plain arch | Radial loop | Plain whorl
Tented arch | Ulnar loop | Central pocket loop
Double loop
Accidental whorl

We shall first review a few technical terms used in fingerprint work. Figure 2.2 is
a simple sketch to show the character of the three fingerprint types. More fingerprint
images are included in a database [JaKi97]. A pattern area is enclosed by type lines. The
pattern area can have cores, deltas, and ridges which are used in classifying fingerprints.
Type lines may be defined as the two innermost ridges which start parallel, diverge, and
surround or tend to surround the pattern area. The thick lines A and B in Fig. 2.2 (b) are
the type lines. Delta is the first ridge or part of a ridge nearest the point of divergence of
the two type lines. The core is placed upon or within the innermost sufficient recurve. It
is important to concern ourselves with the core of the loop type only. For loops and
whorls, the pattern area is used for classification and identification. On the other hand,

arches or tented arches have no no particular boundary to define the pattern area.
\‘ // \

(@ (b) ()

Fig. 2.2. Three major types of fingerprint: (a) arch, (b) loop, and (c) whorl. [after[Unit78]]

—6-—
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A core or sufficient recurve, a delfa, and a ridge count across a looping ridge are
the three essential features of a loop type. In the whorl type, at least two deltas are present
with a recurve in front of each delta. The arch type has no pattern area. The accidental
whorl is a pattern consisting of a combination of two different types of pattern, with the
exception of the plain arch, which has two or more deltas, or a pattern which possesses
some of the requirements for two or more different types, or a pattern which conforms to
none of the above definitions.

2.2 A Model of the Human Visual System

The physical properties of the optical transmission pathway through the iris to the
retina produce a low-pass spectral response which, when combined with the high-pass
characteristic due to interconnection of the receptors gives an overall band-pass response.
Associated with this spatial response is a logarithmic amplitude non-linearity due to adap-
tation to background luminance necessary for the eye to function over a wide range of
average scene intensities. The fact that the eye has preferred regions of spatial frequency
response and a non-linear amplitude response mechanism can be utilized to develop better
coding algorithms.

Figure 2.3 shows a 32 gray-scale bar chart. Although the intensity of the stripes is
constant, we actually perceive a brightness pattern that is strongly scalloped, especially
near the boundaries. This phenomenon is called the Mach band effect [WoGo92].
Although there are 32 gray-scales in Fig. 2.3, the HVS cannot precisely distinguish them,
especially near both ends of the chart. That is caused by the band-pass characteristic of
the HVS.

The bandpass spatial frequency response of the eye has led to numerous attempts
to improve coding efficiency by preferentially allocating bits to the frequency region (or to
the corresponding transform coefficients) to which the eye is most sensitive. The trans-
form coefficients corresponding to the most sensitive part of the HVS spatial response are
preferentially weighted with respect to the others and so receive a higher bit allocation
(i.e., more accurate quantization) than others [Clar96]. Such data encoded for human per-
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ception will be referred to as signals in this thesis.

w
0 2 8 8

Ll
651
161
X4/
SST

Fig. 2.3. A gray-scale bar chart with 32 levels.

2.3 Data Compression

As illustrated in Fig. 2.4, source data are operated upon according to a particular
algorithm to produce compressed data. This compression of the original data is some-
times referred to as an encoding process, with the resuit that the compressed data is also
called encoded data. Reversing the process, compressed data is decompressed to produce
reconstructed data. Since this decompression process results in the decoding of the com-
pressed data, the result is sometimes referred to as decoded data.

(7]

Source data -1
»| Data compressor » &

g3

Compressed data | =- 8

® 3

- - =
Decompressed data Data decompressor %_
(recontructed data) =

Fig. 2.4. Basic data compression block diagram.
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Data compression techniques may be grouped into two classes: redundancy reduc-
tion and entropy reduction [Lync85]. A redundancy reduction operation removes, or at
least reduces, the redundancy in such a way that it can be subsequently re-inserted into the
data. Thus, redundancy reduction is always a reversible (lossless) process. An entropy
reduction results in a reduction of information, since entropy is defined as the average
information. The information lost can never be recovered, so an entropy reduction opera-

tion is an irreversible (lossy) process.

2.3.1 Compression Ratio

The degree of data reduction obtained as a result of the compression process is
known as the compression ratio. This ratio measures the quantity of compressed data in

comparison with the quantity of original data

R, = Bk @2.1)

where R, is the compression ratio, p is the number of symbols in the original data, k is the
number of bits per symbol in the original data, q is the number of encoded codewords pro-
duced by the compressor, and n is the number of bits in an encoded codeword [Kins91].
Thus, pk is the storage size of the original data and gn is the storage size of the com-
pressed data. For example, R, = 4 (compression ratio is 4:1) indicates a compression by
75%. From Eq. 2.1, it is obvious that the higher the compression ratio the more effective

the compression technique employed.

2.3.2 Compression Quality, PSNR

Since reversible (lossless) compression techniques always perform a perfect
reconstruction (decompressed data is the same as the original data), there is no distortion
between the original and decompressed data. For most image compression applications,
we use the peak signal-to-noise ratio (PSNR) parameter to measure the distortion of the

reconstructed image. For a 256 gray scale image, the PSNR is defined as
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2552
PSNR = 10log ez [indB] 2.2)

where MSE is the mean square error, the average of the energy of the difference between

the original and the reconstructed image:

N
Y (-1’

- i=1
MSE = — 2.3)

where N is the total number of pixels in the image, x; and X, are an original and a recon-

structed pixel, respectively.

2.3.3 Information Measurement, Entropy

Information is defined in terms of a measure of uncertainty. The less likely a mes-
sage, the larger its information, and the more likely a message, the smaller its information.
The information content of the ith symbol of a discrete source (i.e., a source with no
dependence between successive symbols) is called the self-information [Lync85] and is
given by

I; = -log,p; [inbits] (2.4)

where p; is the probability of the ith symbol and /; is its information.

We will first consider the concept of entropy, which is a measure of uncertainty of

a discrete random variable. For data (image) with n possible discrete symbols or gray lev-
els with probability of occurrence p, to p,, the average of all /; (1 <i<n, defined in Eq.
2.4) of the data is defined as the entropy (&) of the data:

n
H= -Zpilogzpi 2.5)

i=1

—-10-
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The entropy is used in information theory to denote the average number of bits
required to present each symbol or gray level of the data (image).

2.3.4 Data Compression Techniques, Statistical Coding

There are many compression techniques [Kins91] either lossless (redundancy
reduction) or lossy (entropy reduction), but in this thesis we will focus our attention upon
two data compression methods in each group: statistical coding for redundancy reduction
and transform coding for entropy reduction. The transform coding techniques will be dis-

cussed in Section 2.4 on image compression, transform coding.

2.3.4.1 Statistical Coding

Statistical coding takes advantage of the probabilities of occurrence of each data,
so that short codes can be used to present frequently occurring data, while longer codes
are used to represent less frequently encountered data. The statistical coding process can

be used to minimize the average code length of the encoded data. Since it needs rlogzn-l

(an integer value greater than log,n ) bits to present an image with n gray scales, its redun-

dancy is defined as
R = log,n-H (2.6)

where H is the entropy of the image, defined in Eq. 2.5.

In this section we will use Huffman coding as an example to explain how statisti-
cal coding works and how it applies to data compression. Huffman coding is a procedure
for encoding a statistically independent source in such a way as to yield the minimum
average encoded word length. Huffman codes have a prefix property, which means that no
short code group is duplicated at the beginning of a longer group. The prefix property of
the Huffman code ensures that the code is uniquely decipherable. A coding procedure
flowchart and an example are shown in Fig. 2.5. For a more complete description of this
class of codes, see [Kins91].

—11-
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Calculate the probability
for each event
Arrange the event 0
prob:giilllitios in Probability — L0
desce rder [
g o 0.4 Ji.‘ 1
0.2 7
ombine the two low 0.1 5
'| probabilities 0.20
01 7 o4
0
N 01 T2
o 1
0.1 -
Yes
ign a 0 to the upper membe
and an [ to the lower member
b "
of cachcombined pair | o bability  Huffman code
04 1
Trace the path from unity 0.2 01
to each event then write
the 0 - 1 sequence from 0.1 0000
left to right
0.1 0001
0.1 0010
0. 011
Output the encoded 1 0
Huffman code

Fig. 2.5. Huffman coding flowchart and example.
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The average code length is computed by the formula:
Laverage = ZLI' P; .7
L4

where p; is the probability of the ith symbol or level, and L; is the ith encoded Huffman

code length. The Lgy,pge. (Eq. 2.7) is found to be 2.4 bits for this Huffman code. The
entropy (Eq. 2.5) is computed to be 2.3219 bits. The redundancy (Eq. 2.6) is calculated to

be 0.263 bits. The efficiency is defined as:

Efficiency = H .10 [in %] 2.8)

average

and for this code is 96.75%.

2.4 Image Compression Techniques, Transform Coding

Transform coding involves a linear transformation in which the signal such as an
image is projected to a transform space, a quantization which quantizes the transformed
coefficients for transmission or storage, and an inverse transformation to get the recon-
structed signal. It should be remembered that the transformation itself is not providing the
compression, but rather it is mapping the signal into another domain in which compres-
sion can be accomplished more easily. Transform coding methods belong to lossy com-
pression methods because of the quantization error. For gray-scale image compression
due to the restriction of the HVS (see Sec. 2.2), we reduce the entropy during the quantiza-
tion. The compressor deals with those quantized coefficients. In most cases, the compres-
sor uses lossless compression methods to compress those quantized coefficients because
the entropy has already been reduced in the quantization stage. A block diagram of how

transform coding applies to compression is shown in Fig. 2.6.

-13-
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M
X Linear transform
, " UX;U;
: o
J
Quantization and
Optimum bit allocation
N = 1]
Original Image 238 Compression
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B % " Decoding
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Fig. 2.6. Transform coding block diagram of a two dimensional image.

To make transform coding practical, a given image is divided into small rectangu-

lar blocks with i rows by j columns, and each block is transformed independently. The U;
is an i X i unitary matrix, U, is the conjugate of U, Vjj is the decoded transform block, and
the X;; , Y}; are the original and reconstructed blocks, respectively. For an N x M image
divided into NM/ij blocks (Fig. 2.6), the main storage requirements for implementing the
transform are reduced by a factor of NM/ij. The computational load is reduced by a factor

- 14~
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log, NM

log,ij

of for a fast transform requiring O (log,N) operations to transform an N x /

vector. For a 512 x 512 image divided into 16 x 16 blocks, these factors are 1024 and
2.25, respectively. Although the operation count is not greatly reduced, the complexity of
a hardware or software for implementing small-sized transforms is reduced ;.;igm’ﬁcantly.
However, smaller block sizes yield lower compression. Typically, a block size of 16 x 16

is used.

2.4.1 Quantization

Amplitude quantization is the procedure of transforming a given input signal
amplitude x(#) at time ¢ into an amplitude y(¢) taken from a finite set of possible ampli-
tudes. In this Section, we will assume the important simple situation of memoryless and
instantaneous quantization, a procedure where the transformation at time & is not affected
by earlier or later input samples. When dealing with memoryless quantizers, we will drop
the time index, and use symbols such as x instead of x(¢). The mapping

y=0(x) (29

is the quantizer characteristic, a staircase function, as shown in Fig. 2.7. There are four
types of O(x): nonuniform midrise; uniform midrise; nonuniform midtread and uniform
midtread. The difference between midrise and midtread type depends on whether zero is
one of the output levels or not. For a uniform quantizer Q(x), the quantization step (A) is

defined as:
A=x 1~ =Y 1~V k=12,.,L-1 (2.10)

where L is the number of quantization steps, the amplitudes y, are called the representa-
tion levels or the reconstruction values, and the amplitudes x; are called decision levels or

transition levels.

-15-
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Quantization error (Er,) is defined as the difference between x and y. Apply Eg.

2.9 and we get

Erq =x-y =x-0(x) 2.11)

[ S
y
354----m-mmy .
2.54----- vl
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‘TV +— P 0/' J{ i ﬁiv >
a4t 13 052 |
A 4 ol B
Lower . 7 T -1
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D ANE SR
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Er‘l : : /'
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4

Fig. 2.7. Illustration of the deterministic nature of quantization error in zero-memory
uniform quantization (step size A = 1).

Let x, be a zero-mean random variable with probability density function (PDF)

p(x). The variance o: is defined as:

- 16~
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2 2
oi= E[X’]= [s’p(n)dx (2.12)

The quantization error (Eq. 2.11) is also a random variable and its variance 0': is

defined as:
) L *te1 )
6= X [ -y)p(xdx (2.13)
k=1 X

The quantization error variance is the most important quantity for comparing the

performances of a quantizer. The signal-to-noise ratio can be written as:

2

v}
SNR = lOlogw(—;] [in dB] (2.14)

Sy
A uniform quantizer is of interest because of its simplicity. The p(x) is constant
within each input interval (i.e., the input probability density is uniform over the quan-
tizer’s range). By giving equal intervals between the transition levels and the reconstruc-
tion levels, the uniform quantizer is also called a linear quantizer. For simplicity, we
assume that the contribution of the overload region is negligible, so Eq. 2.13 becomes

X

(2.15)

L-1 3
[x-y,]
o,= Zp(xo{ = }

k=2

Xg-y

From Egq. 2.10, we get x, = yk+% and x, _, = yk-%. Substituting these values into

Eq. 2.15 gives

L-1

2 1 3
Cq~ ﬁEZP (x) A (2.16)

-17-



Chapter 2: Fingerprints Interpretation and Image Compression

However, since

L-1
Y p(x)A=1 @.17
k=2

substituting Eq. 2.17 into Eq. 2.16, the variance of quantization error will be:

2
2_A
=1 (2.18)

For the uniform quantizer, the PDF is

_ 1
p(x) = 3V (2.19)

where -V <x< V. Substituting Eq. 2.19 into Eq. 2.12, we get

X

G = K:. (2.20)

Since

A= 2 forL>>2 @.21)

L bl

then substituting Eq. 2.18, Eq. 2.20 and Eq. 2.21 into Eq. 2.14, the SNR of uniform quan-

tizer is
SNR = 10log L* [indB] (2.22)

If we use a binary code for L, then L = 2™ and Eq. 2.22 becomes

SNR = 20nlog ,2=6.02n [indB] (2.23)

~18—
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Equation 2.23 indicates that for every increasing bit of the uniform quantizer the
SNR will be improved by 6 dB. Although Eq. 2.23 was derived by simplifying assump-
tions, this linear relationship between SNR and n, the quantization bits, indeed holds for
other memoryless sources and quantizers. If the input signal PDF is uniform and a uni-
form quantizer is used, Eq. 2.23 predicts how many quantization bits are needed to
achieve a certain SNR, or alternatively, for a given SNR value we can obtain the minimum

number of quantization bits required by the quantizer.

2.4.1.1 Vector Quantization

Vector quantization (VQ) is one of the lossy compression techniques (Sec. 2.3).
According to Shannon’s rate-distortion theory, a better performance is always achievable
in theory by coding vectors instead of scalars [Gray84]. Vector quantization groups a
number of input data as a vector and quantizes the vector instead of one data at a time such
as the scalar quantization (Sec. 2.4.1) [CORG93]. The vector quantizers codebook design
is the core technique of VQ that dictates the performance of the vector quantizer (encod-
ing speed and quantization error). In Nasrabadi and King’s review article [NaKi88]}, many
codebook design algorithms are described. However, the Lloyd [Lloy79], LBG (Linde,
Buzo and Gray) [LiBG80] and Kohonen Map [Koho90] are the most used algorithms
[XuK093]. In chapter 5, we will show the result of applying the Lloyd algorithm to com-

press an image.

2.4.2 Transform Coding

Transform coding is also called block quantization {HuSh63]. A block of data (X)
is unitarily transformed by a unitary matrix U, so that a large fraction of its total energy is

packed in relatively few transform coefficients (8, ..., 8),_, ), which are quantized inde-

pendently (Qy, ..., Qy_)- The optimum quantizer is defined as the one that minimizes

the mean square error of the reproduced data for a given number of total bits

-19-
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[WiTa71][Wint72}[ZeNo77]. The block diagram of transform coding is illustrated in

Fig. 2.8.
8(0) 6(0)
Q =
0 ) - §
(1) a(1) k-
Q e |V Y
—)E—h §o'§ e U‘l —
: : : g8
: : : s E
8(N-1) B(N-1) “ B
- — =
Qn-1
e e

Fig. 2.8. Block diagram of transform coding (block quantization).

2.4.2.1 Linear Transformation

The forward and inverse transforms of a N x N image are shown in Eq. 2.25 and
Eq. 2.26, respectively [Jain89]. To ensure that the mapping is a linear transformation and
the inverse transformation exists, the transform matrix U/ must be a unitary matrix. If all
elements of U are real then we can call U an orthogonal matrix [Gold91]. For a unitary

matrix U, it satisfies Eq. 2.24 and its inverse matrix U = U,
(2.24)

UHU=UU”

o = Uxu’ (2.25)

-20-
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X = Ulou* (2.26)

Note that X is the original N X N image; © is the matrix of transform coefficients;

U is the transform matrix; U* is the conjugate of U and UH is the Hermitian transpose of
U. The transformation functions as a projection in which the signal space is .mapped into
a transform space.

Equations 2.25 and 2.26 indicate that the transformation can be performed by first
transforming each column of X and then transforming each row of the result to obtain the
rows of ©. The most popular linear transforms are the discrete cosine transform (DCT),
Hadamard, discrete Fourier transform (DFT), fast Fourier transform (FFT) and discrete
wavelet transform (DWT).

Since U is a unitary matrix, its column vectors are the orthogonal basis vectors. If
the basis vectors are orthonormal, then the average sum of the variances of the transform

coefficients is equal to the variance of the input data.

N-1 N-1

N 3 o0 = v X E[6° 0] = E[076] = LE(X UTvx]
k=0 k=0

= L1e[x"x] = Le[P ] = lEloz = ¢ 2.27)
N N Nk=0 xk x .

where cgk is the variance of transform coefficient 0 (k) , k=0, ..., N-1. Please refer to

Fig. 2.8 for the relationships between ©, X, and U.

2.4.2.2 Characteristics of Transform Coefficients

We use a simple example to introduce the transform coding or block quantization.
Let {x(n)} ,n=0, 1, be an input sequence with x(0) =2; x(1) = 3, and a linear transform

spanned by two column vectors by and b;, where
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1 1
b, = Jli , b= ‘Jf (2.28)
W N7
Apply to Eq. 2.25 in a one dimensional transform only. The transform coeffi-
. 5 -1
cients 8 (0) = —, 8(1) = — are calculated from
(0) 7 (1) 5
11
2 2| -1
- (2.29)
21 L=l ﬁ L2 :
22
. 5 -1 .
The transform coefficients — and — can be expressed in the form
2R *®
8(0) = = = —=[x(0) +x(1)] (2.30)
2002
o() = =L = L(x(0) -x(1)] @31)
S22

Note 6 (0) and 0 (1) represent the sum and difference of the two input samples,

and hence the power of low frequency and high frequency components in {x(n) } . For

minimizing the mean squared error in the reconstruction, we expect that the coefficient

6 (0) is more crucial than 6 (1) . This isolation of low and high frequency components

is precisely the motivation for transform representation (Eqgs. 2.30 and 2.31). The geomet-

rical interpretations for Eq. 2.29 are shown in Fig. 2.9.
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Fig. 2.9. (a) Geometrical interpretation for Eq. 2.29 and (b) new coordinate system.
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Let us consider a population or ensemble of input sequences of length 2
({x(n) } ,n=0,1). Assume for illustration that each of these sequences exhibits a posi-
tive adjacent sample correlation as in Fig. 2.9(a). The members of such an ensemble of
(x(0), x(1)) pairs will occupy the shaded ellipse-like region of Fig. 2.9(b). Points in this
region have the property that their (x, x;) coordinates are highly correlated, while the

(8¢, 0,) coordinates are not. Given the 8, coordinate 6 (0) of a sample point, one

expects the 6 (1) value to be smaller in magnitude.

Figure 2.10(a) shows a 256 sample scan line of an image (256 x 256). The magni-
tude of its DCT is shown in Fig. 2.10(b). From Figs. 2.10 (a) and (b), we can see clearly
that the stationary highly correlated source (scan line) becomes low correlated transform
coefficients after DCT. This result is caused by the characteristic of the unitary transform.
Most unitary transforms have a tendency to pack a large fraction of the average energy of
the image into relatively few components of the transform coefficients. Since the total
energy is preserved, this means many of the transform coefficients will contain very little
energy.

The one dimensional DCT of a sequence {u(r),0<t<N -1} isdefined as

N-1

v(k) = ad) T u() cos[’-"'-%;—”-’f], 0<k<N-1 2.32)
t=0

@(0) = A/;r (2.33)

a (k) =J%, 1<k<N-1 2.34)

The inverse transform is given by

N-1
u(r) = Za(lc)v(k)cosr%—k], 0<rsN-1 (235)
k=0
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Fig. 2.10. (a) A 256-sample scan line of a gray-scale image, (b) DCT of (a), (c) DWT of
(a).
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2.4.2.3 Optimum Bit Allocation

For unitary (orthogonal) transforms, the reconstruction error variance for an input

block is the sum of error variances in the quantization of individual transform coefficients,
21 T 1,.rAT R 2
o, = gEle-n'e-nl = gElo'0]l = 5 ¥ oy = o (2.36)
k=0

where © is the column vector of the transform coefficients, V is the column vector of
quantization reconstruction values (see Fig. 2.8), of is the reconstruction error variance
and ©_ is the quantization error variance. The optimum bit allocation for quantization of

. ) e .. 2
transform coefficients is used to minimize the ¢ 7

We assume that x (input vector) has zero-mean and its elements are random varia-

bles. The average sum of variances E [92 (k)] = 0': of the transform coefficients 0 (k)
equals the variance of the input 0‘5 (defined in Eq. 2.27).
The R, (bits/sample) is needed for coefficients 6 (k) of variance cgk if an aver-

age MSE ozk is not to be exceeded. Values of ozk are in general different and so are the

individual rates R, . In fact, the problem of optimizing a transform coding scheme can be

stated as that of finding an orthogonal (unitary) matrix, and then of finding a distribution

(allocation) of bits R, such that the average coefficient error variance
2 1
o, = Nkzoch (2.37)

is minimized with the constraint of a given average bit rate
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R == = constant (2.38)

To minimize Eq. 2.37 and constrained by Eq. 2.38, the problem is solved in
[HuSc63], and an optimum bit allocation is given by ’

(7
R, = R+3log —% 2.39)

1
2 N-1 N
[H“j]
j=0

where o’? is the variance of quantizerj(j = 1, ..., N-1).

The above result (Eq. 2.39) can be easily interpreted for the example of uniform
quantizers operating without overload. Identical quantization error variances result if all

2
quantizers have the same step size A, and hence the same 6‘2,= % (Eq. 2.18). However,

a coefficient with higher variance needs more levels than a coefficient of lower variance
(as shown in Fig. 2.11), to match dynamic ranges of both the quantizer and the input.
This is indeed guaranteed by the bit allocation result given by Eq. 2.39.
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Pgo(0) Pg1(9)
'

Fig. 2.11. Uniform quantization of coefficients 8 and 8, without overioad. The identical

. e . 2 2 coe .
step size A ensures identical error variances Ga0 and G- The differing numbers of
quantization levels depends on the variance of the input data.

2.4.3.4 Zonal Filters

Bit allocation as discussed above is a complex strategy, especially if it is adaptive.
It involves quantizers with different numbers of levels. It also involves reassignment pro-
cedures. A simpler strategy is called zonal filtering. The image transform is filtered by a
zonal mask (Fig. 2. 12) such that only a fraction of the transform coefficients are retained

and the remaining ones are set to zero. The mask function can be described as

a(kl) =1, k,! located in the zone
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=0, otherwise (2.40)

where a(k,l) is the pixel of a two dimensional image, the zone is the area of the zonal mask
that transmits the transform coefficients.

16:1
Fig. 2.12. Zonal filters for 2:1, 4:1, 8:1, 16:1 sample reduction. Bright areas are pass-
bands, dark areas are stopbands.

2.5 Summary of Chapter 2

This chapter presents the requirement for better fingerprint compression tech-
niques. It is more difficuit to compress a fingerprint image than other images because the
decompressed image can be used in court as evidence. Lossless and lossy compression
techniques are discussed in general. We choose lossy compression techniques for two rea-
sons: to achieve a higher compression ratio and to overcome the restriction of the Auman
visual system (HVS). Transform coding and quantization are also discussed. In the next

chapter, we shall describe the wavelet transform as the basis for fingerprint compression.
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CHAPTER 3

WAVELET TRANSFORM AND PACKETS

Like sines and cosines in Fourier analysis, wavelets are used as basis functions in

representing other functions. Once the wavelet (sometimes called the mother wavelet)

Y (t) is fixed, one can make a basis of translations and dilations of the mother wavelet

{w(%),(a,b) € R*xR}.

Why should we use wavelets instead of the traditional Fourier methods? There are
some important differences between Fourier analysis and wavelets. Fourier basis func-
tions are localized in frequency but not in time. Small frequency changes in the Fourier
transform will produce changes everywhere in the time domain. Wavelets are local in
both frequency/scale (via dilations) and in time (via translations). This localization is an
advantage in many cases.

In particular, the wavelet transform (WT) is of interest for the analysis of non-sta-
tionary signals, because it provides an alternative to the classical short-time Fourier trans-
form (STFT) or Gabor transform [RiVe91]. The basic difference is as follows: in contrast
to STFT, which uses a single analysis window, the WT uses short windows at high fre-
quencies and long windows at low frequencies.

Second, many classes of functions can be represented by wavelets in a more com-
pact way. For example, functions with discontinuities and functions with sharp spikes
usually take substantially fewer wavelet basis functions than sine-cosine basis functions to
achieve a comparable approximation. This sparse coding makes wavelets excellent tools
in data compression. For example, the FBI has standardized the use of wavelets in digital
fingerprint image compression. The compression ratios are in the range of 20:1, and the
difference between the original image and the decompressed one can be perceived only by
an expert [ViIMii93).
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3.1 Time-Frequency Decompositions

Standard Fourier analysis decomposes a signal f{?) into frequency (f = ®/2x)
and phase components and determines the relative strength of each component. It does not
tell us when the signal exhibited the particular frequency. If the frequency content of a
signal were to vary drastically from interval to interval as in a musical scale, the standard
forward and inverse Fourier transform (FT) [AkHa92]

F= [f@ e dr G.1)
f(t)= il;t [ F ¢ do (3.2)

would sweep over the entire time axis and wash out any local anomalies (e.g., bursts of
high frequency) in the signal.

Under such conditions, Gabor (1946) resorted to the windowed, short-time Fou-
rier transform (STFT), which moves a fixed-duration window over the time function and
extracts the frequency content in that interval. This would be suitable for signals that are
locally stationary, but globally nonstationary.

The STFT positions a window g(¢) at some point T on the time axis, and calculates
the Fourier transform of the signal within the extent or spread of the window. When the
window g(¢) is Gaussian, the STFT is called a Gabor transform. The basis functions of this

transform are generated by modulation and transformation of the window function,

F(a,7) = [f()g"(t-7) & dt (3.3)

where ® and T are modulation and translation parameters, respectively, and the * denotes
the complex conjugate.

The window function g(¢) is also called a prototype function, or sometimes, a
mother function. As T increases, the mother function simply translates in time, while
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keeping the spread of the window constant.

Similarly, as the modulation parameter @ increases, the transform simply translates
in frequency, retaining a constant bandwidth. We see that each element 1 (bandwidth of
g(t)) and B, (bandwidth of G(®), Fourier transform of g(#)) of the resolution cell BB, is

constant for any frequency ® and time shift € as indicated by the rectangles of fixed area
and shape in Fig. 3.1.

© A

! 2 ! J
Br [ |

3 Frp— A — e b L | —d b~
2B, ! | [ |
[ I [
L = t

20g F — — — L — l— — 4+ - —_——bke e =—d - —— -
I I I
| I |
@y ! l l

F———fF -t A=k - - ——-
I I I
! ] i
I [ l

L 1 1 . o
Tl 2 13 t
Fig. 3.1. Time-frequency plane showing resolution cells for STFT.
3.2 Wavelet Transform

Unlike the FT and STFT, the wavelet transform is founded on basis functions
formed by dilation and translation of a prototype function (). These basis functions are
short-duration, high-frequency and long-duration, low-frequency functions. They are
much better suited for representing short bursts of high-frequency signals or long-dura-
tion, slowly varying signals.
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¥(w)

O<ax<l ¥Y(w)

s
]§

y(ta) a>1

Fig. 3.2. Typical wavelet family in time and frequency domains.
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This concept is suggested by the scaling property of Fourier transforms. If y(r)
and ¥(w) constitute a Fourier transform pair, then

1 t
(2) e v

where a > 0 is a continuous variable. Thus a contraction in one domain is accompanied by
an expansion in the other, but in a nonuniform way over the time-frequency plane. The

wavelet family is thus defined by scale and shift parameters q, b, as

Vo ® = 2¥(52) 35

a a

and the wavelet transform is the inner product

W(a,b) = [, (Nf*()dt = (Y0 (3.6)

-0

where a € R¥, b €R, and * denotes the complex conjugate.

For large a, the basis function becomes a stretched version of the prototype wave-
let, that is, a low-frequency function, while for small a, this basis function is a contracted
version of the wavelet function, which is a short-time duration, high-frequency function.
Depending on the scaling parameter a, the wavelet function y(7) dilates or contracts in
time, causing the corresponding contraction or dilation in the frequency domain. Thus, the
wavelet transform provides a flexible time-frequency resolution. Figure 3.3 displays the
time-frequency plane showing resolution cells for the wavelet transform.
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© A
t !
r
I |
| |
I [

4 I I

@ F-———— T """ "~ r———--
[ |
| I
| !
I [
I
[ |
| I
I |
I I

2000 | - — — — —~ P —rt———-
| I
| |
| |
| !

@ f———— ——t—— - —— - e e
| I

R e Bt | ettt b
| |
A L >

7l 2 t

Fig. 3.3. Time-frequency plane showing resolution cells for wavelet transform.

3.3 Two Channel QMF Bank

Let h (k) , 0 <k < N be some finite-impulse response (FIR) lowpass filter with real

coefficients. The mirror filter is defined as:
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gt = (- r 0 3.7

or, equivalently, in the Z-transform domain,

G(2) = H(-2)

G(eja)) - H(J(m-n)) (.8)

Using the substitution @ — @, and noting that the magnitude is an even func-

2
tion of @ leads to

o L) | 6

Since this last form demonstrates the mirror image property of H (®) and G (®)

or

(3.9

about @ = ®/2, they are called quadrature mirror filters, or QMF [AkHa92] [RaVH96],

and are shown in Fig. 3.4.

">

H(®), G(w)
H(®w) G(w)

Fig. 3.4. Frequency responses of QMF.
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The QMF filter bank structure is shown in Fig. 3.5. To guarantee the perfect

reconstruction, i.e., X (n) = x(n) , the QMFs must satisfy some conditions.

—~ He) 12

'! T2 * H(2) >

x(n)

x(n)

> Gz ——* |2 T2 " G

-

Analysis stage Synthesis stage

Fig. 3.5. Two channel QMF bank.

In summary of [AkHa92], the conditions for perfect reconstruction in the two-
channel QMF are

H'(Z) - G(“Z) (3.10)

Deo =7

and this can be achieved by the following selection of a

H(2) = -G(-2) G3.11)

G'(2) =H(-2) 3.12)
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N-1
@ Y hkgk) =0 (3.13)
k=0

This demonstrates that the impulse response {h(k)} and {g(k)} are orthogonal to

each other. In the time domain, we have

g) = (- h(N-1-k) (.14)
h (k) = h(N-1-k) (3.15)
g = (-1)*n (k) (3.16)

3.4 Wavelets from Filter Banks, DWT

The objective of this section is to connect the wavelet transform (DWT) and
QMFs. Let A(k) and g(k) be the filter cofficients of lowpass and highpass QMF respec-
tively. The wavelet, W (£), can be constructed from a scaling function. The scaling func-

tion ¢ (f) will be linked to the choice of a lowpass QMF, h(k). The g(k) can be found by
Eq. 3.14.

3.4.1 Multiresolution Analysis

A decomposition of the whole function space into individual subspaces following
a muitiple scales is know as multiresolution [StDS95]. In multiresolution, there are two

families of subspaces, V; and W,, —eo<i<eo. The spaces V; are increasing as i
increases. The spaces W, are the differences between the V. In summary of [ErHJ96],

the family of subspaces V; must satisfy the following four requirements.
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—_ 2

1) VeV, ,andN\V;= {0}and UV, = L GB.17)
@ fnevV,ef@yeV,, , (3.18)
B) f(1) € Voo f(1—k) € V, . @3.19)
(4) V, has an orthonormal basis {¢ (z—k) }. (3.20)

where —= <1< andk =0, 1, 2, ... is the shift time. A function f(r) in the whole space
has a projection in each subspace. Those projections contain more and more of the full
information in f(#). The projection in V; is called f; () .

Now, we identify the second family of subspaces. W; contains the new informa-
tion Af;(t) = f;,, () =f;(t) . This is the detail at level i. From the viewpoint of indi-

vidual functions,

fi() +Af, (1) =f, ., (D (3.21)

and from the viewpoint of the subspaces they lie in, these are

V,OW, =V, (3:22)

i+l

where @ denotes the direct sum. Here, W; is the orthogonal complement of V;, within the
large space V; . Each functionin V;_, is the sum of two orthogonal parts, f; in V; and

Af; in W,. When we start from V,, and add up details (subspaces), then we have

Vo@W,ew e..ew=Vv,_, (3.23)
For the functions in these subspaces, this equation is simply
(&) +Af () +Af, (D) +...+Af, (1) = Af; (D) (3.24)

The construction of wavelets has succeeded by finding the V, through the scaling
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function ¢ (¢). Then the wavelet spaces W, are the differences between V; | and V,.

Similarly for filter banks, we design a QMF lowpass filter h(k), then the highpass filter
g(k) can be found by Eq. 3.14. To maintain this analogy between continuous and discrete
wavelet transforms, Fig. 3.6 shows the filter banks. At each step, the highpass filter pro-

duces the new detail Af;- in W‘

H (42—
H Hi2¢---
fu LAY G 42—
G Mi2 Aft
G H{2 Af;
ADD: fu

Fig. 3.6. Multiresolution of filter banks.

3.4.2 Dilation and Wavelet Equations

Summarizing [ErHJ96}, the dilation equation
0 () = N2X h(K)®(2t-k) (3.25)
k

is a direct consequence of V,cV,. There will be a finite set of coefficients

h(0), ..., A (N) when the function ¢ (¢) is supported on [0, N]. From the orthogonal-
ity of the basis {¢ (t-k)}, we have the following characteristics of the coefficients
h (k).
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Unit vector: Zlh (k) |2= 1

Double-shift: Zh (k)h(k-m)= 0 for m#0
Let us consider the Daubechies 4 wavelet, Daub4, as shown in Fig. 3.7 [PTVF92).

02

0.15¢

e
-

005}

Impulse response

015 1) 00 T30 00 230 W0 3% a00

Time

Fig. 3.7. Mother wavelet of Daub4.

The response h(k) has four coefficients
h(0), (1), h(2), A3) =1 + 3,3+ /3,3 - /3, 1 - /3 times /2/8.
Their sum equals +/2 and their sum of squares is unity. They are orthogonal to their dou-

ble shifts, because #(0)A(2) + h(1)(3) =0. From these coefficients, we construct ¢ (¢) by

solving the following dilation equation

3
0(1) = 23 h(k)0(2t-k) (3.26)

k=0

The scaling functions ¢ (2¢z—k) are orthogonal at each scale separately. They are
not orthogonal across scales. The function ¢ () in Vo isalsoin V,. So ¢ () is not
orthogonal to the basis function ¢ (2¢-k) in V,. Orthogonality across scales comes

from the wavelet subspaces W, and their basis function W, (0.
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The translates of y(f) span W,. The translates of y(2‘) span W;. Those

spaces are orthogonal because Wy V; and V; L W,. The wavelet equation (Eq. 3.27)
produces the wavelet directly from the scaling function:

V() = 2D e (k) o (2e~k) (3.27)

The g (k) can be obtained from a flip construction of A (k),

gk =3 D" rv-k (3.28)
k

For example, from the Daubechies wavelet (Daub4), we start with the four #s. Then the
flip construction (Eq. 3.28) gives the four gs (to normalize, multiply by J218):

2(0), 2(1), 8(2), g3) = 1 - J3,-(3- )3+ 3, -(1 + 3).
Their sum is zero. Their sum of squares (normalized) is 1. They are orthogonal to
their double shifts, because the As are orthogonal to their double shifts. From these coeffi-

cients the wavelet equation gives the Daubechies 4 wavelet y (r)

3
V(D) =2 g(k)o(2e-k) (3.29)
k=0
3.5 Wavelet Packets

The pyramid structured wavelet transform decomposes a signal into a set of fre-
quency channels that have narrower bandwidths in the lower frequency region. The trans-
form is suitable for signals consisting primarily of smooth components, so that their
information is concentrated in the low frequency regions. However, it may not be suitable
for quasi-periodic signals such as speech signals whose dominant frequency channels are
located in the middle frequency region. To analyze quasi-periodic signals, the concept of
wavelet bases has been generalized to include a library of modulated waveform orthonor-
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mal bases, called wavelet packet bases [Wick94] or simply wavelet packets.
In summary of [ChKu93], the library of wavelet packet basis functions

{WP_} = 0 can be generated by
n=

WP,, (1) = J2Y h(k) WP, (2t-k) (3.30)
k

WPy, . (1) = 23 g (k) WP, (2t-k) (3.31)
k

where the function WP, (¢) can be identified with the scaling function ¢ and WP, (7)
with the mother wavelet . Then, the library of wavelet packet bases can be defined to be

the collection of orthonormal bases, composed of functions of the form WPnL th—k) ,

where /, k, € Z, n € N. Each element of the library is determined by a subset of the indi-
ces: a scaling parameter /, a localization parameter k, and an oscillation parameter n. The
tree-structured wavelet transform as shown in Fig. 3.8, provides an algorithmic approach
to represent a function in terms of a certain wavelet packet basis.

The 2-D wavelet (or wavelet packet) basis functions can be expressed by the ten-
sor product of 1-D wavelet (or wavelet packet) basis functions along the horizontal and

vertical directions. The corresponding 2-D filter coefficients can be expressed as

hp (D) = R(RD,

hiyD) = h(k)g(l),

hyy (k1) = gk h(D),

g (k1) = g (k) g () (3.32)
where the first and second subscripts denote the lowpass and highpass QMF characteris-
tics in x and y directions, respectively.

The simplest case is based on tree structured filter banks, which generates wavelet
packets [RaVH96].
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Channel ABBB
. G
A(LL)
B(HL)
(a)
D(LH) C(HH)

Fig. 3.8. The meaning of channel ABBB in (a) frequency decomposition of wavelet
transform domain (wavelet packet) and (b) tree structured representation.

3.6 Summary of Chapter 3

In this chapter, we explained the reason for using the wavelet transform instead of
the Fourier transform or the short-time Fourier transform. The dilation and translation

characteristics of the wavelet transform are advantageous for analyzing a non-stationary
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signal, such as fingerprint images. The discrete wavelet transform (DWT) can be imple-
mented by choosing proper quadrature mirror filters (QMFs). In section 3.3 and 3.4 we
gave a summary of QMFs and the connection between wavelets and filters. The Daub-
echies wavelet (Daub4) that will be used in Chap. 5 was discussed as an exampie. A sum-
mary of a wavelet packet was given in Sec. 3.5. The wavelet packets can provide more
decompositions than DWTs and will be used for our experiments in Chap. 5.

—45—



Chapter 4: Fractal and Multifractal Dimensions

CHAPTER 4

FRACTAL AND MULTIFRACTAL DIMENSIONS

The concept of dimension has various mathematical connotations, the most com-

mon of which is known as the topological (or Euclidean) dimension D, which is an inte-

ger. Thus point, line, plane (surface), and space (volume) have dimension zero, one, two,
and rhree, respectively. The appearance of objects such as the Cantor set (Fig. 4.1) and
Koch curve (Fig. 4.2) triggered a search for a better definition of dimension. As a result,
the concept of dimension was further advanced from integer to fraction.

The fractal dimension D is usually a fraction. A fractal dimension can be inter-

preted simply as the “degree of meandering”™ (or roughness, or brokenness, or irregularity)
of an object [Kins95]. This concept derived from the self-similarity property (power law),
and is related to the logarithmic quotient between the change in the object. There are at
least 19 different fractal dimensions [Kins95], but in this chapter we only focus on the

Hausdorff (alias box counting, or capacity, or Kolmogorov) dimension (D), Rényi
dimension (D q) and Mandelbrot (alias multifractal) dimension (D, ,,) measurements.

We will often use the fractal dimensions either to measure the complexity of an
object, or to assess the number of degrees of freedom of the underlying chaotic process,
such as strange attractors (see Section 4.2). Strange attractors often do have a structure;
they are self-similar (one scale) or self-affine (more than one scale). And they have fractal
dimensions that hold important clues for our attempts to understand chaotic systems.

Recently, Michael Barnsley developed the Iterated Function System (IFS)
[BaHu93] which can approximate many ordinary images by a superposition of the strange
attractors of a limited number of fractal (affine) transformations and each transformation
occurring with a given probability [Vrsc95][FaHV94]. With the IFS concept, we can treat

images as strange attractors. Furthermore, the wavelet coefficients of an image can also
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be considered to be an approximation of a strange attractor [ErKi97] and can be analyzed
by their multifractality.

4.1 Fractals and Self-Similarity

4.1.1 Self-Similarity

Some mathematical fractals, such as the Cantor set (Fig. 4.1) and the Sierpinski
gasket (Fig. 4.3), have properties of both self-similarity and symmetry (mirror symmetry).
To avoid any confusion between symmetry and self-similarity we first review their defini-
tion.

Symmetry itself is one of the most fundamental concepts of human thought. By
symmetry we mean an invariance to change: something stays the same, in spite of some
potentially significant alteration. Mirror symmetry; that is, invariance to flipping sides, is
perhaps the most widely noticed symmetry. The most common type of invariance to
changes in size is called self-similarity or, if more than one scale factor is involved, self-
affinity.

Self-similarity comes in many different shapes and forms. Kinsner [Kins95],
described different kinds of self-similarities such as continuous, discrete, deterministic,
and probabilistic. A few cases of self-similarity are mathematically exact (Fig. 4.1 - 4.4);

however, most instances in the real world are only approximately self-similar.

4.1.2 Fractals

There is no single definition of fractals. Mandelbrot defines it as follows: “a frac-
tal is a set for which the Hausdorff-Besicovitch (fractal) dimension strictly exceeds the
topological dimension™. Fractals can also be called nondifferentiable sets [Kins95]. Rob-

ert L. Devaney defines it as “a subset in R" which is self-similar and whose fractal dimen-
sion exceeds its topological dimension” [Kins94]. Hans Lauwerier defines it as “a
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geometrical figure that consists of an identical motif repeating itself on an ever-reduced
scale” [Lauw91].

Now let us look at some mathematical fractals as examples. All of them have the
properties of self-similarity and symmetry.

Georg Cantor thought up something that one could call the oldest fractal, Cantor
point-set [Lauw91]. He started with the closed unit interval [0, 1], then wiped away the

open middle third (%, %) and repeated the process on the remaining two segments (N = 2)

of length r = % (see Fig. 4.1).

r N(r)

1 1

173 2
— —_ —_— —_ 19 4
- - - - - - - - 127 8

Fig. 4.1. Cantor set.

The Koch curve, illustrated in Fig. 4.2, is generated by the following iterated pro-
cedure. We start off with a line-segment, the base, and remove the middle third. Then,
we fill the gap with the upright sides of an equilateral triangle. In this way, a bent line con-
sisting of four equal line-segments, the so-called motif, results. In the next phase, each
one of the four line-segments is taken as a base and replaced by the corresponding scaled-

down motif.
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A\

r=1 N(r)=1 r=1/9 N(r)=16
r=1/3 N(r)=4 r=1/27 N(r)=64

Fig. 4.2. Koch curve.

The Sierpinski gasket (Fig. 4.3) is obtained by starting with an equilateral triangle.
Then, we divide this equilateral triangle into four smaller equilateral triangles, of which
the middle one is removed. This way, a triangular hole is produced. With the three
remaining solid equilateral triangles we proceed in just the same way, so that three smaller
triangular holes appear. In Figure 4.3, we have carried out just one more step, but the
process can be repeated indefinitely.

The generator of the Sierpinski carpet is the unit square with the central square of

side length -31- deleted. In the next iteration, the central squares of side length é are

removed from the eight remaining squares of side length -;- . Infinite iteration produces the

Sierpinski carpet, approximated by the dark area in Fig. 4.4.
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A

= N(r)=1

Aa

r=12 N(r)=3

Ax

r=1/4 N(r)=9

A

=1/8 N(r)=27

Fig. 4.3. Sierpinski gasket.

r=1 Nr)=1

r=1/3 N(r)=8

r=1/9 N(rj=64

r=1/27

N(r)=512

Fig. 4.4. Sierpinski carpet.
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4.1.3 Hausdorff Dimension of a Fractal

When Mandelbrot introduced the concept of a fractal in 1977, he also introduced
the term fractal dimension, a concept of dimension he based on a definition given by
Hausdorff in 1919 [Kins95].

We use a concept of a neighbourhood, which could be a small region on any shape
(often called a ball or volume element or vel for short [Kins95]), centred on a point on, or
in the vicinity of, the fractal. Note, the neighbourhood in 1D could be a line segment. We

start the measurement with a box (can be any shape) of size r, and count the number
N, (r,) of boxes required to cover the object (fractal). Figure 4.5 illustrates the measure-

ment.

=1}

A

N

Fig. 4.5. r-mesh cubes, scale = 1/r, N, = 19. (After [Kins95])

Repeat the measure with an ever-reducing size r, where r, is the kth measure

size. If there is a power-law relation between r, and N, (r,) as shown below

Ny(rp = (i)D" @1

T
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then the Hausdorff dimension is defined as

logN, (r,
D, = lim gk(k)

r—0 1
log(—)
Te

Table 4.1 lists more Hausdorff dimensions (D ) calculated for different mathe-

(4.2)

matical fractals.

Table 4.1. D, of the Cantor set, Koch curve, Sierpinski gasket

and Sierpinski carpet.

Fractals Hausdorff Dimension (D,;)
Cantor s Dy = 2083
é‘;gl‘f_ 5 D, = ﬁ)’% =126
(Slifg ffsﬁl)u gasket D, = %gg—; ~1.58

4.2 Multifractals

Fractals have greatly increased our ability to describe nature. There are many phe-
nomena in various sciences that require a generalization of the fractal concept to include
intricate structures with more than one scaling exponent. Many of these matters are in fact
characterized by an entire spectrum of components, of which the Hausdorff dimension

(Dy;) is only one. The generalized fractals used to deal with these cases are called multi-
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fractals.

Many strange attractors of nonlinear dynamic systems are multifractals. In this
section we take the Hénon strange attractor as an example and then introduce some multi-
fractal dimensions which can analyze these self-affine objects (multifractals).

4.2.1 Strange Attractor

Strange attractors are among the most important realizations of multifractals. An

attractor of an iteration x, , , = f(x,) is a single point or an indecomposable bounded set
of points to which starting values x, from the attractor’s “basin of attraction” converge as
n — o= A strange attractor is an attractor for which the iterates x, depend sensitively on

the initial x,); that is, arbitrarily close initial values will become macroscopically separated
for a sufficiently large n. Poincaré sections of continuous strange attractors or strange
attractors resulting from maps are fractal dusts with a fractal dimension smaller than the
Euclidean dimension of the embedding space [Schr91][GrOY87].

Michael Hénon introduced a two-dimensional, two-parameter map which is well
known as the Hénon strange attractor. The Hénon strange attractor is generated by the fol-
lowing equations:

X = yi+l-ax; 4.3)

1+

Yie1l = bxi 4.4)

For a = 1.4 and b = 0.3, the Hénon strange attractor after 10,000 iterations is
shown in Fig. 4.6(a). Figure 4.6(b) and (c), show successive enlargements of the small
square in the preceding figure. When the scale is changed (zoom in) we can observe a
Cantor-set like structure. This suggests that we may regard the attractor in Fig. 4.6(c), for

example, as being essentially a Cantor-set of approximately parallel curves.
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b .Y TOPUER VU W
[ -]
L]
(1]
-
-
a

(a) -1.5 -1 -8.5

L
-8.1 L - L L

(b) 0.5 .55 8.6 0.65 0.7 8.7S 9.8 0.8%
X

© ) S :
9.703 @.706 0.70?
X

Fig. 4.6. Hénon strange attractor. (a) the entire attractor, (b)enlargement of portion shown
by square in part (a), (c) another enlargement of squared portion in (b).
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4.2.2 Can an Image be Treated as a Strange Attractor?

By a real world image, we mean an idealized entity that does not really exist, just
as a mathematical line or triangle does not exit [BaHu93]. The real world images capture
intuitive feelings that we have about the visual world. These feelings relate to the way we
interact visually with the physical world; we can look closely at one thing, and from far
away at another. Images feel as though they are analog entities that belong to an infinitely
divisible world. These feelings are not exactly correct; they do not fit precisely with real-
ity, but they allow our brains to cope with the complexity of what they perceive. These
feelings are true more or less, over a range of scales, and to an approximation and they
contain valid information about the nature of the physical world.

Moreover, a real world image cannot be defined as a physical object, such as an
actual photograph, or the actual pattern of light that falls upon the retina of the eye. We
usually perceive photographs (analog or digital) as static objects. That means the resolu-
tion (scale) is bounded, as shown in Fig. 4.7. But this point of view tells us little about the

evolution or generation of a given growing structure [PeJs92].

al-a4 contribute to pixel A

Fig. 4.7. The grayscale of each pixel of a digital image (scanned photograph) stands for
the energy in a certain area (e.g., a box) that is restricted by the resolution.
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IFS fractals can be used to approximate real world images; they have the property
that they are themselves models for real world images, and, at the same time, they are
fully defined by finite strings of zeros and ones. Figure 4.8 shows the Barnsley's fern that
is generated by the following fractal transformations (FT) [FaHV94]

o odld+l]

=
F. ",
n

7] =[085 00d[d [ 0] @6)
Iyl ~ [-004 05|y |o.16]
P x| _ [02 -026][x o] @
] 023 022][y o6

] = [ots 0284 [ o “3)
y ~ Lo26 024)y] " [0.44

with the probability distribution p; = 0.01, p, =0.85, p3 = 0.07 and p, = 0.07.

Figure 4.9 illustrates the successive enlargements of the Barnsley’s fern image.
When we scale up (zoom in), we see that the enlarged image turns to Cantor-set like dust
(Fig. 4.9(c)). Compared to the enlarged Hénon strange attractor as shown in Fig. 4.6(c),
we find that they have the same following properties, (¥, ¥') (next position) is non-pre-
dictable, two different pixels never overlap (i.e., XY # (X Y,) if (x,y,) #
(x4, ¥,)), both are sensitive to initial conditions. Actually, Bamsley’s fern is a strange
attractor and we can present it as a grayscale image, as shown in Fig. 4.9(a).

To answer the question “Can an image be treated as a strange attractor?” our
answer is positive. Barmnsley showed that most ordinary images can be approximated by a
superposition of several strange attractors generated by IFS. That is also the concept he

uses for the fractal compression of images.
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Fig. 4.8. Barnsley’s fern image, generated by Eq. 4.5-4.8. The IFS begins from a starting
image, (a) a square and the iterated images after (b) one iteration, (c) two iterations, (d)

five iterations, (e) 15 iterations and (e) 100 iterations.
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ittt

L .

!i

Fig. 4.9. (a) Bamsley’s fern image, (b) enlarged portion of the square in (a), (c) enlarged
portion of the square in (b). In (c) we find that the image turns into points.

4.2.3 Multifractal Dimensions

As we already know, self-similarity and self-affinity are indicators of fractal struc-
tures. This means that the mathematical fractals could be scaled indefinitely towards
either of the two limits: 0 and «=. However, morphological self-similarity may not imply
self-similarity in other measures such as entropy, spectrum, or variance [Kins95].

The morphological-based dimensions, such as Dy, can be used if the distribution
of a measure (such as probability) is uniform (i.e., if the fractal is homogeneous) or the
information about the distribution is not available. For those inhomogeneous fractals
(such as the Hénon strange attractor) we have to use entropy-based dimensions. This class
of dimensions includes: information dimension, correlation dimension, Rényi generalized
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entropy dimension, and multifractal (Mandelbrot) dimension. In this section we only
focus on the last two dimensions because the information and correlation dimensions are a

special case (¢ = 1 for information and q = 2 for correlation) of the Rényi dimension.

4.2.3.1 Rényi Dimension

In 1955 the mathematician A. Rény attempted to generalize the concept of entropy
of a probability distribution, H 2 (Eq. 4.11). First let us consider a covering of N, vels,

each with diameter . Assume that the jth vel is intersected by the stochastic fractal (such

as Hénon strange attractor) with a frequency n z We can then define the probability (rela-

tive frequency) of jth vel as:

p; = hm 4.9)
J JREN

_J
Ny
where the total number of points in all the vels is
N’
= Z n; (4.10)
=
The Rény entropy is defined as:
H = ——log ¥ p? @.11)
q-1 !

where g is called the moment order. Note that, g is not necessarily an integer. If we

assume the following power-law relation

N,

r

;1 z @.12)
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then the Rényi dimension is

N,

1o 3. (o)

. 1 =1
D := lim . 4.13
9° ros0gq-1 log(r) @13)

or

s 3. (71

. 1 P=1
D := lim L 4.14
97 kowq-1 log(r) ( )

For ¢ = 0, the Rényi dimension becomes the similarity dimension, D¢ and

Hausdorff dimension, D,,. The following equation shows this relation.

N,
0
log 3, (Pf)
I ji=1

= lim =
4 7,

D

= D, (4.15)

Similarly, we find that D q becomes the information dimension, D, forg = | and
the correlation dimension, D for ¢ = 2. The magnitude of D, D, and D . satisfy the

following relation:

D.<D,<Dy (4.16)

For g — oo, only the highest probability p, . in the sum in equation 4.14 counts.

Hence the Rényi dimension D_ (g = =) becomes
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N,
log ¥ }
= logp
D_ = lim lim L=l_ = |im —2&

4.17)

Conversely, for g — —= the smallest probability p,, .., controls the sum. Thus,

the Rényi dimension D__ (g — —oo) becomes

Nk
log Y p}
- . . 1 j=1 - I logpmin
D__ = lim lim = —_— (4.18)
kswg——=qg—1 log(r) k- log (r,)
In general, for any two dimensions with different g,
quDq, for q<q’ (4.19)

Thus, D q is a monotonically nonincreasing function of g (see Fig. 4.10). One exception is
a strictly self-similar fractal, such as Sierpinski gasket, where the D p has the same value

in the entire range —eo < g < eo. For a given object, the spread of the curve is an indicator
of its multifractality.
For a given strange attractor F (e.g., Hénon strange attractor), if there is more than

one corresponding Rényi dimension D, for a range of ¢, then we can say that the attractor
& q

F is described by multiple fractals F - Since g may be noninteger, a continuous spectrum

of fractals may be required to describe the structure of F.
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Renyi dimension of Henon strange attractor

S T T T T T
H “Dq Hencn.dat® ——
4.5
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g
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3.5 F
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a's L L ke - .
-30 -208 -10 (] 10 c0 3@
Q

Fig. 4.10. Rényi dimension D, of Hénon strange attractor.

4.2.3.2 Mandelbrot Dimension

Consider a recursive process generating a nonuniform fractal (i.e., rescaled regions

of different sizes r;) with inhomogeneous measures (i.e., regions with different probabili-

ties P ; at each rescaled region). An example of such a process is shown below.

UI'[
P1 Pl P3 L/l'2
A
L L/r3|p1
L g [;D;F! L L/ B
P2 n P2 P2
7 P3
L L/r, L LUn
K=0 K=1 K=2
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For a nonuniform fractal with inhomogeneous distribution, the local relationship is
pi(r) ~r; for @ =[] (4.20)

where ; is a noninteger which depends on the selected region of the measure. For K =2
we find that there are two vels with the same probability P1 but of different size, r, and
ry, respectively. If we suppose P1=0.5, r, =0.5 and r; =0.125, then from Eq. 4.16 we

have

o, =1 and a; =3. Since ry is smaller than r; and both regions have the same probabil-
ity, we can say the density in region B is higher than A and that implies a., > a, . Thus,

the exponent o corresponds to the strength of the local singularity of the measure, and is
called the Hélder exponent.

In addition, we can consider how many vels have the same o.. In general, the

number of vels with a specific o has the following power-law relation:

N,(r) ~ 4.21)

i
J@

where f (o) is the fractal Mandelbrot dimension, D MAN® of the a subset [Kins95]. The

exponent o is analogous to the energy, while (o) is analogous to the entropy as a func-
tion of energy.

The Holder exponent o can be obtained by taking the derivative with respect to
the Rényi exponent g

o, = diq [(g-1D,] (4.22)

and f(a) sfq is obtained from
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Figure 4.11 shows the Mandelbrot dimension D,,,, of the Hénon strange attrac-

tor. Atits maximum, f(a) is equal to the Hausdorff dimension and also to the Ok order

Rényi dimension D,.
Mandeibrot dimension of Henon strasnge attractor
3.5 T L3 T L
*Fs Henon.dat" ~——
3 b
2.5
-3
.
[~
1.5
[ =
8.5 |
a - L ol
2.3 3 3.5 4 4.5 S

Fig. 4.11. Mandelbrot dimension D,,, ,, of Hénon strange attractor.

4.2.3.3 Mandelbrot Dimension of a Segmented Image

An image can be treated approximately as a strange attractor (see Section 4.2.2).
A segmentation of an image is part of the image and can be analyzed by its multifractality.
The relationship between the image and its segmentation still holds in their corresponding
multifractal spectra. Since in the definition of Mandelbrot dimension (Eq. 4.23), the expo-

nent & is analogous to the energy, while f (o) is analogous to the entropy as a function of
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energy. Now, we use Lena and its four segmentations (each segmentation occupies a quar-
ter of the histogram of Lena) as an example to explain the relationship among segmenta-
tions in the multifractal spectra.

4 Y] 3 33 3 8.5
o

"lenadfq” ¢ “lenat64_2.dfq" + “lenar27_64.dfq" ®
"lenat191_128.dfq" x  "lenat192_255.dat" -

®

(e)

Fig. 4.12. (a) Original Lena image, segmentation of (a) with grayscale range of (b) 2 to 63,
(c) 64 to 127, (d)128 to 191, (e) 192 to 255, (f) Mandelbrot dimension D,,, ,; of Lena and
its segmentations ((b) - (e)).
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Figure 4.12 shows that the «,, , reflects p, _and o, _ reflects p, . . Thisisan

important property for multifractal spectra analysis. In chapter 5 we will use this property
to analyze the multifractal spectra of wavelet coefficients.

4.3 Review of Chapter 4

In this chapter, we reviewed the concept of a fractal, multifractal and fractal
dimensions. We selected several mathematical fractals, such as the Cantor set, Koch
curve, and Sierpinski gasket, as examples to describe how to generate a fractal. The self-
similarity and power law which are the essential parts of fractals were also discussed. The
Hausdorff dimension can be used to measure those fractals mentioned above. Multifrac-
tals such as the Hénon strange attractor must be characterized by multifractal measures

such as the Rényi dimension (D q) and Mandelbrot dimension (D,,,, ). By applying the
IFS, we showed that an image can be treated as a strange attractor and can be analyzed by
the Mandelbrot dimension. We also gave an example of using D, . to measure the seg-
mentations of an image. In the next chapter we will apply (D,,,,) to wavelet transform

coefficients of fingerprint images and use the multifractality for image compression.
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CHAPTER §

EXPERIMENTAL RESULTS AND DISCUSSION

Since our human vision system (HVS) can distinguish only a limited resolution and
perceives an image as a nonlinear function of intensities, it appears that information
(entropy) reduction techniques are the best candidates for fingerprint image compression.
The quality requirement for a reconstructed fingerprint image is higher than other images
(such as Lena) because the clarity of the ridge and the sharpness of the edge must be main-
tained. The lossy (entropy reduction) compression technique used in this Chapter is trans-
form coding. Although we have discussed the concept of transform coding techniques for
image compression in Chapter 2 and explained the reason for choosing the wavelet trans-
form instead of other linear transforms (such as DFT) in Chapter 3, we would like to
emphasize its advantage again. Figure 5.1 (a) shows a two dimensional gray-scale finger-
print, while Fig. 5.1 (b) presents it in 3D, and shows its DWT coefficients in (c). From
Fig. 5.1 (b), we can see that the energy (gray-scale) is uniformly spread if we ignore the
white band at the bottom of the image. However, a large fraction of its total energy is
packed into relatively few transform coefficients as shown in Fig. 5.1 (c).

By using the property of the transformation (energy is presented by a few trans-
form coefficients), we apply five different methods to compress fingerprint images. The
purpose of utilizing so many different methods is to learn the advantages and disadvan-
tages of each method and to try to develop a better solution. We propose two new tech-
niques, quadtree decomposition with multifractal analysis (QDMA) and wavelet packet
with multifractal analysis (WPMA), using the Mandelbrot singularity measure to analyze
each subband of a wavelet packet that can help us to decide which subbands can be
ignored for storage or transmission and which can be used for the optimal bit allocation
(OBL) algorithm [BrBH93].

We have improved the wavelet scalar quantization method (WSQ, the FBI's gray-
scale fingerprint image compression standard) [FeBI93] by adding the new technique,
WPMA, described above. An alternative technique, vector quantization (VQ), is applied
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to fulfill the quantization techniques. A summary is also given at the end of this Chapter.

.
218

(a)
L

(b)

{]

i

3

i 0y
(c) [ ]

Fig. 5.1. (a) 512 x 512, 8 bpp fingerprint image, (b) 3D presentation of (a); note there is a

wide white band at the

bottom of (a), (c) DWT coefficients of (a) in 3D.
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5.1 Zonal Filtering

Based on the concept that the larger the DWT coefficients the more important for
reconstruction quality, the energy is concentrated in the corner as shown in Fig. 5.1 (c).
The reason that we use a zonal filter (mask) to eliminate those coefficients outside the
mask is that usually they are smaller than those inside the mask. The block diagram is
shown in Fig. 5.2. The geometrical shape of the zonal filter mask is iHustrated in Fig. 5.3.
The experimental result is listed in Table 5.1 and Fig. 5.4 presents the reconstructed

images.

Original , Wavelet Data Compression
Image Transform (lossless)
’ ‘
Storage
Zonal! filter masks Devices
Reconstructed | Inverse Data Decompression
Image [ | Wavelet Transform | (lossless)

Fig. 5.2. A basic image compression scheme by using zonal filter mask.

4:1 8:1 16:1

Fig. 5.3. Zonal filter masks, bright areas are passbands, dark areas are stopbands.
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Table 5.1. Experimental results of using the zonal mask method.

usﬁ?g:sﬁtzzzt:gnl:ﬁ:ks Compression ratio PSNR
2:1 1.59:1(503bpp) | 24.71dB
4:1 2.83:1(2.82bpp) | 26.13dB
8:1 506:1(1.58bpp) | 19.56dB
16:1 9.53:1(0.84bpp) | 18.19dB

(a) (b)

(©) @

Fig. 5.4. (a) Original image (512x 512 8 bpp), reconstructed images of using (b) 4:1,
(c) 8:1 and (c) 16:1 zonal masks in Fig. 5.3.
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When we observe the reconstructed images in Fig. 5.4 we find that the quality of
those using a diagonal shape zonal mask is poorer than those using a retangular shape.
The reason is that the diagonal shape depresses the y direction (vertical) DWT coefficients
more than the x direction (horizontal). That is why we can see the noise in the y direction
in Fig. 5.4 (c). Because we are not using a symmetric wavelet transform (SWT) [Bris94]
the boundary noise becomes significant when we eliminate all transform coefficients
ouside the zonal mask. Of course the quality of the reconstructed images will get worse if
we make the mask smaller.

5.2 Direct Thresholding

In wavelet decomposition the filter H is an averaging filter while its mirror coun-
terpart G produces details. The wavelet coefficients correspond to details. When the
details are small, they might be omitted without substantially affecting the “general pic-
ture” [ViMii93]. Thus the idea of direct thresholding wavelet coefficients is a way of

removing unimportant details which are considered to be noise.

Original ‘ Wavelet Data Compression
image Transform (lossless)
Threshold value ——»{ Threshold | ]s):,'ovr;g:s
v
Reconstructed | | Inverse - |, Data Decompression
image Wavelet Transform (lossless)

Fig. 5.5. A basic image compression scheme by using thresholding WT coefficients.
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The absolute values of all wavelet coefficients are compared to a fixed threshold T.
If the magnitude of the coefficient is less than 7, the coefficient is replaced by zero

dy =0, ifd;<T
dy' =dy, ifdy>T (5.1)

Figure 5.5 shows the block diagram and Table 5.2 lists the corresponding experi-
mental results.

Table 5.2. Experimental results of using direct thresholding method.

t::ih&l;i T:;g‘g))n PSNR (dB) | Compression ratio
1 22.52 50.2 1.24 : 1 (6.41 bpp)
2 37.21 48.6 1.39: 1 (5.75 bpp)
3 47.87 46.3 1.55: 1 (5.14 bpp)
4 55.47 44.3 1.72 : 1 (4.63 bpp)
5 61.15 42.6 1.89 : 1 (4.21 bpp)
7 69.14 40.1 2.22: 1 (3.59 bpp)
10 76.69 374 2.72: 1 (2.93 bpp)
11 78.45 36.8 2.89: 1 (2.76 bpp)
13 81.36 35.6 3.23: 1 (2.47 bpp)
15 83.62 34.6 3.58:1(2.23 bpp)
30 91.99 30.3 6.35: 1 (1.25 bpp)
35 93.34 29.3 7.41: 1 (1.08 bpp)
40 94.31 28.6 8.45: 1 (0.94 bpp)
45 95.08 28.1 9.58 : 1 (0.83 bpp)
55 96.21 26.9 11.75 : 1 (0.68 bpp)
60 96.63 26.5 12.92 : 1 (0.62 bpp)
90 98.13 24.6 20.42 : 1 (0.39 bpp)
120 98.88 233 28.98 : 1 (0.27 bpp)

12
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In Fig. 5.6, we find that the compression ratio increases abruptly when the trunca-
tion is over 90 %. Unfortunately the quality of the reconstructed image (as shown in Fig.
5.7) becomes unacceptable (the ridges are smeared) when the truncation is over 90 %.
The maximum compression ratio achievable by this method is in the range of 6 : 1 at 30
dB PSNR.

a
4
1

"hd_psnr.dat’ —— |

PSNR (dB)
8 o 8 & 8

]

(@)

30 40 S0 6 10 8 9% 100
Truncation (%)

N
e
(=1

(=}
[=]

_cr.dar ——

Compression Ratio
> 8 B

—
(=]

(b)

g}
g

20 30 a0 50 60 70 80
Truncation (%)

Fig. 5.6. Effects of % truncation on the (a) quality, (b) compression ratio for the images in
Table 5.2.
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(@ ®)

(©) d

®

(e)

Fig. 5.7. (a) original image (512x 512 8 bpp), reconstructed images (part of Table 5.2) of
truncation (b) 69%, (c) 92% , (d) 94%, (e) 96% and (f) 99%.
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5.3 Zerotree

Zerotree is a data structure for compressing wavelet coefficients [Shap93]. A
wavelet coefficient x is said to be insignificant with respect to a given threshold T if
Ix| <T. The zerotree is based on the hypothesis that if a wavelet coefficient at a coarse
scale (which is called the pareni) is insignificant with respect to a given threshold 7, then
all wavelet coefficients of the same orientation in the same spatial location at finer scales
(which are called descendants) are likely to be insignificant with respect to 7. Note that in
particular, the larger coefficients are deemed more important than smaller coefficients
regardless of their scale. For a QMF-pyramid subband decomposition, the parent-child
dependencies are shown in Fig. 5.8. Table 5.3 lists the experimental result and the recon-

structed images are shown in Fig. 5.9.

/2 nmmw

a

parem\
"
/2 EHchi

paren/\
descendant
v (all children) \

T
C')col
v

Fig. 5.8. Zerotree (3 scales) parent-child dependencies of subbands.
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Table 5.3. Experimental results of using zerotree method.

Thr:;l):old PSNR (dB) Compression ratio
16 33.76 5.37:1(1.48 bpp)
32 29.63 9.52 : 1 (0.84 bpp)
64 26.09 17.08 : 1 (0.47 bpp)
(a) .
(©) . d)

Fig. 5.9. (a) Original image (512x 512 8 bpp), reconstructed images of various PSNR
(b) 33.76 dB at 1.48 bpp , (c) 29.63 dB at 0.84 bpp and (c) 26.09 dB at 0.47 bpp.
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In Table. 5.3 we find the compression ratio increases quickly when the threshold
value T is over 64. However, the quality of the reconstructed images (as shown in Fig.
5.9) is getting unacceptable because the ridges are smeared. The maximum compression
ratio in our experiments is in the range of 8 : 1 at 30 dB PSNR.

Shapiro reported that the compression ratio can reach 64 : 1 (0.125 bpp) with
PSNR of 30.23 dB for Lerna (512 x 512, 8bpp) [Shap93). The advantage is gained by
applying quantization. In our experiment the significant wavelet coefficients are com-
pressed directly using the GZIP utility instead of quantization and then compression.
Another interesting fact shown in [Shap93] is that a different image of a “girl” at the same
compression ratio has a different reconstructed quality. For instance, with the same com-
pression ratio 64 : 1 (0.125 bpp), the PSNR drops from 30.23 for Lena to 24.03 dB for
Barbara (512 x 512, 8 bpp). Since fingerprints are special images the quality standard is
higher than for others, such as Lena, Barbara. The idea of threshold from parent (i.c., the
lowest frequency) seems against the transformation character (i.e., the energy is presented
by these coefficients) and we will show it in the following two experiments (Section 5.4,
5.9).

5.4 Quadtree Decomposition with Multifractal Analysis (QDMA)

The QDMA method applies the same wavelet decomposition as zerotree but it can

choose arbitrary decomposition levels (scales). The wavelet coefficients are sent to the

multifractal analysis block where the Mandelbrot dimension (D,,, /) is calculated. By

using the Mandelbrot singularity to measure each subband we can determine which sub-
bands are more important than others. The selected subbands will be quantized, using the
same optimal bit allocation (OBL) and quantizer algorithm as defined in the FBI specifica-
tion [BrBH93] [HoPr92] [BrBr93]. The quantized coefficients will be compressed loss-
lessly. We use the GZIP utility to compress and uncompress the quantized coefficients.
The decoded quantized coefficients will be used for the inverse wavelet transform from
which the reconstructed image is generated. The block diagram of QDMA is shown in
Fig. 5.10.
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Fig. 5.10. A basic image compression scheme by using QDMA.

5.4.1 Quadtree Decomposition (QT)

Before an image, (i, j), is decomposed by using DWT, it is first normalized

according to the following formula:

Fmny = LD

where W is the image mean and

AR = Lmaxl, -pp-1,.)

128
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where I . and I, , are the minimum and maximum pixel values in the image

I (i, j), respectively. The main effect of this normalization is to give the lowest frequency
of decomposed subbands a mean of approximately zero.

Quadtree decomposition (QT) is a type of of wavelet packet [Wick94]. Wavelet
packets are particular linear combinations or superpositions of wavelets. They form bases
which retain many of the orthogonality, smoothness, and localization properties of their
parent wavelets. The choice of a decomposition topology corresponds to any pruned sub-
tree of the original tree, i.e., any subtree sharing the same root as the original tree.

Let H, G be a conjugate pair of QMF filters from an orthogonal set. There are two
others, QMFs H” and G’, for which H*H” + G*G” = |. We use the Daubechies wavelets
(Daub4) in our wavelet packets. The decomposition in tree structure and frequency are
shown in Fig. 5.11 and 5.12 respectively. The reason for using the quadtree decomposi-

tion is its simplicity.

G
Original —-
image H
H G G
| Hf G L _H
l H ([ G
| \ H —
[ ] ‘ -
| | “w o | G|l H
l I H G
| | L_H
[x_du y_dir !x_dir y_dir x_dir y_dir
LO L1 L1 L2 L2 IN LN

Fig. 5.11. Quadtree wavelet packet decomposition.
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Fig. 5.12. Frequency support of QDMA subbands (L = 3).

5.4.2 Scalar Quantization

The Scalar Quantization (SQ) includes two parts, bit allocation and quantization.
In Chapter 2 we have discussed their theories and algorithms. Here, we will introduce the
method used by WSQ (a FBI fingerprint compression standard).

5.4.2.1 Optimal Bit Allocation (OBL)

Since raw fingerprint image data has a bandwidth of 8 bits per pixel (bpp), a bit

rate of r bpp for the compressed data corresponds to a compression ratio of 8/r. For the k'
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quadtree decomposition wavelet transform (QDWT) subband, let r, denote the subband

bit rate, |, the subband mean, and &, the subband variance. m, denotes the downsample
factor, which is defined to be the ratio of image size to subband size. For the quadtree
decomposition as shown in Fig. 5.12, all downsample factors are powers of 4; e.g.,
m, = 64 and my = 4.

In this case the bit allocation routine (shown at the end of this section) determines

that a certain subband contains so little information that it should be discarded (i.e., sub-
band will not be transmitted). To keep track of the non-discarded subbands, let K denote

the set of all transmitted subbands (e.g., for Fig. 5.12, K < {0, 1, ..., 9} ). The fraction of
transmitted QDWT coefficients will be denoted by S, where

s=Y% L (5.4)

ke k™

The targeted overall lossy bit rate, r, can be expressed as
r= —_ (5.5)
To relate bit rate to quantizer bin widths (discussed in Section 5.4.3.2), we need to

assume that the data being quantized lies in some interval of finite extent. Accordingly,

the assumption is made that the quantization bins cover the interval [1, — Y6, , i, ~ Y0, ];

i.e., that
2yc
0 =4 (5.6)

k

where L, is the number of bins in the quantizer, and the loading factor, v, is a parameter

that specifies the number of standard deviations of data that are being coded. For our

experiments, the value ¥ = 2.5 is used.

Note, while a poor choice of loading factor will not result in overload distortion, as
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is the case with other quantization strategies, it will affect the extent to which the lossy bit
rate constraint, r, models the actual observed compression ratio. We also assume that the
average transmission bit rate for subband k is

r, = log,L,  bits/sample ) .7

This rate (Eq. 5.7) actually models the worst case scenario in which indices occur
with equal probabilities and are coded with equal numbers of bits.

Now use the above model to determine g by applying the bit rate constraint to the
bin widths. We get

0, = ;0% (5.82)

where Q'k is independent of ¢

10 (5.8b)

Q= —-(—)2
loge ck

Substituting Egs. 5.6 and 5.7 into 5.5 gives

1 O
= Y —log,— + Slog,2yq
ke K™k O«

1

o, \™
= Y log,| — | +Slog,21q
ke K Q«
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1
o, ™
= log H - + Slog,2vq
2l ke k\ Q¢

rearrange the above equation and we get
1

(3

Slog,2vg =r- log
A kek\ Q&

1 =L

r o, \™ ’
log,2yq = 3 + log2 kl-[K Q—
€ k

Remove the log for the above equation,

1

-l
r - 1§

5 O, \™
2yg =27 log | ]| —
2l ke k Qk
\=1
g-1( ( . ’Tt:_s_\
q=$2 log H(—ﬁ)
2
W G Qe J 7
( ( =
= B2 log H(—k)
2
kK Qe )

where f = % is the loading fraction.
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(5.9a)

(5.9b)

(5.10)

There are two cases that require special attention. First, when log e(c:)

approaches zero we have 0, — e, which corresponds to r, = 0, so we discard any sub-

band whose variance is too small, i.e., log e(ci) <0. Second, if Q, 22yc, then Eq. 5.6
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and Eq. 5.7 imply that r, <0. Since this distorts Eq. 5.5 by imposing the bit rate con-

straint, we use an iterative procedure to determine q which is shown below.

An Iterative Procedure for Computing Bin Widths

1. Initialization, j = 0:
@If loge(c:) <0 thenset Q, = 0.

® k@ = {k|loge(o:) >0} = {0, 1, ..., 9}
2. Iterate on Eq. 5.10 to calculate q:
@@ s? = 1.
ke k@ m,
1\

-1

_%7' G, \™
b q? = B2s log H (—EJ
ke k?\ Q&

3. Exclude bands that would theoretically have negative bit rates:

(a)'m {ke K(’)IQ">270,C}.

®) A # ¢ then
gD - gz
J=Jj+l,
goto 2;
else

K = K9, the bands with positive bit rates,
==K © \K, the excluded bands,
q= q(i) ,
continue.
4. Calculate bin wxdths

0, = qu forall ke K.
5. Exit

Note that \ denotes the set difference operator; i.e., A\B = AﬁBC
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5.4.2.2 Quantizer Design

Figure 5.12 shows the frequency decomposition of QT, with 9 subbands for L = 3.
Each subband is coded separately according to a scalar quantizer characteristic having
uniform width bins with the exception of the 2ero bin, which is 20% wider. Each scalar
quantizer (SQ) is defined by an encoding and a decoding relationship. The quantization
encoder maps a floating-point wavelet transform coefficient, a, to an integer quantizer
index, p, that indicates the quantizer bin in which a lies. The quantization decoder maps
the index to a prototypical (quantized) real number, 4, representing all data values that lie
within that bin. The quantizer characteristic map is shown in Fig. 5.13.

é 'y

Z2+Q(3-C) _|_ 1

22+Q2-C) _|_

Z/24+Q(1-C)
| | | | |
| | | | | ;

72 ZR+Q Z/2+3Q

— .

Fig. 5.13. Uniform quantizer characteristic.
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Quantization encoding of the K2 two-dimensional QT subband, a, (i, )), is given

by

(ak (ioj) -Ez’k)
k

=0, -2,/2<a,(i,j) $Z,/2

(ak (i,j) + 32'-‘)
Ok

-1, a(ij) <Z/2 (5.11)

where Z, is the width of the zero bin and Q, is the width of the quantization bin. The

[°7 and | °] denote the ceiling and floor functions that round numbers to the next largest
and next lowest integer, respectively. The quantized wavelet coefficients produced by the

quantization decoder are given by

a4, (L)) =(p(5)) -OQ, +2,/2, p.(i.j) >0

0" pk(isj) =0

(P ) +OQ,-2/2,  p.(ij) <0 (5.12)

where C is a parameter between 0 and 1 that determines the reconstructed values. Note
that if C = 1/2 then the reconstructed value corresponding to each quantization bin would
be the bin’s midpoint. In our experiment the C is set to 0.44. The quantizer indices,

Py (i, j), are transmitted losslessly. In our experiment we use GZIP (lossless) to compress
and decompress the p, (i, j).

The formula for the quantization bin widths, Q, , is defined as
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0, = —— (5.13)
qA log ' o '

where q is defined in Eq. 5.10 which determines the overall compression ratio. The con-

stants A, are empirically determined weights. A, is set to 1 in our experiment.

5.4.3 Computing the Fractal Spectra of Wavelet Transform Coefficients

5.4.3.1 Derivation of o, and f,

We have already explained the Rényi dimension, D 7 and Mandelbrot dimension,

Dy4n 1n Chapter 4. The coefficients of the wavelet transform, the scalar of the projec-

tion (transformation), stand for the energy. Since there is no negative energy, we take the
absolute value of the coefficients to calculate their fractal dimensions.
Recall, that the Rény dimension is defined as

N,

g 3. (#1)
. 1 i=1
D := lim . 5.14
9 ,r509-1 log(r) ( )

and the Holder exponent, o, can be obtained by taking the derivative with respect to the

Rény exponent g,
a = L(g-1)D] 5.15
e = dgt'9™ V"% (3.15)
and f(a) = fq is obtained from:
fq = qo, - (g- l)D‘7 (5.16)

where f(a) is the fractal Mandelbrot dimension, D, ,, of the o subset. It is difficult to
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calculate the derivative in Eq. 5.15. To make it more useful, Eq. 5.15 can be extended to

N,
___L 4 ( «)
% = ToTor (7 dqloghz P (5.17)
r—=0 i=1

If we consider some basic calculus theory

d 1
d_uIOg M= ;log o (5.18)
d u a"
du” = loge (5.19)

Nr
andletx= Y (P;’) and y = logx, then Eq. 5.17 becomes
j=t

1 dy
% = Timlog (r) dg (5.20)
r—=0

Furthermore, from the chain rule, == = == . —— we have
dq dx dq
dy 1 d e
dy 1, . d ( «)
73 = 581 dq( S\ P J (5.21)

q .
(Pj )long into

™ =

N,
4a 4, pd g y_ _1
Substituting (;( )J (P +PJ+ .+PN’) = g

Eq. 5.9 yields

Jj=1

h'|*<
= lr—°

% (P}')long (5.22)
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N, N,
(P;')long Y (nf)logl’]
_i= IN, =iz 'u, (5.23)
q q
(P i) ("i)

n.
where P; = —L . Substituting Eq. 5.23 into Eq. 5.17 gives

N
NP
q
1 Z ("i )logP]
i=1
9  limlog (r) N, (5:24)
r— (n?)
f]
j=1

Finally substituting Egs. 5.12 and 5.2 into 5.4 yields

r

Dosrt
S S —1og Y (77) (5:25)
fa limolog (r)[ g ; i .
r— =

> ()

j=1

The Holder exponent, o, corresponding to the strength of the local singularity of

the measure, is analogous to the energy, while f(a) is analogous to the entropy as a func-
tion of energy. Since we can regard fingerprints as a strange attractors (see Chapter 4) we
can also treat their wavelet transform as a strange attractor and use the fractal singularity

measure to analyze the wavelet coefficients.

5.4.3.2 Example

Let us now consider an example. Figure 5.14 shows the Mandelbrot multifractal
spectra of a fingerprint image (Fig. 5.15(a)). If we synthesize all four subbands (DUL,
DUR, DLL and DLR) using the inverse wavelet transform (IWT) then we can get a high
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quality (PSNR > 45 dB) reconstructed image. Although the subband DUL has the highest
energy, its IWT produces a reconstructed image with poor quality (30.19 dB). To achieve
a higher quality, we have to use more subbands in the IWT. Are the remaining three sub-
bands (DUR, DLL and DLR) equal, in terms of the reconstructed image quality? Unfor-
tunately there are differences. The problem of how to select the best subband (i.e., which
one will affect the reconstructed quality most) is the motivation for this experiment. The
Mandelbrot multifractal spectra provides the solution. The one with the widest coverage
in the multifractal spectra is the candidate. From Fig. 5.14, we find that subband DLL has
the widest energy coverage of the three subbands (DUR, DLL and DLR). That means if
we synthesize subband DLL with DUL for IWT the reconstructed quality will be better
than if we chose any of the others. Fig. 5.15 shows the experimental result.

4 4.5 5 55 6 6.5 7

Oq
"fa_wtfp256.dat” ¢ "fa_wtfpdir.dat” wm "fa_wtfpdur.dat” ——
"fa_wtfpdildat” + "fa_wtfpduldat” x

Fig. 5.14. Multifractal spectra of quadtree decomposition wavelet packet (L = 1) coeffi-
cients. The corresponding fingerprint image is shown in Fig. 5.15 (a).
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() . ®) .
© . @ -
(e) . ® -

Fig. 5.15.(a) Original image (8 bpp), reconstructed image using quadtree decomposition
(b) DUL, DUR, DLL, DLR (PSNR: 48.54 dB), (c) DUL (PSNR 30.19 dB),
(d) DUL, DLL (PSNR: 32.44 dB), (¢) DUL, DUR (PSNR: 31.75 dB),
(f) DUL, DLR (PSNR: 31.61).

91-



Chapter 5: Experimental Results and Discussion

5.4.4 Experimental Result of using ODMA

In Fig. 5.16 we find that the energy of the wavelet coefficients can be divided into
two segments, subband 0 in one group and the rest in another group (the number of sub-
bands is defined in Fig. 5.12). Since subband 0 has the highest energy, it is the essential
member of the synthesizer. To reach the higher compression ratio we have to add fewer
subbands to the synthesizer. However, as more subbands are added, the quality of recon-
structed image improves. The subband selection affects not only the compression ratio
but also the accuracy of bit allocation.

We find that subbands L1IDUR, LIDLL and L1DLR can be ignored completely
because they are covered by subband L2DUR, L2DLL and L2DLR. Even subband
L2DLR can be dropped. The experimental result is shown in Fig. 5.17.

] v v - v - v
4.5 o P'S A 4 * *o b
LO ° Lldur
41 . y J
3st .
3t
d o
oo 25
2t
1.5
1
0.5
0
3
"L0.dat® o "L3dlldat® x "L2dildat” o "Lidildat" x
"L3dul.dat” <+ "L3dirdat” a "L2dicdat” «+ "Lldirdat" -----
"L3durdat” ® "L2dur.dat" «» "Lidurdat” =

Fig. 5.16. Multifractal spectra of quadtree decomposition wavelet packet (L = 3) coeffi-
cients. The fingerprint image is shown in Fig. 5.17 (a).
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(@)

@

(e)

Fig. 5.17.(a) Original image (8 bpp), reconstructed image using quadtree decomposition
(b) L3 +L2 + L1 (PSNR: Inf dB), (c) L3 + L2 (PSNR 29.78 dB),
(d) L3 -L3DLL +L2 +L1 (PSNR 28.92), (e) L3 (PSNR 23.05),
(f) L3 + L2 - L2DLR (PSNR 28.06)
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Fig. 5.18. Original image, 512 X 512, 8bpp (above), reconstructed image, L3+L2-L2DLR,
using OBL quantization and lossless entropy coding, compression ratio 13.95:1 (0.57 bpp)
at PSNR 28.06 dB (below).
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The quality of reconstructed image (as shown in Fig. 5.18) is much better than the
previous methods (such as zonal filter, direct thresholding and zerotree). The compression
ratio can reach 13.95:1 (0.57 bpp) and the quality appears to be good enough for finger-
print identification or classification. To reach a higher compression ratio we have to use a
more complicated wavelet packet instead of the quadtree decomposition, because in every
decomposition the energy will concentrate to fewer coefficients and thus give us a better
chance for subband selection. In the next section we will use the same wavelet packet as

WSQ to prove our assumption.

5.5 Wavelet Packet with Multifractal Analysis (WPMA)

Original Wavelet (WP)
image Transform ﬁ OBL
Ak —p
l > v
C—> Quantizer
Mandelbrot
Singulari . .
ﬁﬁ;"sm‘y Quantization
o ﬁ . v
Multifractal analysis Data Compression | Storage
(lossless) g De\fices
Reconstructed || Inverse (WP) |, | Data Decompression
image Wavelet Transform (lossless)

Fig. 5.19. A basic image compression scheme by using WPMA.
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The WPMA method applies the same wavelet decomposition as WSQ. Both mul-
tifractal analysis and optimal bit allocation (OBL) blocks are the same as QDMA. The

blockdiagram of WPMA is shown in Fig. 5.19.
We use the Daubechies wavelet (Daub4) in our wavelet packets. The decomposi-

tion in frequency is shown in Fig. 5.20.

0 /2 T ®row
>
ol 41718 [19]20]23] 24
516]9[10[21(22]25] 26
11{12|15[16]27 (28 | 31| 32
13|14/ 17]18]29 |30 33| 34 52 53
35{36(39|40
37|38/41]42
43|44|47|48
51 54 55
2 |45/46[49{50
56 57 60 61
- 58 59 62 63
a)col
v

Fig. 5.20. Frequency support of WPMA subbands (L = 5).
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The definition of subband groups (i.e., combination of subbands) is listed in Table
5.4. We will use the subband group definition in WPMA experiment discussion.

Table 5.4. Subband group definition for wavelet packet.

Group Combined subbands
I 0-51
II 52-55
m 56 -59
v 60 - 63
Il 0-18
2 18-34
3 35-50
I4 51
121 19-22
122 23-26
123 27-30
24 31-34
I31 35-38
32 39-42
33 43 -46
134 47-50

The Mandelbrot multifractal spectra of wavelet coefficients for a fingerprint image
(Fig. 5.15(a)) is shown in Fig. 5.2! to 5.30. In Fig. 5.21 we observe that the subband
group I has the highest wavelet coefficient energy, so we have to keep it and consider
removing the others (i.e., group II, III and IV). For further decomposition as shown in
Fig. 5.22 we find that subband group I4 has the lowest coefficient energy in subband group
I and we drop it. Since the natural frequencies of the ridges in fingerprint images are
located in the portion of the frequency spectrum (Fig. 5.20) contained roughly in subbands
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7 to 18 [BrBr93], and subbands 0 to 6 have the majority of wavelet coefficient energy, we
reserve the whole subband group I1 for inverse wavelet transformation.

Now let us take a look at the multifractal spectra of group 12 which is shown in
Fig. 5.23. The subband group 122 has the highest coefficient energy in subband group I2
and we keep it for the synthesizer. For the rest of the groups (i.e., group 121, 123 and 124)
we make an experiment to see which subband group affects the quality of reconstructed
image more than others. The result is shown in Table 5.5.

Table 5.5. The effect on of recdnstructcd— quality for subband group 121, 123 and 124.

Subbands in synthesizer PSNR (in dB)
I1, (121, I22), 13 26.809394
11, 122, 123), I3 26.654160
I1, 122, 124), 13 27.509226

It is clear from Table 5.5 that subband group 124 has the largest effect on recon-
structed quality. Also, subband group 124 has the second highest coefficient energy as
shown in Fig. 5.23. We consider removing one subband from group 124. Groups 121 and
123 are located in the low coefficient energy region and far apart from group 122, so we
will remove two subbands from each of them.

The problem of which subbands can be removed from the synthesizer and not (or
make it less) affect the quality of the reconstructed image is solved by the WPMA tech-
nique. From Fig. 5.24, we find subbands 19 and 21 can be removed. Similarly from Fig.
5.25 and 5.26, subbands 28, 29 and 32 can be removed from subband group 121 and 124
respectively.

The procedure for analyzing subband group I3 is similar. We keep subband group
133 for the synthesizer because it has the highest coefficient energy as shown in Fig. 5.27.
There are two subbands that will be removed from each subband group I31 and I32 and
one subband will be removed from group I34 by analysis through Fig. 5.28 to 5.30. The
candidates for subband group I31 and I32 are subbands 35, 36 and 39, 40, respectively.
The subband 49 will be removed from subband group 134.
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Fig. 5.21.Multifractal spectra wavelet packet (WP) coefficients for all bands and subband
groups L, I, Il and IV. The fingerprint image is shown in Fig. 5.17 (a).
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Fig. 5.22. Multifractal spectra of coefficients for subband groups I, I1, 12, I3 and I4.



Chapter 5: Experimental Results and Discussion

4.5

Fig. 5.23. Multifractal spectra of coefficients for subband groups 12, 121, 122, 123 and I24.
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Fig. 5.24. Multifractal spectra of coefficients for subband groups 19, 20, 21 and 22.
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50—
"wsq28.dfa” +

Fig. 5.25. Multifractal spectra of coefficients for subband groups 27, 28, 29 and 30.
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Fig. 5.26. Multifractal spectra of coefficients for subband groups 31, 32, 33 and 34.
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Fig. 5.28. Multifractal spectra of coefficients for subband groups 35, 36, 37 and 38.
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Fig. 5.29. Multifractal spectra of coefficients for subband groups 39, 40, 41 and 42.
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Fig. 5.30. Multifractal spectra of coefficients for subband groups 47, 48, 49 and 50.
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Fig. 5.31 shows the result of multifractal spectra analysis for subbands 19 to 63 in
WPMA wavelet packet decomposition. The shaded subband will not be included in the
synthesizer (i.e., not be used for the inverse wavelet transform) and OBL. Without those
subbands the OBL can calculate the assigned bits for each unshaded subband more pre-
cisely. The reconstructed image (as shown in Fig. 5.32) can reach a compression ratio of
17.7:1 (04519 bpp) at 28.57 dB PSNR.
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Fig. 5.31. Frequency spectrum of WPMA wavelet packet, shaded subbands will not be
used for inverse wavelet transform and calculated for OBL.

-104-



Chapter 5: Experimental Results and Discussion

Fig. 5.32.0riginal image, 512 X 512, 8bpp (above), reconstructed image using WPMA,
OBL quantizer and lossless entropy coding for the shading subbands shown in Fig. 5.31,
compression ratio 17.7:1 (0.4519 bpp) at PSNR 28.57 dB (below).
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5.6 Alternative Technique

There are many alternative techniques for general-purpose image compression.
For example, vector quantization (VQ) algorithms have been used with much success for
image compression [NaKi88]. According to Shannon’s rate-distortion theory, a better per-
formance is always achievable in theory by coding vectors instead of scalars [Gray84]. In
this section, we apply the Lloyd [Lloy79] codebook design algorithm and the full search
equivalent encoding algorithm [HBSH92] to compress Lena in the spacial domain and its
corresponding wavelet packet (WPMA) coefficients. Figure 5.33 shows the experimental
results.

©) ()

Fig. 5.33.(a) Original image, 256 x 256, 8 bpp, reconstructed image using VQ of (a) with
block size 2 x 2, (b) codebook size 256, compression ratio 3.24:1 (2.47 bpp) at PSNR
35.02 dB, (c) codebook size 128, compression ratio 3.6:1 (2.22 bpp) at PSNR 33.26 dB,
(d) VQ the wavelet packet (WPMA) coefficients with block size 2 x 2 and codebook size
256, compression ratio 3.24:1 (2.47 bpp) at PSNR 28.07 dB.
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From Fig. 5.33, we find that the result of applying VQ to wavelet coefficients of an
image is worse than applying it to a spatial image. The reason is that the variety of pixel
values in spatial images (from O to 255) is smaller than its corresponding wavelet coeffi-
cient values (from negative one thousand to positive one thousand). However, the edges
are kept well. This technique does not produce good results on images as detailed as fin-
gerprints. Consequently, more elaborate techniques such as our QDMA and WPMA must
be employed.

5.7 Review of Chapter 5

In this Chapter, we applied five different compression methods to compress a fin-
gerprint image. Compression quality using the zonal mask method is the worst because of
the boundary effect, especially for non-symmetrical images. The direct thresholding
method is the easiest to use, but the Gibb’s phenomenon [Anso93] restricts its maximum
compression ratio. The zerotree algorithm is much more complicated than the previous
methods; however, the compression ratio and quality are better than any of those methods.
The zerotree method also has the Gibb’s phenomenon, which becomes especially signifi-
cant when increasing the threshold value. Our new QDMA and WPMA methods apply a
multifractal spectrum analysis of wavelet coefficients by which we can eliminate the sub-
bands for inverse wavelet transforms. The compression quality is dependent on the bin
width of the quantizer. QDMA cannot reach a higher compression ratio because of the
restriction produced by quadtree decomposition. To improve the QDMA we propose the
WPMA method which also applies multifractal analysis of wavelet coefficients but uses a
more complicated wavelet packet (as in WSQ). The WPMA method achieves the highest
compression ratio and quality of all five methods. In addition, we applied the VQ tech-
nique for both the spatial image and its corresponding wavelet coefficients. Since the vari-
ety of the wavelet coefficients is larger than the variety of spatial images, the VQ
technique applied for spatial images can achieve better performance than applied it to

wavelet coefficients.
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CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

The work described in this thesis was motivated by the need for new and better
image compression techniques for fingerprints. The lossless techniques have the best
reconstructed quality, but poor compression ratio (in the range of 2:1). On the other hand,
lossy techniques have the limitation that the quality of the reconstructed image diminishes
with increased compression ratio. The quality requirement of the decompressed finger-
print image is higher than others (such as Lena) because the reconstructed image must
often be identified and submitted in court as evidence.

The objective of this thesis was to maximize the compression ratio, while mini-
mizing the redundancy of the decompressed image. Since a fingerprint image is a non-sta-
tionary signal, we used the wavelet transform in our experiments.

In this thesis, we propose a new technique based on wavelets with multifractal
analysis to determine the redundancies of the wavelet coefficients based not only on its
magnitude but also on its fractal dimension. The Mandelbrot dimension (multifractal
spectrum) is analogous to the entropy of energy (magnitude of wavelet transform coeffi-
cients).

Six different experiments were implemented in this thesis. The first two experi-
ments investigated the idea that larger transform coefficients have a larger importance in
the reconstructed image. From these experimental results, we found that the compression
ratio varied from 3: 1 (zonal mask) to 6: 1 (direct thresholding) for an acceptable quality
of the reconstructed image. The advantage of this technique is that it is easy to implement,
but its disadvantage is that the Gibb’s phenomenon becomes more evident when increas-
ing the compression ratio. The reason is that the same scale of the transform coefficients

does not contribute equally to the reconstructed image.

—108 -



Chapter 6: Conclusions and Recommendations

The third experiment involved the embedded zerotree wavelet algorithm (EZW) or
zerotree technique for short. From this experiment, we can observe that, this technique is
just a little bit better in terms of its compression ratio in the range of 8:1. The reason is
that zerotree uses wavelet packet decomposition. As with the previous case, the zerotree
method is not suitable for fingerprint image compression because we cannot arbitrarily
reset the transform coefficients according to the threshold value, especially when we know
that all the ridge information is reserved in subbands 7 to 18, and the majority of transform
energy is kept in subbands O to 6 (the subband number is defined in Fig. 5.19).

From these three experiments, we leamned that each subband (in frequency decom-
position) has a different importance even though they have the same magnitude. The
zerotree technique depends upon the importance of the parent-child relationship, but the
parent-children relationship cannot tell which subband is more important than the others.

In the fourth (QDMA) and fifth (WPMA) experiments we applied a new technique
based on wavelets with multifractal analysis. From multifractal spectra analysis, we can
determine which subband can be ignored. We used quadtree wavelet decomposition in the
fourth experiment. The compression ratio can reach 13.95:1 (0.5734 bpp) with 28.06 dB
PSNR (Fig. 5.18).

We also observe that the use of the more complicated wavelet packet instead of the
quadtree structure improves the quality of reconstructed images and the compression ratio.
This is because, in every decomposition, the energy will concentrate on fewer coefficients
and thus give us a better chance for subband selection. The fifth WPMA experiment
proved the above assumption. The reconstructed image (as shown in Fig. 5.31) is almost
indistinguishable from the original. The compression ratio can reach 17.7:1 (0.4519 bpp)
with 28.57 dB PSNR and the quality is good enough for fingerprint identification or classi-
fication. From Fig. 5.18 and 5.31, we find that the reconstructed quality of WPMA is bet-
ter than QDMA. Although the PSNR is only improved by 1.81% (from 28.06 to 28.57
dB), the compression ratio is increased 26.88% (from 13.95:1 to 17.7:1). Also, the Gibb’s
phenomenon of WPMA is smaller than in QDMA. This compares well to the WSQ (FBI
fingerprint compression standard) which can reach 28.72 dB PSNR at a compression ratio
23.3:1. Since we only used GZIP, a run-length lossless compression technique, to com-

press the quantized wavelet coefficients in our experiments, our compression ratio can be
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further improved if we use better adaptive statistical coding [Kins91]. The final experi-
meni used the vector quantization of a spatial image and its corresponding wavelet coeffi-

cient compression. Since the variety of wavelet coefficients is much larger than the

variety of the pixel values of the spatial image, the VQ technique is not the best choice for

wavelet coefficient compression.

6.2 Contributions

We believe that this thesis and the work described have provided the following

contributions:

B o

e o

Fowomoe

—
3

A study of fingerprint interpretation (see Sec. 2.1).

A study of the human vision system (see Sec. 2.2).

A study of data compression (lossless) techniques (see Sec. 2.3).

A study of data compression (lossy) techniques, transform coding (see Sec. 2.4.2).

A study of vector quantization (see Secs. 2.4.1.1 and 5.6).

A study of bit allocation and quantization (see Secs. 2.4.2.3 and 5.4.2).

A study of wavelet transform and wavelet packets (Chapter 3).

Software implementation of DWT (Appendix A and Appendix B).

A study of fractals and self-similarity including the Hausdorff dimension measure (see
Sec. 4.1).

A study of multifractals including strange attractors, IFS and the multifractal dimen-
sion measures (see Sec. 4.2).

Software implementation of IFS, Hénon strange attractors, Rényi dimension and Man-
delbrot dimension (Appendix A).

Software implementation of direct thresholding wavelet coefficients, zonal masks,
zerotree compression, wavelet packets (WSQ) (Appendix A).

A study of singularity analysis of subband wavelet coefficients in a multifractal spec-
trum (Chapter S).

Software implementation of QDMA and WPMA (Appendix A).
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6.3 Recommendations

Based on the work of this thesis, we recommend the following:
a. Development of an entropy coding algorithm (lossless) to compress the quantized
wavelet coefficients.
b. Development of a more formal theory of OBL and quantization. It is believed that this
theory could help in the determination of the loading factors f and C.
c. Development of an algorithm to find the optimum wavelet packet by using multifractal
spectrum analysis.
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APPENDIX A

STRUCTURE OF PROGRAM AND SOURCE CODE IN C

A.l1 Structure Charts and Functional Description of QDMA and WPMA
Applications

normalized
P eterso/' normalized

Y

reconstructed
image

Normalizaion Fa OBL and INVDWT and
and DWT Measure Quantization Postprocessing

Fig. A.1. Structure chart for QDMA and WPMA applications.

Normalization and DWT

Modules: PRE_QTF, WP_QTF (QDMA) or WSQF (WPMA).

Inputs:  Sun raster file (.ras).
Output: Wavelet transform coefficients (in floating format) and normalization parameters, M
and R (defined in Section 5.4).
Description: The PRE_QTF module normalizes the input image. The theory is explained in
Sec. 5.4. The module DWT can be WP_QTF for QDMA technique or WSQF for
WPMA technique. We use DAUB4 wavelet for the transformation.
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Fa Measure

Modules: FA_ADV.

Inputs: Wavelet transform coefficients (floating format).
Output: o and Fo (in ASCII format) which can be used for GNUPLOT.
Description: Calculate the Mandelbrot dimension (Fot).

subbands coef. quantized
J \subband coef.
dimension
of subband r

Jbin width

WT coef. synthesized
f subbands coeff Xsubband coef. \ Y coef.
quantized
subband coef.
Extract - Synthesize
subband coefs. OBL Quantization Subbands

Fig. A.2. Structure chart for OBL and Quantization function and its subordinates.

Extract Subband Coefficients

Modules: SEP_WPQTF.

Inputs:  Wavelet transform coefficients (floating format).

Output: Four quarters of the original coefficients.

Description: This function is to separate the original wavelet coefficients into four quarters.
Each quarter with an 1/4 size of original. The four quarters are named dul, dur, dil
and dlr follow the order of top-down and left-right.
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OBL

Modules: OBL_I.

Inputs:  Wavelet transform subband coefficients (floating format).

Output: bin width (floating format).

Description: This function is to calculate the variance of each subband. The OBL is defined
according to the variance and the decomposition level.

Quantization

Modules: OBL_2.

Inputs: Wavelet transform subband coefficients (floating format), bin width, quantization
parameters (C, r, and J).
Output: Quantized subband coefficients.
Description: This function is to quantize the wavelet subband coefficients according to the bin
width. The quantization parameters are used for calculating the bin width of each
subband and loading factors for dequantization

Synthesize Subbands

Modules: SYN_F.

Inputs:  Quantized wavelet transform subband coefficients (short integer format).

Output: processed transform coefficients (floating format).

Description: This function is to synthesize the all processed subbands for inverse wavelet trans-
form.
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INVDWT and
Postprocessing

normalized\

reconstructed
parameters image
synthesized
Y coef. f rccomcwdq\
Inverse .
DWT Postprocessing

Fig. A.3. Structure chart for INVDWT and Postprocessing function and its subordinates.

INVDWT

Modules: INV_QTF (QMA) or INV_WSQF (WPMA).

Inputs: Synthesized coefficients (floating format).
Output: Reconstructed data.
Description: This function is to calculate the inverse wavelet transform of input data.

Postprocessing

Modules: PRO_QTE.

Inputs: Reconstructed data (floating format) and normalized parameters (M, R).
Output: Reconstructed image (SUN raster format).

Description: This function is to recover the reconstructed data and generate the reconstructed

image in SUN raster file format.
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A.2 Source Code of WMA in C

/*****************#*********#*****************#****#*******#********#t****#*/

/* Name :PRE_QTEC */

/* Input :.ras */

/* Output : .nas (header{800] + data (float) */

/* Procedure : Preprocessing the .ras file. Normalization */

/* Data : 22/Feb/97 */

/* Version :1.0%

/* Designer : Eric Jang Tel:2476992, Email: jang @ee.umanitoba.ca */
/****************#***#**#***t****t**************#**#***************#********/
#include <stdio.h>

#include <stdlib.h>

#include <math.h>

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

main()

{
FILE *in, *out;

unsigned char tmp_uc, header[800];
unsigned long int f_size, k;
char infile[70], outfile[70], conti;
int i, h_size, v_size;
float buffMaxDimSq], max, min, M, R, al, a2, tmp_f;
double tmp_df;
printf(“Normalization ver. 1.0, 22/Feb/1997\n\n"");
printf(“Enter input file name(float, path\XXX_ras): \n"");
scanf(“%s”,infile);
strcpy(outfile, infile);
conti = *.";
/* Search the input file name string to find the “.” then replace the extention to “enc”. */
for (i=0;1<70; i++)
(

if (infile[i] == conti)

{

outfile[i+1] = ‘n’;
break;

}

}

/* Open input files. */
if ((in = fopen(infile, “rb”)) == NULL)
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{
fprintf(stderr, “Cannot open input file.\n");
exit (1);

}

/* Open output file. */

if ((out = fopen(outfile, “w’*)) == NULL)

( | .

fprintf(stderr, “Cannot open output file.\n");

exit (1);

}

/* extract .ras file ¥/

fread(header, sizeof(unsigned char), 800, in);
fwrite(header, sizeof(unsigned char), 800, out);
h_size = (int)header[6]*256 + (int)header[7];
v_size = (int)header[10]*256 + (int)header[11];
f_size = h_size * v_size;
if(h_size != v_size)
{

printf(“Error, h_size != v_size.\n");

exit (1);
}
else

printf(“h_size and v_size = %d\t f_size = %d\n”, h_size, f_size);

if(h_size > MaxDim)

{
printf(“Error, dimension out of range(%d)\n”, MaxDim);
exit (1);

}

/* get ras file data and put it into buffer */

for(k = 0; k < f_size; k ++)

{
fread(&tmp_uc, sizeof(unsigned char), 1, in);
buf[k] = (float)tmp_uc;

}

/* find maximum and minimum */

max = -1000.0;
min = 1000.0;
tmp_df =0;

for(k = 0; k < f_size; k++)

{
tmp_df = tmp_df + (double)buffk];
if(buffk] > max)



}

max = buffk];
else if(buffk] < min)
min = buffk];
}
M = (float)(tmp_df/(double)f_size);
al = max - M;
a2 =M - min;
if(al >=a2)
R =(1.0/128.0) * al;
else
R =(1.0/128.0) * a2;

Appendix A: Structure of Program and Source Code in C

printf(“In file %s , max = %g min = %g mean = %g R = %g\n”, infile, max, min, M, R);

for(k =0; k < f_size; k++)
{
tmp_f = ((float)buf[k] - M)/R;

fwrite(&tmp_f, sizeof(float), 1, out); /* float format */

}

fclose(in);
fclose(out);

A-7



Appendix A: Structure of Program and Source Code in C

/****************t***************#***********#*******t*************#/

/* Name : WP_QTEC */

/* Input : .nas (header{800] + dataffloat) */

/* Output : float, short int */

/* Procedure : Wavelet Packet for Quard Tree */

/* Date : 13/Nov/95, 17/Sep/96, 13/Oct, 20, 21, 22/Feb/97 */

/* Version : 1.0,2.0,2.1,3.0,3.1,3.2 %/

/* Designer  : Eric Jang Tel:(204)474-6991 jang@ee.umanitoba.ca */
/*******************#***#***************##**********#***#***********’
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true O

#define false 1

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

int dim;
float conv(int ptrl, int ptr2, double *ptr3, float *ptr4);
void d_sampling(int ptr5, int ptr6, int ptr7, int ptr8, int ptr9, float *ptr10);

main(}

{

FILE *in, *out, *outl, ¥out2;

int i, h_size, v_size, px, py, dim_tmp, dim_org, tmp_i, level, si_en;
short int tmp_si;

char inf[70], co;

float buffMaxDimSq], tmp, max, min;

double sum;

unsigned char header[800], temp;

unsigned long int f_size, sum_ui;

printf(“Wavelet Packet for Quard Tree ver. 3.2, 22/Feb/1997\n\n");
printf(“Enter original image file name(path\XXX.nas, generating by pre.c): \n");
scanf(“%s”,inf);
printf(“Please enter level(J <= 5):\n");
scanf(*“%i"”,&level);
printf(“Output the WT_ZT coefficients in short int(Y -> yes, others -> no)?\n”);
co = getc(stdin);
co = getc(stdin);
if(co=="y’)
si_en = true;
else
si_en = false;
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/* Open input .ras file *in, get image data */
if((in = fopen(inf, “r")) == NULL)
{
fprintf(stderr, “Cannot open input file \n"");
exit(1);
}
fread(header, sizeof(unsigned char), 800, in);
h_size = (int)header[6]*256 + (int)header{7];
v_size = (int)header[10]*256 + (int)header[11];
if(h_size = v_size)
{
printf(“Error, h_size != v_size.\n”);
exit (1);
}
else
printf(“h_size and v_size = %d\n”, h_size);

if(h_size > MaxDim)

{
printf(“Error, dimension out of range(%d)\n”, MaxDim);
exit (1);

)

f_size = h_size * v_size;

dim = h_size;

dim_org = dim;

/* get ras file data and put it into buffer */
for(i =0; 1 < f_size; i ++)
{
fread(&tmp, sizeof(float), 1, in);
buffi] = tmp;
}
printf(“W_packet for zerotree coding level 0 is ok "\n™);
px=0;

py=0;

dim_tmp = dim;
dim_org = dim;

tmp_i = 1;

for(i = 1;i <= level; i++)
{

d_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
printf(“W_packet for zerotree coding level %d is ok \n”, i);
tmp_i =tmp_i * 2;
dim_tmp = dim/tmp_i;

}
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/* Open output file *out, store WT result data */
if((out = fopen(“wp_ztf.cof”, “w”)) == NULL)
{

fprintf(stderr, ““Cannot open output file \n");
exit(1);
}

if((outl = fopen(“sum.dat”, “w”)) == NULL)
{
fprintf(stderr, “Cannot open output file \n™);
exit(1);
}

if((out2 = fopen(“wp_zti.cof”’, “w’)) == NULL)
{
fprintf(stderr, “Cannot open output file \n™);
exit(1);

}

/* find max, min and sum(base of probability) */
max = -100.0; /* initialization */
min 100.0;
sum 0.0;
sum_ui= 0
for(i=0; i < f_size; i++)
{

if(buf[i] > max)

max = buffi];
else if(bufli] < min)

nong

min = buffi];
sum_ui = sum_ui + (unsigned long int)(fabs((double)bufi]));
if(buffi] < 0.0)

sum =sum - (double)buflil; /* abs(bufli]) */
else

sum =sum + (double)bufli];

}

printf(“max = %g\tmin = %g\n”, max, min);
printf(*“sum of all coefficients = %lg (int)%Id\n”, sum, sum_ui);
/* store WT coefficients into file */
for(i =0; i < f_size; i ++)
{
if(si_en == true)

{

A-10



Appendix A: Structure of Program and Source Code in C

tmp_si = (short int)bufi];
fwrite(&tmp_si, sizeof(short int), 1, out2);
sum = (double)sum_ui;

}

else

{
tmp = bufi];
fwrite(&tmp, sizeof(float), 1, out);

}

}

fwrite(&sum, sizeof(double), 1, outl);
fclose(in);
fclose(out);
fclose(outl);
printf(“finish '\n”);
}

r* */
/* Array preperation and down sampling subroutine */

/* inputs : starting location, dimension, data array */

/* return : void */

/* procedure : according to the starting position and dimension */

r* to prepare the 1 dimension data array, down sampling*/

r* */

void d_sampling(int p_x, int p_y, int Igth, int IgthH, int IgthV, float *mat)
{

int 1, j, k, 1, m, bndary;

float data_ary[MaxDim];

double h_fit[4], g_fit[4];

h_fit[0] = 0.4829629131445341;
h_fit[1] = 0.8365163037378079;
h_fit[2] = 0.2241438680420134;
h_fit{3] = -0.1294095225512604,

g_fit{0] = -0.1294095225512604;
g _fit{1] = -0.2241438680420134;
g_fit[2] = 0.8365163037378079;
g_fit{3] = -0.4829629131445341,

/* x position(horizontal) */
for(i = p_y; i <IgthV; i++)
{

k=0;
for(j = p_x; j < 1gthH; j++)
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{
data_ary[k] = mat[i*dim + j];
k=k+1;
}
1=0;
for(m = 0; m < Igth; m = m+2)
{
if(m == (Igth - 2))
bndary = true;
else
bndary = false;

mat[i*dim + p_x + lgth/2 + 1] = conv(m, bndary, g_fit, data_ary);
mat[i*dim + p_x + I] = conv(m, bndary, h_flt, data_ary);
=]l+1;
}
}

/* y position(vertical) */
for(i = p_x; i < IgthH; i++)
{
k=0;
for(j = p_y; j <lgthV; j++)
{

data_ary[k] = mat{j*dim + iJ;
k=k+1;
}
1=0;
for(m = 0; m < Igth; m = m+2)
{
if(m == (Igth - 2))

bndary = true;
else
bndary = false;
j=p.y;

mat[(j+lgth/2+])*dim + i} = conv(m, bndary, g_fit, data_ary);
mat[(j+])*dim + i] = conv(m, bndary, h_fit, data_ary);
I=1+1;
}
}
}

/% */
/* 1 dimention convolution subroutine */

/* inputs : filter array, data array both are 1 dimension */

/* return : convoluted result(short int) */
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/* procedure : sum(Ai * Bi) */
/¥ */
fioat conv(int pos, int boundary, double *filter, float *data)
{
int i;
float result;
double temp, sum;

/* pos  :starting position of the filter */
/* boundary :boundary flag */
sum=0.0; /* initialization */

for(i=0;1i<4; i++)
{
if(boundary != true)
{
temp = filter(i] * (double)data[pos];
pos =pos + 1;
sum = sum + temp;
}
else if(i < 2)
{
temp = filter[i] * (double)data[pos];
pos =pos + 1;
sum = sum + temp;
}
eise
{
/*  pos=pos-1;
temp = filter{i] * (double)data[pos]; */
temp = filter[i] * (double)data[i - 2];
sum = sum + temp;
}
}

result = (float)sum;
return result;

}
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/***********************t**********************t********#***********]
/* Name : WSQEC */

/* Input : .nas (header[800] + data(float) */

/* Output : wsqf.cof (float) */

/* Procedure : Wavelet Packet, WSQ floating */

/* Date : 14/0ct/95, 31, 6/Nov, 8, 2/Mar/97 */

/* Version :1.0,1.1,1.2,1.3,2.0 %/

/* Designer  : Eric Jang Tel:(204)474-6991 jang@ee.umanitoba.ca */

J e g e s e
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true 0

#define false 1

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

int dim;
float conv(int ptrl, int ptr2, double *ptr3, float *ptr4);
void d_sampling(int ptrS5, int ptr6, int ptr7, int ptr8, int ptr9, float *ptr10);

main()

{
FILE *in, *out;

int i, h_size, v_size, px, py, dim_tmp, dim_org, tmp_i;
char inf[70];

float buffMaxDimSq], tmp;

unsigned char header{800], temp;

unsigned long int {_size;

printf(“WSQ(FBI) ver. 2.0, 2/Mar/1997\n\n");
printf(“Enter normalized image file name(path\\XXX.nas): \n"");
scanf(“%s”,inf);
/* Open input .nas file *in, get image data */
if((in = fopen(inf, “r’")) == NULL)
{
fprintf(stderr, “Cannot open input file \n”);
exit(1);
}
fread(header, sizeof(unsigned char), 800, in);
h_size = (int)header[6]*256 + (int)header[7];
v_size = (int)header[10]*256 + (int)header[11];
if(h_size != v_size)

{
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printf(*“‘Error, h_size != v_size.\n");
exit (1);
}
else
printf(“h_size and v_size = %d\n”, h_size);

if(h_size > MaxDim)

{
printf(“Error, dimension out of range(%d)\n”, MaxDim);
exit (1);

}

f_size = h_size * v_size;
dim = h_size;
dim_org = dim;
/* get ras file data and put it into buffer */
for(i = 0; i < f_size; i ++)
{
fread(&tmp, sizeof(float), 1, in);
buffi] = tmp;
}
printf(“WSQ level O is ok \n");

/* level 1 */

px =0;

py =0;

dim_tmp = dim;

dim_org = dim;

d_sampling(px, py, dim_tmp, dim_org, dim_org, buf);
printf(“WSQ level 1 is ok '\n™);

/* level 2 */

dim_tmp = dim/2;

dim_org =dim;

px=0;

py=0;

d_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
px = dim_tmp;

py =0;

d_sampling(px, py, dim_tmp, dim_org, dim_tmp, buf);
px =0;

py = dim_tmp;

d_sampling(px, py, dim_tmp, dim_tmp, dim_org, buf);
px = dim_tmp;

py = dim_tmp;

d_sampling(px, py, dim_tmp, dim_org, dim_org, buf);
printf(“WSQ level 2 is ok '\n");
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/* level 3 ¥/
dim_tmp = dim/4;
dim_org = din/2;
px=0;
py =0;
d_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
px = dim_tmp;
py =0
d_sampling(px, py, dim_tmp, dim_org, dim_tmp, buf);
px=0;
py =dim_tmp;
d_sampling(px, py, dim_tmp, dim_tmp, dim_org, buf);
printf(“WSQ level 3 is ok "\n");
/* level 4 */
/* part 4-1 */
dim_tmp = dim/8;
dim_org = dim/4;
px=0;
py =0;
d_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
px = dim_tmp;
py =0;
d_sampling(px, py, dim_tmp, dim_org, dim_tmp, buf);
px=0;
py = dim_tmp;
d_sampling(px, py, dim_tmp, dim_tmp, dim_org, buf);
px = dim_tmp;
py = dim_tmp;
d_sampling(px, py, dim_tmp, dim_org, dim_org, buf);
/* part 4-2 */
dim_tmp = dim/8;
dim_org = dim/4;
px = dim_org;
py =0;
d_sampling(px, py, dim_tmp, px+dim_tmp, dim_tmp, buf);
px = dim_org + dim_tmp;
py =0;
d_sampling(px, py, dim_tmp, px+dim_tmp, dim_tmp, buf);
px = dim_org;
py = dim_tmp;
d_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);
px = dim_org + dim_tmp;
py = dim_tmp;
d_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);
/* part 4-3 */
dim_tmp = dim/8;
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dim_org = dim/4;
px =0;
py = dim_org;
d_sampling(px, py, dim_tmp, dim_tmp, py+dim_tmp, buf);
px = dim_tmp;
py = dim_org;
d_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);
px=0;
py = dim_org + dim_tmp;
d_sampling(px, py, dim_tmp, dim_tmp, py+dim_tmp, buf);
px = dim_tmp;
py = dim_org + dim_tmp;
d_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);
printf(“WSQ level 4 is ok \n");
/* level 5 */
dim_tmp = dim/16;
dim_org = din/8;
px=0;
py =0:
d_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
printf(“WSQ level 5 is ok '\n"");

/* Open output file *out, store WT result data */
if((out = fopen(*“wsqf.cof”, “w”)) == NULL)
{
fprintf(stderr, “Cannot open output file \n");
exit(1);
}

/* store WT coefficients into file */
for(i=0; i < f_size; i ++)
{
tmp = buffi];
fwrite(&tmp, sizeof(float), 1, out);
}
fclose(in);
fclose(out);
printf(“finish \n");
}

/* */
/* Array preperation and down sampling subroutine */

/* inputs : starting location, dimension, data array */

/* return : void */

/* procedure : according to the starting position and dimension */

* to prepare the 1 dimension data array, down sampling*/
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= : *
void d_sampling(int p_x, int p_y, int Igth, int IgthH, int lgthV, float *mat)
{

int i, j, k, 1, m, bndary;

float data_ary{MaxDim];

double h_fit[4], g_fit[4];

h_fit[0] = 0.4829629131445341;
h_fit[1} = 0.8365163037378079;
h_fit[2] = 0.2241438680420134;
h_fit[3] = -0.1294095225512604;

g_fit[0] = -0.1294095225512604;
g_fit[1] = -0.2241438680420134;
g_fit[2] = 0.8365163037378079;
g _fit[3] = -0.4829629131445341;

/* x position(horizontal) */
for(i =p_y; 1 <lgthV; i++)
{
k=0;
for(j = p_x; j < lgthH; j++)
{
data_ary[k] = mat[i*dim + j];
k=k+1;
}
1=0;
for(m = 0; m < Igth; m = m+2)
{
if(m == (Igth - 2))
bndary = true;
else
bndary = false;

mat[i*dim + p_x + lgth/2 + 1] = conv(m, bndary, g_fit, data_ary);
mat{i*dim + p_x + 1] = conv(m, bndary, h_fit, data_ary);
l=1+1;
}

}

/* y position(vertical) */
for(i = p_x; i <lgthH; i++)
{
k=0;
for(j =p_y; j <lgthV; j++)
{
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data_ary[k] = mat(j*dim + iJ;

k=k+1;
}
1=0;
for(m = 0; m < lgth; m = m+2)
{
if(m == (Igth - 2))
bndary = true;
else
bndary = false;
i=py;

mat[(j+Igth/2+])*dim + i] = conv(m, bndary, g_fit, data_ary);
mat{(j+])*dim + i] = conv(m, bndary, h_fit, data_ary);

[=1+1;
}
}
}
/* */
/* 1 dimention convolution subroutine */
/* inputs : filter array, data array both are 1 dimension */
/* return : convoluted result(short int) */
/* procedure :sum(Ai * Bi) */
/* */

float conv(int pos, int boundary, double *filter, float *data)
{

int i;

float result;

double temp, sum;

/* pos: starting position of the filter */
/* boundary :boundary flag */
sum =0.0; /*initialization */
for(i=0; i< 4; i++)
{
if(boundary != true)
{
temp = filter[i] * (double)data[pos];
pos = pos + 1;
sum = sum + temp;
}
else if(i < 2)
{
temp = filter[i] * (double)data[pos];
pos =pos + 1;
sum = sum + temp;
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}

else
{
/¥  pos=pos-1;
temp = filter{i] * (double)data[pos]; */
temp = filter{i] * (double)datali - 2];
sum = sum + temp;
}
}
result = (float)sum;
return result;

}
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/*************#*t**********************#****t****************************t#*/

/* Name :SP_WPZTEC */

/* Procedure :Seperate a N X N (N <= 512) data (float) into four N/4 X N/4 (s. int) blocks. And
set the output file name with ext. .dur; .dul; .dll; .dlr */

/* Data : 4/May/95, 17/Sep/96, 13/Oct, 20/Feb/97 */

/* Version :1.0,2.0,2.1,2.2 %

/* Designer  : Eric Jang Tel:2476992, Email: jang @ee.umanitoba.ca */

/***************************************t*****************#**********#******/

#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#define true 0

#define false 1

void change_size(int *ptrl, char *ptr3);

main()

{
int new_dim;
char infile[70];

printf(“Please enter resized factor n < 8 (should be a power of 2):\n");
printf(“*** H_size == V_size for this version **\n");
scanf(“%i”,&new_dim);

printf(“Enter file name(path\**i.cof(float), generated by wp_zt.c): \n\n");
scanf(“%s”,infile);

change_size(&new_dim, infile);

printf(*“\n\nCompleting!!!\n");

return 0;

}

/* */
void change_size(int *ptr_m, char file[70])

{
FILE *in, *outl, *out2, *out3, *out4;

int ij, k, org, n, m;

char outfile1[70], outfile2[70], outfile3[70], outfile4[70], conti;
int tmp_i;

float tmp_f;

m = *ptr_m; /* Resized image dimension */
strepy(outfilel, file);
strcpy(outfile2, file);
strcpy(outfile3, file);
strcpy(outfile4, file);
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conti = °.’;

/* Search the input file name string to find the “.” and then replace the */
/* extention to “d**”, ¥/
for(i=0;i<=70; i++)
{
if (file[i] == conti)
{
outfilel[i+1] = ‘d’;
outfilel[i+2] = ‘u’;
outfile1{i+3] = I’;
outfile2[i+1] = ‘d’;
outfile2[i+2] = ‘u’;
outfile2[i+3] = ‘r’;
outfile3[i+1] = “d’;
outfile3[i+2] = ‘I’;
outfile3[i+3] = ‘I’;
outfile4(i+1] = ‘d’;
outfile4[i+2] = ‘I’;
outfile4[i+3] = ‘r’;
break;
}
}

/* Open input file */
if ((in = fopen(file, “r’)) == NULL)
{
fprintf(stderr, “Cannot open input file.\n");
exit (1);

}

/* Open output file */

if ((outl = fopen(outfilel, “w’")) == NULL)

{
fprintf(stderr, “Cannot open output file.\n");
exit (1);

}

if ((out2 = fopen(outfile2, “w”)) == NULL)

{
fprintf(stderr, “Cannot open output file.\n”);
exit (1);

}

if ((out3 = fopen(outfile3, “w™)) == NULL)

{
fprintf(stderr, “Cannot open output file.\n");
exit (1);
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}
if ((out4 = fopen(outfile4, “w’’)) == NULL)

{
fprintf(stderr, “Cannot open output file.\n");
exit (1);

}

printf(“Please enter original image dimension:\n");
scanf(“%i”,&tmp_i);
org = tmp_i; /* Original image dimension */
n = org/m;
printf(“original dimension = %d\tresized dimension = %d\n”, org, n);
for(k = 0; k < org; k++)
{
for(j = 0; j < org; j++)
{
fread(&tmp_f, sizeof(float), 1, in);
if((j <n) && (k <n))
fwrite(&tmp_f, sizeof(float), 1, outl);
else if((j >=n) && (k <n))
fwrite(&tmp_f£, sizeof(float), 1, out2);
else if((j <n) && (k >=n))
fwrite(&tmp_f, sizeof(float), 1, out3);
else if((j >=n) && (k >=n))
fwrite(&tmp_f, sizeof(float), 1, out4);
}
}

fclose(in);

fclose(outl);

fclose(out2);

fclose(out3);

fclose(out4);

printf(“Finish output files '\n”);
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SRR REEEEEREEEEEREREREER R R R AR R R R R R AR R R R R R R LR R,

/* Name :FA_ADV.C ¥/

/* Input : .ras, fit, int(short) */

/* Output : ASCII (double) */

/* Procedure :Calculate the Mandelbrot dimension Fa for WT coefficients generated by
wp_qtf.c, wsqf.c or image .ras. This is a adaptive C program */

/* Note : This program is a modified version from DQFA_ADV.C */
/* Information of DQFA_ADV.C */

/* Date : 11 Dec/95, 12, 17/Sep/96, 9/Oct, 13, 14, 15, 18 */

/* Version : 1.0, 1.1,2.0,2.1,2.2,3.0,3.1,4.0 ¥/

/* Version :1.0%

/* Date : 7/Mar/97 */

/* Designer : Eric Jang Tel:(204)474-6991 jang@ee.umanitoba.ca */
/********************************#*************#****************************/
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true 0

#define false 1

#define MaxDim 512

#define MaxDimSQ 262144 /* 512 X 512 */

main()

{
FILE *in, *inl, *outl;

int i, j, k, px, py, h_size, v_size, mode, box_cnt, q1, N, N1, NO;

short int tmp_si;

char inf[70], outfile[70], co;

unsigned char header[800], tmp_uc;

float data[MaxDim][MaxDim];

float q_org, tmp_f;

double prob, probl, q, Iq[2001], Dq[2001], Aq[2000], Fq[2000], sum, suml, tmp_df, tmp_dfl,
tmp_df2, Aq_tmp, hl;

printf(“Mandelbrot dimension FA_ADYV ver. 1.0, 7/Mar/1997\n\n"");

printf(“Please select input mode(1 -> ras, 2 ->fit, 3 -> int(short)\n™);

scanf(“%i”,&mode);

printf(“Enter input file name(path\XXf/XXi.cof, .ras): \n");

scanf(*%s”,inf);

printf(“Enter output file name(path\XXX./dfq): \n™);

scanf(“%s", outfile);

printf(“Please enter q(abs(q) <= 100, usuaily 30 is enough, q starts from negative value):\n”);
scanf(“%g”,&q_org);

A-24



Appendix A: Structure of Program and Source Code in C

/* q_org =-30.0; */
q1 = abs((int)q_org);
N =(ql ¥20) + 1;
NO = (ql * 10);
Nl=(ql +1)* 10;

/* Open input files */
if(mode != 1) /* wt coefficients */
{
if((in = fopen(inf, “r")) == NULL)
{
fprintf(stderr, “Cannot open input file \n"");
exit(1);
}
printf(“Please enter h_size:\n");
scanf(“%i”,&h_size);
printf(“Please enter v_size:\n");
scanf(“%i1”,&v_size);

/* get input file data and put it into buffer */
sum = 0.0;
sum = 0.0;
for(i =0; 1 <v_size;i++)
{
for(j = 0; j < h_size; j++)
{
if(mode == 2) /* fit format */
{
fread(&tmp_f, sizeof(float), 1, in);
if(tmp_f < 0.0)
tmp_f = 0.0 - tmp_f;
data[i][j] = tmp_f;
sum = sum + (double)tmp_f;
}
else
{
fread(&tmp_si, sizeof(short int), 1, in);
if(tmp_si < 0.0)
tmp_si = 0 - tmp_si;
datafi}fj] = (float)tmp_si;
sum = sum + (double)tmp_si;
}
}
}
printf(“finished loading wt coefficients into buffer and sum_si, sum_fit\n");

}
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else /* .ras file */
{
if((in = fopen(inf, “rb”)) == NULL)
{
fprintf(stderr, “Cannot open input file(.ras)\n™);
exit(1);
}
fread(header, sizeof(unsigned char), 800, in);
h_size = (int)header[6]*256 + (int)header[7];
v_size = (int)header[10]*256 + (int)header{11];

/* get input file data and put it into buffer */
sum = 0.0;
for(i = 0; i < v_size; i++)
{
for(j = 0; j < h_size; j++)
{
fread(&tmp_uc, sizeof(unsigned char), 1, in);
data[i](j] = (float)tmp_uc;
sum = sum + (double)tmp_uc;
}
}

printf(*“finished loading .ras into buffer and sum_ras\n™);

}

printf(“\nload sum(base of probability) ? y --> yes, others(laocl calculation) —> no: \n\n");
co = getc(stdin);
co = getc(stdin);
if (co == ‘y")
{
if((inl = fopen(*“sum.dat”, “r’")) == NULL)
{
fprintf(stderr, “Cannot open input file(sum.dat) \n™);
exit(1);
}
fread(&tmp_df, sizeof(double), 1, inl);
suml = tmp_df;
printf(“finish loading sum.dat file\n");
fclose(inl);
}
else
suml = sum;

if((h_size > MaxDim) [l (v_size > MaxDim))

{
printf(“Error, dimension out of range(%d)\n”, MaxDim);
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exit (1);
}
else
printf(**h_size = %d\tv_size = %d\n”, h_size, v_size);

printf(“file size = %d\n”, h_size*v_size);

printf(“sum(summation of input data) = %Ig\n”, sum);

printf(“sumi(base of probability) = %lg\n”, suml);

printf(*q starts from %g\N = %d\UNOQ = %d\tN1 = %d\n”, q_org, N, NO, N1);

/* Open output file *out, store q, Dq, *outl, store a, Fa */
if((outl = fopen(outfile, “w’’)) == NULL)
{
fprintf(stderr, “Cannot open output file 1\n™);
exit(1);
}

/* initialization */
box_cnt = 0;
hl =0.0;

for(py = 0; py < v_size; py++)
{
for(px = 0; px < h_size; px++)
{
tmp_df = (double)data[py][px];
if(tmp_df '=0.0)
{
box_cnt = box_cnt + 1;
prob = tmp_df/sum;
hl =hl + (prob * log10(1.0/prob));
}
}

}
printf(“box count = %d\n”, box_cnt);

/* initialization */
Ag_tmp =0.0;
for(i =0; i <N; i++)
{

Iq(i] =0.0;

Aq[i] =0.0;

Fq[i] =0.0;
}
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/* Calculate Fq, Aq, from -q to +q */
for(py = 0; py < v_size; py++)
{
for(px = 0; px < h_size; px++)
{
tmp_df = (double)data[py][px];
if(tmp_df != 0.0)
{
prob = tmp_df/suml;
probl = 1.0/prob;
Aq_tmp = Aq_tmp + log10(probl);
}

q = (double)qg_org;
for(i = 0; 1 < NO; i++)
{
if(tmp_df !=0.0) /*1q,q !=0, 1 */
{
tmp_dfl = pow(tmp_df, q);
tmp_df2 = 1.0/tmp_df1;
Iq(i] = Iq(i] + tmp_df1;
Iq[(N-1)-i] = Iq[(N-1)-i] + tmp_df2;

/* Calculate fq, from -q to +q, new technology */
Aq[i] = Aq[i] + tmp_df1*log10(probl);
Aq[(N-1)-i] = Aq[(N-1)-i] + tmp_df2*log10(prob1);
Fq[i] = Fqli] + q*tmp_df1*log10(tmp_df);
Fq[(N-1)-i] = Fq[(N-1)-i] - q*tmp_df2*log10(tmp_df);

}

q=q+0.1;

}
}
}

q = (double)q_org;
for(i=0; i <N; i++)
{
if(i '= NO)
{
Aq[i] = Aq[i}Iq[i);
Fq[i] = log10(Iq[i]) - Fq[i}/Iq[i];
}
else/*q=0%*
{
Aq[i] = Aq_tmp/(double)box_cnt;
Fq[i] = log10((double)box_cnt);
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}
fprintf(outl, “%g %g\n”, (float)Aq[i], (Hoat)Fq[i]);
q=q+0.1;

}

printf(“finish Fq calculation\n”);

fclose(in);
fclose(outl);

}
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/**********************************#********t*##**#*t#*#***#t***************1

/* Name :OBL_1.C ¥

/* Input : DWT coefficients ( .cof/,dXX) */

/* Output : ASCII (float) */

/* Procedure : Optimal Bit Allocation, copy from FBI spec.. Step 1 -- get var and standard devi-

ation */
/¥ Data : 20/Feb/97 */
/* Version :1.0*

/* Designer : Eric Jang Tel:2476992, Email: jang @ee.umanitoba.ca */
/**************************##***************************##******************/
#include <stdio.h>

#include <stdlib.h>

#include <math.h>

main()
{
FILE *in;

unsigned long int f_size, k;
char infile[70];

int org_dim;

float tmp_f, max, min;

double sum, mean, variance, sd;

printf(*Optimal Bit Allocation step I (FBI) ver. 1.0, 20/Feb/1997\n\n");
printf(“‘Enter input file name(path\XXX.cof/dXX): \n");
scanf(““%s”,infile);

printf(“Please enter input data dimension(should be a power of 2):\n™);
scanf(“%i”,&org_dim);

f_size = org_dim * org_dim;

printf(“size of ““%s™ = %d”, infile, f_size);

/* Open input files. */

if ((in = fopen(infile, “r”)) == NULL)

{
fprintf(stderr, “Cannot open input file.\n");
exit (1);

}

/* Find the max and min of the input file */
max = -10000.0;
min = 10000.0;
for(k = 0; k < f_size; k++)
{
fread(&tmp_f, sizeof(float), 1, in);
if(tmp_f > max)
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max = tmp_f;
else if(tmp_f < min)
min = tmp_f;
}
printf(*“max = %g\tmin = %g\n”, max, min);

/* Find the mean of the input file */
rewind(in);
sum = 0.0;
for(k = 0; k < f_size; k++)
{
fread(&tmp_f, sizeof(float), 1, in);
sum = sum + (double)tmp_f;
}
mean = sum/(double)f_size;
printf(“mean = %g\n”, mean);

/* Find the variation and standard deviation of the input file */
rewind(in);
sum = 0.0;
for(k = 0; k < f_size; k++)
{
fread(&tmp_{, sizeof(float), 1, in);
sum = sum + pow(((double)tmp_f - mean), 2.0);
}
variance = sum/(double)f_size;
sd = sqrt(variance);
printf(“Variance = %g\n”, variance);
printf(*Standard deviation = %g\n”, sd);

fclose(in);
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/******************#****t*#*******#*#***********#******t**#*****************1

/* Name :OBA2.C ¥/

/* Procedure : Optimal Bit Allocation, copy from FBI soecification. Step 2 - find q and Qk */
/* Data : 20/Feb/97 */

/* Version : 1.0 %

/* Designer  : Eric Jang Tel:2476992, Email: jang@ee.umanitoba.ca */
/*****************#****t****************#****#****3**#*#***#*****#**********/
#include <stdio.h>

#include <stdlib.h>

#include <math.h>

main()
{
FILE *in;

char infile[70];

int i, N, cnt, conti, flag;

float r, Beta, s, Var;

double tmp_df, S, P, q, Qk, D[64][4];

printf(“Optimal Bit Allocation step II (FBI) ver. 1.0, 20/Feb/1997\n\n");
printf(“Please enter number of subband:\n"");

scanf(*“%i”,&N);

printf(“Please enter Beta:\n™);

scanf(“%g”,&Beta);

printf(“Please enter r(average bit):\n"");

scanf(“%g”,&r);

printf(“Is L = 5 in the DWT(wp_zt) ? (Yes -> 1, No -> others):\n"™);
scanf(“%d”,&flag);

printf(“Enter input file name(path\XXX.dat, var and m): \n");
scanf(*%s” infile);

/* Open input files. */

if ((in = fopen(infile, “r”)) == NULL)

{
fprintf(stderr, “Cannot open input file.\n");
exit (1);

}

/* D[i][0] = Mk
D[i]{1] = Var
D[i](2] = Qk
DIi][3] = flag */

for(i=0;i <N; i++)

{
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fscanf(in, “%g %g”, &s, & Var);
D[i][0] = (double)s;

D[i][1] = (double)Var;

D[i][3] = 1.0;

if((flag == 1) && (i >=N-4))
D[i][2] = 1.0;
else
D(i][2] = 10.01og(D(][1]); /* Qk’ */
}

conti=1;
printf(“Finish initialization \n");

while( conti == 1)
{
S =0.0;
for(i=0;i<N; i++)
{
if(D[][3] !=0.0)
S =S + L.0/D[i][0];
}

P=1.0;
tmp_df = (double)Beta * pow(2.0, (((double)r/S) - 1.0));
for(i=0; i< N; i++)
{

if(D[i][3] '=0.0)

P = P * pow(sqrt(D[i][1])/D[i]{2], 1.0/D(i][0]);

}
q = tmp_df * (1.0/pow(P, 1.0/S));

cnt =0.0;
for(i=0; i < N; i++)
{
if((D[il[2)/q) >= (2.0 * (1.0/Beta) * sqrt(D[i][1])))
{
D{i][3]1 = 1.0;
cnt=cnt + 1;
}
else
DI[i][3] = 0.0;
}
printf(“cnt = %d\tq = %g\n”, cnt, q);
if(cnt == 0)
conti =0;
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}

for@G=0;i<N;i++)
{
Qk = D[i][2)/q;
printf(“Q[%d] = %g\n”, i, Qk);
}
printf(“Finish Optimal Bit Allocation II\n"");

fclose(in);

}
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/***************t*******#*****************t**#********##*************#******’

/* Name : ENC_DEC.C ¥/
/* Procedure : Encoder/Decoder of OBL (FBI spec.) */
/* Data : 20/Feb/97, 21,22 */

/* Version :1.0,1.1,2.0 ¥/

/* Designer  : Eric Jang Tel:2476992, Email: jang @ee.umanitoba.ca */
e i g L s 2
#include <stdio.h>

#include <stdlib.h>

#include <math.h>

main()
{
FILE *in, *out, *outl;

unsigned char tmp_uc;

unsigned long int f_size, k;

char infile[70], outfile[70], outfile1[70], conti;
short int tmp_si;

int org_dim, max, min, P[65536], i, tmp_i, cnt;
float tmp_f, Q, C, Z, A[65536], mx, mn;
double tmp_df;

printf(“Encoder/Decoder(FBI) ver. 2.0, 22/Feb/1997\n\n"");
printf(“Enter input file name(float, path\XXX.dXX): \n™);
scanf(“%s"”,infile);

printf(“Please enter input data dimension(should be a power of 2):\n");
scanf(“%i”,&org_dim);

printf(“‘Please enter bin width:\n");

scanf(“%g”,&Q);

printf(“‘Please enter C:\n");

scanf(“%g”,&C);

Z=Q* 1.2; /* zero bin width */

f_size = org_dim * org_dim;

printf(*“size of %s = %d\n”, infile, f_size);
strepy(outfile, infile);

strepy(outfilel, infile);

conti = *.’;

/* Search the input file name string to find the “.” then replace the extention to “enc”. */
for i=0;i<70; i++)
{
if (infile[i] == conti)
{
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outfile(i+1] = ‘e’;
outfilel{i+1] = ‘r’;
break;
}
}

/* Open input files. */

if ((in = fopen(infile, “r’)) == NULL)

{
fprintf(stderr, “Cannot open input file.\n");
exit (1);

}

/* Open output file. */

if ((out = fopen(outfile, “w”)) == NULL)

{
fprintf(stderr, “‘Cannot open output file.\n™);
exit (1);

}

if ((outl = fopen(outfilel, “w’)) == NULL)

{
fprintf(stderr, “Cannot open output file.\n");
exit (1);

}

/* Encoder */
cnt=0;
for(k =0; k < f_size; k++)
{
fread(&tmp_f, sizeof(float), I, in);
if(tmp_f > Z/2.0)
{
tmp_df = (double)((tmp_f - Z/2.0)/Q);
P[k] = (int)ceil(tmp_df) + 1;
}
else if((tmp_f < ((-1.0)*Z)/2.0))
{
tmp_df = (double)((tmp_f + Z/2.0)/Q);
P{k] = (int)floor(tmp_df) - 1;
}
else
{
Pk] =0;
cnt=cnt+ 1;
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}
printf( “There are %d truncated\n”, cnt);

max = -10000;
min = 10000;
for(k =0; k < f_size; k++)
{
if(P[k] > max)
max = P[k];
else if(P[k] < min)
min = P[k];
}
printf(“In encoder, max = %d\tmin = %d\n”, max, min);

for(k = 0; k < f_size; k++)
{
tmp_si = (short int)P[K];
tmp_i = P[k];
if((abs(max) <= 127) && (abs(min) <= 127))
{
if(P[k] > 0)
tmp_uc = (unsigned char)P[k];
else if(P[k] < 0)
tmp_uc = (unsigned char)(abs(P{k]) + 128);
else
tmp_uc = (unsigned char)P[k];

fwrite(&tmp_uc, sizeof(unsigned char), 1, out); /* unsigned char format */
}
else if((abs(max) < 65536) && (abs(min) < 65536))

fwrite(&tmp_si, sizeof(short int), 1, out); /* Short int format */
else

fwrite(&tmp_i, sizeof(int), 1, out); /* int format */

}
printf(“Finish Encoder! \n");
/* Decoder */

for(k = 0; k < f_size; k++)
{
if(P[k] > 0)
A[k] = ((float)P[k] - O)*Q + Z/2.0;
else if (P[k] <0)
A[k] = ((float)P[k] + C)*Q - Z/2.0;
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else
A[k] =0.0;

tmp_f = A[k];
fwrite(&tmp_f, sizeof(float), 1, outl); /* float format */

}

mx = -10000.0;
mn = 10000.0;
for(k = 0; k < f_size; k++)
{
if(A[k] > mx)
mx = A[k];
else if(A[k] < mn)
mn = A[K];
}
printf(“In decoder, max = %g\tmin = %g\n”, mx, mn);
printf(“Finish Decoder, fwrite with float! \n™);

fclose(in);
fclose(out);
fclose(outl);
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/***********t*******##*********t******t*******************#*#***t#*##*#*****/

/* Name :SYN_FC *
/* Input :float QI Q2
Q3 Q4+
/* Qutput : float */
/* Procedure : Synthesize 4 quarter data(float format) */
/* Data : 23/0ct/96 */
/* Version :1.0%
/* Designer : Eric Jang Tel:2476992, Email: jang @ee.umanitoba.ca */
/******************#*************#**********#*#************#********t*******[
#include <stdio.h>
#include <stdlib.h>
#include <string.h>

main()

{
FILE *inl, *in2, *in3, *in4, *out;

int h, v, i, new_dim, org_dim;

short int tmp_si;

char infile1[{70], infile2[70], infile3[70], infile4[70], outfile[70], conti;
float tmp_f;

printf(“Synthesis 4 quarter data ver. 1.0, 21/0Oct/1996\n\n");
printf(*Please enter input data dimension(should be a power of 2):\n™);
scanf(*%i”,&org_dim);

printf(“Enter name of input file(path\\pat#_***.dXX): \n");
scanf(“%s”,infilel);

printf(“Enter name of input file(path\\pat#_***.dXX): \n");
scanf(“%s”,infile2);

printf(*‘Enter name of input file(path\\pat#_*** dXX): \n");
scanf(“%s"”,infile3);

printf(“Enter name of input file(path\\pat#_*** dXX): \n"");
scanf(“%s",infile4);

strcpy(outfile, infilel);

conti = °.’;

/* Search the input file name string to find the “.” and then replace to extention to “bin”. */
for (i = 0; i <= 70; i++)

{
if (infile1[i] == conti)
{
outfile[i+1] = ‘s’;
outfile[i+2] = ‘y’;
outfile[i+3] = ‘n’;
break;
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}
}

/* Open input and output file */

if ((inl = fopen(infilel, “r’)) == NULL)

{
fprintf(stderr, ““Cannot open input file1.\n");
exit (1);

}

if ((in2 = fopen(infile2, “r’)) == NULL)

{
fprintf(stderr, “Cannot open input file2.\n");
exit (1);

}

if ((in3 = fopen(infile3, “r’")) == NULL)

{
fprintf(stderr, “Cannot open input file3.\n™);
exit (1);

}

if ((in4 = fopen(infile4, “r’)) == NULL)

{

fprintf(stderr, “Cannot open input file4.\n);
exit (1);

}

if ((out = fopen(outfile, “w’")) == NULL)

{
fprintf(stderr, “Cannot open output file.\n");
exit (1);

}

/*get the original 4 quarter data */
new_dim = org_dim * 2;

for(v=0; v < new_dim; v ++)
{
for(h = 0; h < new_dim; h++)
{
if((h < org_dim) && (v < org_dim)) /* 1st quarter */
{
fread(&tmp_f, sizeof(float), 1, inl);
fwrite(&tmp_f, sizeof(float), 1, out);
}
else if((h >= org_dim) && (v < org_dim)) /* 2nd quarter */
{
fread(&tmp_f, sizeof(float), 1, in2);
fwrite(&tmp_f, sizeof(float), 1, out);
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else if((h < org_dim) && (v >= org_dim)) /* 2nd quarter */

{
fread(&tmp_f, sizeof(float), 1, in3);
fwrite(&tmp_f, sizeof(float), 1, out);

}

else

{
fread(&tmp_f, sizeof(float), 1, in4);
fwrite(&tmp_f, sizeof(float), 1, out);

}

}
}

fclose(inl);
fclose(in2);
fclose(in3);
fclose(ind);
fclose(out);

printf(“finish '\n™);
return 0;

A-41



Appendix A: Structure of Program and Source Code in C

/*************#***********#**#**#t***#*#**t*#**#****#***************I

/* Name :INV_QTEC ¥/

/* Input : float */

/* Output : dim(int), reconstructed data(float) */

/* Procedure : INVerse Wavelet Packet for QMA */

/* Date : 13/Nov/95, 22/0ct/96, 21/Feb/97 */

/* Version :1.0,1.1, 1.2 %

/* Designer : Eric Jang Tel:(204)474-6991 jang@ee.umanitoba.ca */
/************#**********#**#*t****##*#***tt***#***t*****#***********’
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true 0

#define false 1

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

int dim;
float conv(int ptrl, int ptr2, double *ptr3, float *ptrd);
void u_sampling(int ptr5, int ptr6, int ptr7, int ptr8, int ptr9, float *ptr10);

main()

{
FILE *in, *out;

int i, temp_i, h_size, v_size, px, py, dim_tmp, dim_org, level;
char inf[70];

short int tmp_si;

float buffMaxDimSq], temp_f;

unsigned char header{800], temp;

unsigned long int f_size;

printf(“INV Wavelet Packet for QMA(float) ver. 1.2, 21/Feb/1997\n\n");
printf(“Enter w_packet coefficients file name(path\XXX.cof/syn): \n”);
scanf(*%s”,inf);

printf(“Please enter level(J <= 5):\n”);

scanf(“%i”,&level);

/* Open input .cof file *in, get w_packet coefficients data */
if((in = fopen(inf, “r"’)) == NULL)
{
fprintf(stderr, “Cannot open input file \n”);
exit(1);
}
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printf(“Please enter dimension of input file:\n");
scanf(*%i”, &temp_i);

dim = temp_i;

printf(“h_size and v_size = %d\n”, dim);

f_size = dim * dim;

/* level 5 */
/* get .cof file data and put it into buffer */
for(i=0; i < f_size; i ++)
{
fread(&temp_f, sizeof(float), 1, in);
buffi] = temp_f;
}
printf(“Reconstruction level %d is ok '\n”, level);
temp_i=1;
for(i = 1; i <level; i++)
{
temp_i = temp_i * 2;

}

dim_tmp = dim/temp_i;

px=0;

py =0;

for(1=0;i <level; i++)

{
u_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
printf(“Reconstruction level %d is ok '\n”, level-(i+1));
dim_tmp = dim_tmp * 2;

}

/* Open output file *out, store inv_WT result data */
if((out = fopen(*recover.dat”, “w”)) == NULL)
{
fprintf(stderr, “Cannot open output file \n”);
exit(1);
}

fwrite(&dim, sizeof(int), 1, out);

/* store WT coefficients into file */
for(i=0; i < f_size; i ++)
{

temp_f = buffi] ;

fwrite(&temp_f, sizeof(float), 1, out);
}
fclose(in);
fclose(out);
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printf(“finish \n");
}

r* */
/* Array preperation and up sampling subroutine */

/* inputs : starting location, dimension, data array */

/* return : void */

/* procedure : according to the starting position and dimension to prepare the 1 dimension data
array, up sampling */
r* */
void u_sampling(int p_x, int p_y, int Igth, int IgthH, int IgthV, float *mat)
{
inti, j, k, I, m, bndary;
float data_ary[MaxDim], data_aryH[MaxDim], data_aryG[MaxDim];
double h_fit[4], g_fit[4];

h_fit[0] = -0.1294095225512604; /* C3 */
h_fit[1] = 0.2241438680420134; /* C2 */
h_flt[2] = 0.8365163037378079; /* C1 */
h_flt[3] = 0.4829629131445341; /* CO */

g_fit[0] =-0.4829629131445341; /* -CO */
g_fit{1] = 0.8365163037378079; /* C1 */
g_fit[2] = -0.2241438680420134; /* -C2 */
g_fit[3] =-0.1294095225512604; /* C3 */

for(i = 0; i < lgth; i++) /* initialization */
{

data_aryG(i] = 0.0;

data_aryH[i] =0.0;
}

/* synthesis y position(vertical) */
for(i = p_x; i < IgthH; i++)
{

k=0;

for(j = p_y; j <lgthV; j++)

{

data_ary[k] = mat[j*dim + i];
k=k+1;
}
/* divide data_ary into 2 arrays then up_sampling */
for(k = 0; k < 1gth/2; k++)
{
data_aryG[k*2] = data_ary[lgth/2 + kJ;
data_aryH[k*2] = data_ary([k];
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}

1=0;
for(m = 0; m < Igth; m++)
{
if(m < 3)
{
bndary = m;
j=p.y;
mat[(j+!)*dim + i] = conv(lgth, bndary, g_fit, data_aryG) +
conv(lgth, bndary, h_fit, data_aryH);
I=1+1;
}
else
{
bndary = 3;
j=py;
mat[(j+1)*dim + i] = conv(m-3, bndary, g_fit, data_aryG) +
conv(m-3, bndary, h_flt, data_aryH);
I=1+1;
}
}
}

for(i = 0; i < Igth; i++) /* initialization */
{

data_aryGfi] = 0.0;

data_aryH([i] = 0.0;
}

/* synthsis x position(horizontal) */
for(i=p_y; i <lIgthV; i++)
{

k=0;

for(j = p_x; j <ligthH; j++)

{

data_ary[k] = mat[i*dim + j];
k=k+1;
}
/* devide data_ary into 2 arrays then up_sampling */
for(k = 0; k < Igth/2; k++)
{
data_aryG[k*2] = data_ary[lgth/2 + k];
data_aryH[k*2] = data_ary[k];
}
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1=0;
for(m = 0; m < Igth; m++)
{
if(m < 3)
{
bndary = m;
mat[i*dim + p_x + l] = conv(lgth, bndary, g_flt, data_aryG) +
conv(lgth, bndary, h_fit, data_aryH);
I=1+1; )
}
else
{
bndary = 3;
mat[i*dim + p_x + 1] =conv(m-3, bndary, g_fit, data_aryG) +
conv(m-3, bndary, h_fit, data_aryH);

I=1+1;
}
}
}
}
/* */
/* 1 dimention convolution subroutine */
/* inputs : filter array, data array both are 1 dimension */
/* return : convoluted result(short int) */
/* procedure : sum(Ai * Bi) */
/% */

float conv(int pos, int boundary, double *flt, loat *data)
{

int i;

float result;

double temp, sum;

/* pos  :starting position of the filter */
/* boundary :boundary flag */
sum =0.0; /* initialization */

switch(boundary)
{
case O:
temp = (fit[0]*(double)data[pos-3])+(fit{ 1]*(double)data[pos-2]);
sum = temp+(fit[2]*(double)data[pos-1])+(fit[3}*(double)data[0]);
break;
case 1:
temp = (fit[0]*(double)data[pos-2])+(fit{1]*(double)data[pos-1]);
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sum = temp-+(fit[2]*(double)data[0])+(At[3}*(double)data[1]);
break;
case 2:
temp = (fit[0]*(double)data[pos-1])+(fit[1]*(double)data[0]);
sum = temp-+(fit[2]*(double)data[ 1])+(fit{3]*(double)data[2]);
break;
case 3:
for(i=0;i<4; i++)
{
temp = flt[i] * (double)data[pos];
pos =pos + 1;
sum = sum + temp;
}
break;
}
result = (float)sum;
return result;
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L it L S L S 2

/¥ Name :INV_WSQEC */

/* Input : .cof (floating) */

/* Qutput : recover.dat (dim(int) + data(float) */

/* Procedure : INVerse WSQ (floating format) */

/* Date : 6/Nov/95, 8, 2/Mar/97 */

/* Version :1.0,1.1,2.0%

/* Designer  : Eric Jang Tel:(204)474-6991 jang @ee.umanitoba.ca */
/*****************************#**************##*##t***#****#*****#**{
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true 0

#define false 1

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

int dim;
float conv(int ptrl, int ptr2, double *ptr3, float *ptr4);
void u_sampling(int ptr5, int ptr6, int ptr7, int ptr8, int ptr9, float *ptri0);

main()

{
FILE *in, *out;

int i, temp_i, h_size, v_size, px, py, dim_tmp, dim_org;
char inf[70];

float buffMaxDimSq], temp_f;

unsigned char header[800], temp;

unsigned long int f_size;

printf(“INV WSQF(FBI) ver. 2.0, 2/Mar/1997\n\n");
printf(“Enter wsq coefficients file name(path\XXX .cof, float): \n”);
scanf(“%s”,inf);

/* Open input .cof file *in, get w_packet coefficients data */
if((in = fopen(inf, “r’)) == NULL)
{

fprintf(stderr, “Cannot open input file \n”);

exit(1);

}

printf(*Please enter dimension of input file:\n”);
scanf(“%i”, &temp_i);
dim = temp_i;
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printf(“h_size and v_size = %d\n”, dim);
f_size =dim * dim;

/¥ level 3 ¥/

/* get .cof file data and put it into buffer */

for(i=0; i< f_size;i++)

i
fread(&temp_f, sizeof(float), 1, in);
buffi] = temp_f;

}

printf(“Reconstruction level 5 is ok !\n");

/* level 4 */

dim_tmp = dim/16;

dim_org = dinv/8;

px=0;

py=0;

u_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
printf(“Reconstruction level 4 is ok '\n™);

/* level 3-1 */
dim_tmp = dim/8;
dim_org = dim/4;
px =0;
py =0;
u_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
px = dim_tmp;
py =0;
u_sampling(px, py, dim_tmp, dim_org, dim_tmp, buf);
px=0;
py = dim_tmp;
u_sampling(px, py, dim_tmp, dim_tmp, dim_org, buf);
px = dim_tmp;
py = dim_tmp;
u_sampling(px, py, dim_tmp, dim_org, dim_org, buf);
/* level 3-2 */
dim_tmp = dim/8;
dim_org = dim/4;
px = dim_org;
py=0;
u_sampling(px, py, dim_tmp, px+dim_tmp, dim_tmp, buf);
px = dim_org + dim_tmp;
py=0;
u_sampling(px, py, dim_tmp, px+dim_tmp, dim_tmp, buf);
px =dim_org;
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py = dim_tmp;

u_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);

px = dim_org+dim_tmp;

py = dim_tmp;

u_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);
/* level 3-3 */

dim_tmp = dim/8;

dim_org = dim/4;

px =0;

py =dim_org;

u_sampling(px, py, dim_tmp, dim_tmp, py+dim_tmp, buf);

px = dim_tmp;

py = dim_org;

u_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);

px =0;

py = dim_org + dim_tmp;

u_sampling(px, py, dim_tmp, dim_tmp, py+dim_tmp, buf);

px = dim_tmp;

py = dim_org + dim_tmp;

u_sampling(px, py, dim_tmp, px+dim_tmp, py+dim_tmp, buf);
printf(“Reconstruction level 3 is ok '\n”);

/* level 2 */

dim_tmp = dim/4;

dim_org = dim/2;

px=0;

py =0;

u_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
px = dim_tmp;

py =0;

u_sampling(px, py, dim_tmp, dim_org, dim_tmp, buf);
px =0;

py = dim_tmp;

u_sampling(px, py, dim_tmp, dim_tmp, dim_org, buf);
printf(*“Reconstruction level 2 is ok !\n™);

/* level 1 */

dim_tmp = dim/2;

px =0;

py =0;

u_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
px =dim_tmp;

py=0;

u_sampling(px, py, dim_tmp, dim, dim_tmp, buf);
px=0;

py = dim_tmp;
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u_sampling(px, py, dim_tmp, dim_tmp, dim, buf);
px = dim_tmp;

py = dim_tmp;

u_sampling(px, py, dim_tmp, dim, dim, buf);
printf(“Reconstruction level 1 is ok '\n”);

/* level 0 */

px=0;

py =0;

dim_tmp = dim;

u_sampling(px, py, dim_tmp, dim, dim, buf);
printf(“Reconstruction level 0 is ok '\n”);

/* Open output file *out, store inv_WT result data */
if((out = fopen(“recover.dat”, “w”)) == NULL)
{
fprintf(stderr, “Cannot open output file \n”);
exit(1);
}

fwrite(&dim, sizeof(int), 1, out);

/* store WT coefficients into file */
for(i=0;i < f_size; i ++)
{

temp_f = buffi] ;

fwrite(&temp_f, sizeof(float), 1, out);
}

fclose(in);

fclose(out);

printf(“finish '\n™);
}

/* */

/* Array preperation and up sampling subroutine */

/* inputs : starting location, dimension, data array */

/* return : void */

/* procedure : according to the starting position and dimension to prepare the 1 dimension data
array, up sampling */

/* */

void u_sampling(int p_x, int p_y, int Igth, int 1gthH, int lgthV, float *mat)

{

int 1, j, k, 1, m, bndary;
float data_ary{MaxDim], data_aryH{MaxDim], data_aryG[MaxDim];
double h_fit[4], g_fit[4];
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h_fit[0] = -0.1294095225512604; /* C3 */
h_fitf1] = 0.2241438680420134; /* C2 %/
h_fitf2] = 0.8365163037378079; /* C1 ¥/
h_fit{3] = 0.4829629131445341; /* CO */

g_fit[0] = -0.4829629131445341; /* -CO */
g_fit[1] = 0.8365163037378079; /* C1*/
g fit[2] =-0.2241438680420134; /* -C2 */
g_fit[3] = -0.1294095225512604; /* C3 */

for(i = 0; i < Igth; i++) /* initialization */
{

data_aryGfli] = 0.0;

data_aryH({i] =0.0;
}

/* synthesis y position(vertical) */
for(i = p_x; i < IgthH; i++)
{

k=0;

for(j = p_y; j < lgthV; j++)

{

data_ary[k] = mat[j*dim + i}];
k=k+1;
}
/* devide data_ary into 2 arrays then up_sampling */
for(k = 0; k < Igth/2; k++)
{
data_aryGlk*2] = data_ary(lgth/2 + k];
data_aryH[k*2] = data_ary(k];
}
[=0;
for(m = 0; m < Igth; m++)
{
if(m < 3)
{
bndary = m;
i=py:
mat{(j+I)*dim + i] = conv(igth, bndary, g_fit, data_aryG) +
conv(lgth, bndary, h_flt, data_aryH);
I=1+1;
}
else
{
bndary = 3;
J=pYy
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mat{(j+1)*dim + i] = conv(m-3, bndary, g_fit, data_aryG) +
conv(m-3, bndary, h_fit, data_aryH);
I=1+1;
}
}
}

for(i = 0; i <lgth; i++) /* initialization */
{
data_aryGli] = 0.0;
data_aryH({i] = 0.0;
}
/* synthsize x position(horizontal) */
for(i = p_y; 1 < IgthV; i++)
{

k=0;
for(j = p_x; j < lgthH; j++)

data_ary[k] = mat{i*dim + j];
k=k+1;
}
/* devide data_ary into 2 arrays then up_sampling */
for(k = 0; k < Igth/2; k++)
{
data_aryG[k*2] = data_ary[lgth/2 + k];
data_aryH[k*2] = data_ary[k];
}
1=0;
for(m = 0; m < Igth; m++)
{
if(m < 3)
{
bndary = m;
mat{i*dim + p_x + I} = conv(lgth, bndary, g_fit, data_aryG) +
conv(lgth, bndary, h_fit, data_aryH);
l=1+1;
}
else
{
bndary = 3;
mat[i*dim + p_x + I} = conv(m-3, bndary, g_fit, data_aryG) +
conv(m-3, bndary, h_fit, data_aryH);
I=1+1;
}
}
}
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}

/* */
/* 1 dimention convolution subroutine */

/* inputs : filter array, data array both are 1 dimension */

/* return : convoluted result(short int) */

/* procedure : sum(Ai * Bi) */

/* */

float conv(int pos, int boundary, double *fit, float *data)
{

int i;

float result;

double temp, sum;

/* pos  :starting position of the filter */
/* boundary :boundary flag */
sum =0.0; /* injtialization */
switch(boundary)
{
case 0:
temp = (fit[0]*(double)data[pos-3])+(fit[ 1]*(double)data[pos-2]);
sum = temp+(fit[2]*(double)data[pos-1])+(fit[3]*(double)data[0]);
break;
case 1:
temp = (fit[0]*(double)data[pos-2])+(fit[ 1}*(double)datafpos-1]);
sum = temp+(fit[2]*(double)data[0])+(fit[3]*(double)data[1]);
break;
case 2:
temp = (fit{0]*(double)data[pos-1])+(fit[ 1 ]*(double)data[0]);
sum = temp+(fit[2]*(double)data[ 1 ])+(fit[3]*(double)data[2]);
break;
case 3:
for(i=0;i<4;i++)
{
temp = fit(i] * (double)data[pos];
pos=pos + 1;
sum = sum + temp;
}
break;
}
result = (float)sum;
return result;

}
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/************#**t************#***#**t**********#*t*************#***#*****#*t’

/* Name : PRO_QTEC ¥/

/* Input : .dat (float) */

/* Output : .pat (float) */

/* Procedure : POSTprocessing the .dat file(gen. by inv_wpqtf) */
/* Data : 22/Feb/97 */

/* Version :1.0%

/* Designer : Eric Jang Tel:2476992, Email: jang @ee.umanitoba.ca */
/*********#*************#*****#****#*#***#***#**#t***#**t******#**t*********’
#include <stdio.h>

#include <stdlib.h>

#include <math.h>

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

main()

{
FILE *in, *out;

unsigned long int {_size, k;

char infile[70], outfile[70], conti;
int i, h_size, v_size, dim, tmp;
float M, R, tmp_f;

printf(“Postprocessing ver. 1.0, 22/Feb/1997\n\n");
printf(“Enter input file name(float, path\\recover.dat): \n");
scanf(“%s",infile);

strcpy(outfile, infile);

conti = “.”;

/* Search the input file name string to find the “.” then replace the extention to “pXX”. */
for 1 =0; i <70; i++)
{
if (infile[i] = conti)
{
outfilefi+1] = ‘p’;
break;
}
}

/* Open input files */

if ((in = fopen(infile, “r’)) == NULL)

{
fprintf(stderr, “‘Cannot open input file.\n);
exit (1);

}
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/* Open output file. */
if ((out = fopen(outfile, “w”)) == NULL)
(
fprintf(stderr, “Cannot open output file.\n");
exit (1);

}

fread(&tmp, sizeof(int), 1, in);
fwrite(&tmp, sizeof(int), 1, out);
dim = tmp;
h_size = dim;
v_size = dim;
if(h_size > MaxDim)
{
printf(“Error, dimension out of range(%d)\n”’, MaxDim);
exit (1);
}
else
printf(“f_size = v_size := %d\n”, dim);

f _size = h_size * v_size;

/* get dat file data and reconstruct it */
printf(*‘Please enter mean (M):\n");
scanf(“%g”, &M);

printf(“Please enter R:\n");
scanf(“%g”, &R);

for(k = 0; k < f_size; k ++)
{
fread(&tmp_f{, sizeof(float), 1, in);
tmp_f = (tmp_f * R) + M;
fwrite(&tmp_f, sizeof(float), 1, out); /* float format */

}

printf(“finish "\n");
fclose(in);
fclose(out);
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A.3 Source Code of Zerotrees Coding in C

/***************#t*#****************##*#*****##*******#***********#*/

/* Name : ZEROTREE.C -- Zerotree coding of DWT coefficients */
/* Procedure : Please refer [Shap93]*/
/* Date : 11/Nov/95, 14, 15 */

/* Version : 1.0, 1.1, 1.2 ¥/

/* Designer : Eric Jang Tel:(204)474-6991 jang@ee.umanitoba.ca */
/******#*****##t**#***t*#**#t**t*#****t#**#*ttt#**#**#*#**#*##t*t**#]
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true 0

#define false 1

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

main()

{

FILE *in, *out, *outl;

int dim, sig, insig, k, m, p, iteration, div, det_r, level, p_sigP[512], n_sigP[512], lpr_en;
int i, j, top, qtz[512], assign[512], t, tmpMID_i, dif_i, tmp_i, h_size, v_size, dim_tmp;
short int tmp_si;

char conti, co, inf{70], outf[70], outf1{70];

float buffMaxDimSq], max, min, tmp_f, out_f;

double prob, info, entropy;

unsigned long int f_size;

printf(“Zerotree coding of Wavelet coefficients ver. 1.2, 15/Nov/1995\n\n");
printf(“Enter original image file name(path\XXX.cof): \n");
scanf(“%s”,inf);
printf(“Please enter level(J <= 5):\n™);
scanf(“%i” &level);
printf(“Do you want to print out filter matrix(y -> yes, others -> no) ? \n");
co = getc(stdin);
co = getc(stdin);
if (co=="'y’)
lpr_en = true;
else
lpr_en = false;

cats
s,
9,
1

outff0]
outf[1]
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/* Open input .cof file *in, get image data */

if((in = fopen(inf, “r")) == NULL)

fprintf(stderr, “Cannot open input file \n");

fread(&tmp_i, sizeof(int), 1, in);

dim = tmp_i;

h_size = dim;

v_size = dim;

printf(“h_size and v_size = %d\n”, dim);
f_size = h_size * v_size;

/* get cof file data and put it into buffer */
=0; i <f_size;i++)

fread(&tmp_f, sizeof(float), 1, in);
buf[i] = tmp_f;

printf(“Finish loading coefficients '\n”);

/* find max and min of the input file */
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max = 0.0;
min = 1000.0;
for(i=0; i < f_size; i ++)
{
if(buf[i] > max)
max = buffi];
else if(buf[i] < min)
min = buffi];
}

printf(“The input files max = %f, min = %f\n”, max, min);

/* Initialization */
max = 0.0;
min = 1000.0;
tmp_i=1;
for(i = 0; i < level; i++)
{
tmp_i =tmp_i * 2;
}
dim_tmp = dim/tmp_i;
printf(“subband dimension = %d, i.e. 1/%d of original dimension\n”, dim_tmp, tmp_i);

/* Zerotree coding */
/* find subband max and min */
for(i = 0; i < dim_tmp; i++)
{
for(j = 0; j < dim_tmp; j++)
{
tmp_f = buff{i*dim + j];
if(tmp_f > max)

max = tmp_f;
else if(tmp_f < min)
min = tmp_f;
}
}
rewind(in);

fread(&tmp_i, sizeof(int), 1, in); /* remove the header */
printf(“subbands max = %f\tmin = %f\n”, max, min);

if(abs((int)max) >= abs((int)min))
tmp_i = abs((int)max);

else
tmp_i = abs((int)min);
top = tmp_i;
printf(“subband unsigned maximum value = %d\n”, top);
tmp_i=1;
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for(i=0; i < 13; i++) /* <2**12=8192 %/
{
tmp_i=tmp_i * 2;
if(tmp_i > top)
{
top = tmp_i;
break;
}
}
printf(“maximum quantization value = %d\n”, top);
/**************************************#****t**t****##*t***t****#]
/* TO */
det_r=2;
div=4;
=top/2; /* T(threshold) */
tmpMID_i = (top + t)/2;
dif_i = t/4;

for(p = 0; p < iteration; p++)
{

printf(“\n\n*************************************************************\n”)

printf(“outf = %s\noutfl = %s\n”, outf, outfl);

.
k4

/* Open output file *out, store WT result data(short int) */
if((out = fopen(outf, “w’’)) == NULL)
{

fprintf(stderr, “Cannot open output file \n");

exit(1);

}

/* Open output file *outl, store WT result data(float) */
if((outl = fopen(outfl, “w”)) == NULL)
{
fprintf(stderr, “Cannot open output file \n");
exit(1);
}
tmp_i = dim;
fwrite(&tmp_i, sizeof(int), 1, out);
fwrite(&tmp_i, sizeof(int), 1, outl);

printf(“threshold= %d\tmidpoint= %d\tdifference = %d\n”, t, tmpMID_i, dif_i);
for(i = 0; i < div; i++)
{

if(i ==0) /*TO*/
{
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qtz[0] =¢;
assign(0] = qtz[0] + dif_i;
if(lpr_en == true)

printf(“qtz[%d]= %d, assign[%d]= %d\n”, i, quz[i], i, assign(il);

}

else

{
qtz[i] = qtz[i-1] + dif_i*2;
assign{i] = assign[i-1] + dif_i*2;
if(lpr_en == true)

printf(“qtz[%d]= %d, assign[%d]= %d\n”, i, giz[i], i, assign(i]);

}
}

/* thresholding */
prob = 0.0;
info=0.0;
entropy = 0.0;
sig=0;
insig = 0;
for(i =0; i < det_r; i++)
{
p_sigP(i] =0;
n_sigP[i] =0;
}

for(i = 0; i < dim; i++)
{
for(j = 0; j < dim; j++)
{

tmp_f = buffi*dim + j];

k = (int)tmp_f;

tmp_i = abs(k);

if(tmp_i <t)

{
tmp_si =0;
fwrite(&tmp_si, sizeof(short int), 1, out);
out_f = (float)tmp_si;
fwrite(&out_f, sizeof(float), 1, outl);
insig = insig + 1;

}

else

{
for(m = 0; m < det_r; m++)
{

if((tmp_i >= qtz[m]) && (tmp_i < qtz[m+1]))
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{
if(k > 0)
{
tmp_si = assign[m];
p_sigP[m] = p_sigP(m] + 1;
}

else
{
tmp_si = -assign[m];
n_sigP[m] = n_sigP[m] + 1;
}
fwrite(&tmp_si, sizeof(short int), 1, out);
out_f = (float)tmp_si;
fwrite(&out_f, sizeof(float), 1, outl);
sig =sig + 1;
}
}
}
}
}
printf(“significient cof = %d and insignificient cof = %d\n”, sig, insig);
prob = (double)(insig)/262144.0;
info = (-1.0) * prob * ((log10(prob))/(log10(2.0)));
printf(*“prob = %g\tinf = %g\n”, prob, info);
entropy = entropy + info;

for(i = 0; i <det_r; i++)
{
if(p_sigP[i] !=0)
{
prob = (double)(p_sigP[i})/262144.0;
info = (-1.0) * prob * ((log10(prob))/(log10(2.0)));
entropy = entropy + info;
}
if(n_sigP[i] !=0)
{
prob = (double)(n_sigP[i])/262144.0;
info = (-1.0) * prob * ((log10(prob))/(log10(2.0)));
entropy = entropy + info;
}
if(lpr_en == true)
printf(“p_sigP[%d] = %d, n_sigP[%d)] = %d\n”, i, p_sigP[il, i, n_sigP[i]);
}
printf(“entropy = %g\n”, entropy);

rewind(in);
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fread(&tmp_i, sizeof(int), 1, in); /* remove the header */

det_r=det_r*2 +2;
div=div * 2;

top =t;

t=1t/2;

tmpMID_i = (top + t)/2;
dif i =t/4;

/* Search the input file name string to find the “.” and then replace the */

/* extention to “cof”. */
for (i=0; i< 70; i++)
{

if (outf[i] == conti)

{

outf[i+5] = outf[i+4];
outfl[i+5] = outf1[i+4];
outf[i+4] = outf[i+3];
outfl[i+4] = outf1[i+3];
outf[i+3] = outf[i+2];
outfl1[i+3] = outf1[i+2];
outf[i+2] = outf[i+1];
outf1[i+2] = outf1[i+1];

outf[i+1] = conti;
outfl1{i+1] = conti;
outffi] = ‘0’;
outflfi] = ‘0’;
break;
}
}

fclose(out);
fclose(outl);

}

fclose(in);
printf(“finish '\n™);
}
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/**********************#********************************************I

/* Name : INVWP_ZERO.C -- INVerse Wavelet Packet for Zerotree coding */
/* Procedure : Please refer to[Shap93] */

/* Date : 13/Nov/9S */

/* Version :1.0%

/* Designer : Eric Jang Tel:(204)474-6991 jang@ee.umanitoba.ca */
/**********************************#***#**********#****************fy
#include <stdio.h>

#include <stdlib.h>

#include <string.h>

#include <math.h>

#define true 0

#define false 1

#define MaxDim 512

#define MaxDimSq 262144 /* 512 X 512 */

int dim;
float conv(int ptrl, int ptr2, double *ptr3, float *ptr4);
void u_sampling(int ptrS, int ptr6, int ptr7, int ptr8, int ptr9, float *ptr10);

main()

{
FILE *in, *out;

int i, temp_i, h_size, v_size, px, py, dim_tmp, dim_org, level;
char inf{70];

float buffMaxDimSq], temp_f;

unsigned char header[800], temp;

unsigned long int f_size;

printf(“INV Wavelet Packet for zerotree coding ver. 1.0, 13/Nov/1995\n\n");
printf(“Enter w_packet coefficients file name(path\XXX.cof): \n");
scanf(“%s”,inf);

printf(“Please enter level(J <= 5):\n");

scanf(“%i”,&level);

/* Open input .cof file *in, get w_packet coefficients data */
if((in = fopen(inf, “r’)) == NULL)
{
fprintf(stderr, “Cannot open input file \n");
exit(1);
}
fread(&temp_i, sizeof(int), 1, in);
dim = temp_i;
printf(“h_size and v_size = %d\n”, dim);
f_size = dim * dim;
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/* level 5 ¥/
/* get .cof file data and put it into buffer */
for(i=0; i < f_size; i ++)
{
fread(&temp_f, sizeof(float), 1, in);
bufli] = temp_f;
}
printf(“Reconstruction level %d is ok '\n”, level);
temp_i=1;
for(i = 1; 1 < level; i++)
{
temp_i =temp_i * 2;
}
dim_tmp = dim/temp_i;
px=0;
py =0;
for(1=0; i < level; i++)
{
u_sampling(px, py, dim_tmp, dim_tmp, dim_tmp, buf);
printf(“Reconstruction level %d is ok \n”, level-(i+1));
dim_tmp = dim_tmp * 2;
}

/* Open output file *out, store inv_WT result data */
if((out = fopen(*“recover.dat”, “w”)) == NULL)
{
fprintf(stderr, “Cannot open output file \n”);
exit(1);

}
fwrite(&dim, sizeof(int), 1, out);

/* store WT coefficients into file */
for(i=0; i < f_size; i ++)
{

temp_f = buffi] ;

fwrite(&temp_f, sizeof(float), 1, out);

}

fclose(in);
fclose(out);
printf(“finish \n");

/* */
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/* Array preperation and up sampling subroutine */

/* inputs : starting location, dimension, data array */

/* return : void ¥/

/* procedure : according to the starting position and dimension to prepare the 1 dimension data
array, up sampling */

r* */

void u_sampling(int p_x, int p_y, int Igth, int IgthH, int IgthV, float *mat)
{
int i, j, k, 1, m, bndary;
float data_ary[MaxDim], data_aryH[MaxDim], data_aryG[MaxDim];
double h_fit[4], g_fit[4];

h_fit[0] = -0.1294095225512604; /* C3 */
h_fitf1] = 0.2241438680420134; /* C2 */
h_fit[2] = 0.8365163037378079; /* C1 */
h_fit{3] = 0.4829629131445341; /* CO */

g _fit[0] = -0.4829629131445341; /* -CO */
g_fit[1] = 0.8365163037378079; /* C1 */
g fit[2] = -0.2241438680420134; /*-C2 */
g_fit[3] = -0.1294095225512604; /* C3 */

for(i=0; i < Igth; i++) /* initialization */
{

data_aryGf[i] = 0.0;

data_aryH[i] = 0.0;
}

/* synthesis y position(vertical) */
for(i = p_x; i < lgthH; i++)
{
k=0;
for(j = p_y; j <lgthV; j++)
{
data_ary[k] = mat[j*dim + i];
k=k+1;
}
/* divide data_ary into 2 arrays then up_sampling */
for(k = 0; k < Igth/2; k++)
{
data_aryG[k*2] = data_ary[lgth/2 +k];
data_aryH[k*2] = data_ary(k];
}

1=0;
for(m = 0; m < Igth; m++)
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{
if(m < 3)
{
bndary = m;
i=pys
mat[(j+])*dim + i] = conv(Igth, bndary, g_fit, data_aryG) +
conv(lgth, bndary, h_fit, data_aryH);
I=1+1;
}
else
{
bndary = 3;
i=py;
mat[(j+])*dim + i] = conv(m-3, bndary, g_fit, data_aryG) +
conv(m-3, bndary, h_fit, data_aryH);
I=1+1;
}
}
}

for(i = 0; i <lgth; i++) /* initialization */
{

data_aryG[i] = 0.0;

data_aryH(i] = 0.0;
}

/* synthsis x position(horizontal) */
for(i = p_y; i < IgthV; i++)
{
k=0;
for(j = p_x; j < lgthH; j++)
{
data_ary[k] = mat[i*dim + j];
k=k+1I;
}
/* devide data_ary into 2 arrays then up_sampling */
for(k = 0; k < Igth/2; k++)
{
data_aryG[k*2] = data_ary[lgth/2 + k];
data_aryH[k*2] = data_ary{k];
}

1=0;
for(m = 0; m < lgth; m++)

{
if(m < 3)
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{
bndary =m;
mat[i*dim + p_x + I] = conv(lgth, bndary, g_fit, data_aryG) +
conv(lgth, bndary, h_flt, data_aryH);
I=1+1;
}
else
{
bndary = 3;
mat[i*dim + p_x + I] = conv(m-3, bndary, g_fit, data_aryG) +
conv(m-3, bndary, h_fit, data_aryH);

I=1+1;
}
}

}
}
I* */
/* 1 dimention convolution subroutine */
/* inputs : filter array, data array both are 1 dimension */
/* return : convoluted result(short int) */
/* procedure : sum(Ai * Bi) */
I* */
float conv(int pos, int boundary, double *fit, float *data)
{

int i;

float result;

double temp, sum;

/* pos  :starting position of the filter */
/* boundary :boundary flag */
sum=0.0; /¥ initialization */

switch(boundary)
{
case 0:
temp = (fit[0]*(double)data[pos-3])+(fit[1]*(double)data[pos-2]);
sum = temp-+(flt{2]*(double)data[pos-1])+(fit[3]*(double)data[0]);
break;
case 1:
temp = (fit[0]*(double)data[pos-2])+(fit[ 1]*(double)data[pos-1]);
sum = temp+(fit[2]*(double)data[0])+(fit[3]*(double)data[1]);
break;
case 2:
temp = (fit[0]*(double)data[pos-1])+(fit[ 1]*(double)data[0]);
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sum = temp+(fit[2]*(double)data[1])+(fit[3]*(double)data[2]);
break;
case 3:
for(i =0; 1< 4; i++)
{
temp = fit[i] * (double)data[pos];
pos =pos + 1;
sum = sum + temp;
}
break;
}
result = (float)sum;
return result;
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APPENDIX B

MATLAB M-FILES

B.1 MATLAB M-File for Forward Discrete Wavelet Transform

G = [-0.1294095225512604 -0.2241438680420134 0.8365163037378079 -0.4829629131445341];
H= [0.4829629131445341 0.8365163037378079 0.2241438680420134 -0.1294095225512604];
H= [-0.1294095225512604 0.2241438680420134 0.8365163037378079 0.4829629131445341];
IG = [-0.4829629131445341 0.8365163037378079 -0.2241438680420134 -0.1294095225512604};

Inf= input(’Please enter input file (XXX.ras) name °’, °’s’)
fidl= fopen (Inf, ’r’)
fid2=  fopen ("dwt_fit.dat’, 'w’)

Dim= 512; % dimension of the input array
A= [1:1: Dim];

B = [I:1: Dim];

C = fread(fidl, 800, ’uchar’);

fwrite(fid2, C, 'uchar’); % write back the header
C = fread(fid1, [Dim,Dim], "uchar’);

Data =C;

Tp ¥k dddkskkdokkdkdkkkkkkkx Forwafd DWT 3 3k e e ke ke ok e e 3 e o e sk o e sfe ke ke ke ke ke

% **** X direction ****
DWT_X = zeros(Dim);
fork=1:1:Dim

tmp = Data(k,:); % extract the kth row
N =Dim;
while N>=4
tmpl = tmp(1:2);
tmp2 = [tmp tmpl]; % append the 1st 2 data
tmpG = conv(tmp2, G); % HPF
tmpH = conv(tmp2, H); %LPF
bufG = tmpG(4:2:N+3); % down sampling of HPF
bufH = tmpH(4:2:N+3); % down sampling of LPF
i=L
N1=N./2;

fori=NI1+1:1:N
buf(i) = bufG(j);
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i=j+ L

end

tmp = bufH;

N =NI1;
end
buf(1:2) = tmp;
DWT_X(K, :) = buf;

end

% *¥kkk Y direction ki
DWT_Y = zeros(Dim);
Data = WT_X’;
fork=1:1:Dim
tmp = Data(k,:);
N = Dim;
while N >=4
tmpl = tmp(1:2);
tmp2 = [tmp tmpl];
tmpG = conv(tmp2, G);
tmpH = conv(tmp2, H);
bufG = tmpG(4:2:N+3);
bufH = tmpH(4:2:N+3);
j=1L
N1 =N./2;
fori=NI1+1:1:N
buf(i) = bufG(j);
i=j+ 1
end
tmp = bufH;
N=NI;
end
buf(1:2) = tmp;
DWT_Y(, :) = buf;
end
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% extractthe kthrow

% append the 1st 2 data
% HPF

% LPF

% down sampling of HPF
% down sampling of LPF

¥ ¥ 3% 3% Aok e e e e e e e e e e e de ke e e desfe e ke sl ek e sk e sl ol s e s o sl s ke s o e e el e ke e ole ol e e e sk e e o e ke o sl sk o s ke dle ke ke ke ok

surf(A, B, DWT_Y);
fwrite(fid2, DWT_Y, *float’);
fclose(fidl);

fclose(fid2);

% print -dgif8 dwtfOl_128.gif
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B.2 MATLAB M-File for Inverse Discrete Wavelet Transform

G = [-0.1294095225512604 -0.2241438680420134 0.8365163037378079 -0.4829629131445341];
H = [0.4829629131445341 0.8365163037378079 0.2241438680420134 -0.1294095225512604];
[H= [-0.1294095225512604 0.2241438680420134 0.8365163037378079 0.4829629131445341];
IG= [-0.4829629131445341 0.8365163037378079 -0.2241438680420134 -0.1294095225512604];

Inf =

Outf =
fidl =
fid2 =
Dim =

input(’Please enter input file name (XXX.dat, default: dwt_fit.dat) : °, ’s’)
input(’Please enter output file name (XXX.ras): ’,’s’)

fopen (Inf, ’r’)
fopen (Outf, *w’)
512;

A= [l:1:Dim];

B= [1:1:Dim];

C= fread(fidl, 800, 'uchar’);
fwrite(fid2, C, "uchar’);

C= fread(fidl, [Dim,Dim], 'float’);
Datal =C;

% dimension of the input array

% write back the header

%*****************#*********Inverse DWT L2 2 2222222222 2222 222 2 37

% 2 = 2 4 Y direcﬁon 2 2+ 2 3
REC_Y = zeros(Dim);
fork=1:1:Dim

buf = Datal(k,:);

tmp = buf;

M =Dim;

N=2;

while N <M

fori= 1:1:N.*2
LF@)=0;
end
fori=1:1:N
LF(2.*(i-1)+1) = tmp(i);
end
tmpl = LF((N.*2)-2 : N.*2);
tmp2 = [tmp1 LF];
tmpH = conv(tmp2, IH);
LF =tmpH(4:1: (N.*2)+3);
fori= 1:1:N.*2
HF(i) =0;
end
fori=1:1:N
HF(2.*(i-1)+1) = buf(N+i);
end

% extract the kth row

% dimension
% initialization

% initialization

%up sampling
%copy the last 3 data
%INV LPF

%initialization

%up sampling



tmpl = HF((N.*2)-2 : N.*2);
tmp2 = [tmp1 HF};
tmpG = conv(tmp2, IG);
HF =tmpG(4:1:(N.*2)+3);
tmp = LF + HF;
N =N.*2;

end

REC_Y(, :) = tmp;

end

% sk X di[ection 2 2 2 4
REC_X = zeros(Dim);
Data=REC_Y’;
fork=1:1:Dim
buf = Data(k,:);
tmp = buf; M =Dim;
N=2;
while N<M
fori= 1:1:N.*2
LFG)=0;
end
fori=I:1:N
LF(2.*%(i-1)+1) = tmp(i);
end
tmpl = LF((N.*2)-2 : N.*2);
tmp2 = [tmpl LF];
tmpH = conv(tmp2, IH);
LF =tmpH(4 : 1 : (N.*¥2)+3);
fori=1:1:N.*2
HF(@i)=0;
end
fori=1:1:N
HF(2.*(i-1)+1) = buf(N+i);
end
tmpl = HF((N.*2)-2 : N.*2);
tmp2 = [tmp] HFI;
tmpG = conv(tmp2, IG);
HF =tmpG(4: 1 : (N.*2)+3);
tmp = LF + HF;
N =N.*2;
end
REC_X(, :) = tmp;
end
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%INV HPF

% extract the kth row
% dimension
% initialization

% initialization

% up sampling

% copy the last 3 data

%INV LPF

%initialization

Joup sampling

%INV HPF

Tlp % 3 36 33 24 2 3 24 e e 3 2 36 20 e e ke ke 0 e e e S o ok e 3 2 26 38 e 36 o 3 3 3k ol 36 54 3 3 3 e o o o o o 2 o o 3 o o o s o s ok ke e ok ok o o e e ke e ke

% F =REC_X’;
fwrite(fid2, REC_X, ’uchar’)
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fclose(fidl);
fclose(fid2);
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B.3 MATLAB M-File for Zonal Filter

Inf = input(’Please enter input file name (XXX.dat, default: dwt_fit.dat) : *, ’s")
fidl = fopen (Inf, ’r’) .

fid2 = fopen ("zonall_2.dat’, "w’)

fid3 = fopen ("zonall_4.dat’, 'w’)

fid4 = fopen ("zonail_8.dat’, 'w’)

fidS = fopen ("zonall_16.dat’, "w")

Dim =512; % dimension of the input array
C = fread(fid1, 800, *uchar’);

fwrite(fid2, C, "uchar’); % write back the header
fwrite(fid3, C, 'uchar’);

fwrite(fid4, C, "uchar’);

fwrite(fids, C, "uchar’);
C = fread(fid1, [Dim,Dim], ’float’);

%*************************** zonal ﬁlter 1/2 LR 222 2322 222 2 22 2 2 23 37222 32 2 TR
Empty = zeros(Dim); '
Length = Dim;
fori=1:1:Dim

Empty(i, 1:Length) = C(i, 1:Length);

Length = Length - I;
end
fwrite(fid2, Empty, 'float’);

%*************************** Zonal ﬁlter 1/4 ¥ Fe e e 2 e e e ok 3k o o 3 3 e 3k vl e e ke ok e e ok sk sl ksl ke ke sk ke ke ok
Empty = zeros(Dim);

N = Dim./2;

Empty(1:N, 1:N) = C(1:N, 1:N);

fwrite(fid3, Empty, *float’);

%*************************** Zonal ﬁlter 1/8 e afe s e e s e e v sk e ke e e e ke e ke ofe ok e e sl e ke ke s ke sk e ok ke ke e ok
Empty = zeros(Dim);
Length = Dim./2;
fori=1:1:Dim
Empty(i, 1:Length) = C(i, 1:Length);
Length = Length - 1;
end
fwrite(fid4, Empty, *float’);

O ¥ ¥ Rkkkikkieokkkikkkikkikkkkkkk Zonal ﬁlter 1/16 LA 2222 222222222223 222222222322 22 2

Empty = zeros(Dim);
N =Dim./4;
Empty(1:N, 1:N) = C(I:N, 1:N);
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fwrite(fidS, Empty, *float’);

/AR S S S S R 2 22 2 22 2 h 22 22 T ok ok kK b2 2 2 2 2 2 2 223 2 22 33

fclose(fidl);
fclose(fid2);
fclose(fid3);
fclose(fid4);
fclose(fid5);





