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Chapter 1

Introduction

This chapter gives a brief introduction to the topic of research work undertaken. The
irnportance of signal processing in this digital era is presented followed by a brief intro-
duction to one of the modern non-stationary signal processing tools, viz. the wavelet
analysis, and its computation. Other relevant areas such as the linear predictive coding
and the signal compression technology are alse introduced. Finally the motivation for

the research work carried out is presented along with a brief layout of the thesis.



Over the past several decades, the field of Digital Signal Processing has been sig-
nificantly contributing to the different areas of technology. Among the latest tools in
DSP!, the wavelet analysis has gained much attention due to its capability in non-
stationary signal processing. The concept of wavelet analysis has been in place in one
form or another since the beginning of 20** century. However, the wavelet theory at-
tracted particular attention in the 1980s through the work of several researchers from
various disciplines - Stréomberg, Morlet, Grossmann, Meyer, Battle, Lemarié, Coifman,
Daubechies, Mallat, Chui - to name a few. Because signal compression had been con-
sidered as a major application of wavelets, in many cases, the application of the WT?
was regarded synonymous with data compression. Later, DSP has shown a fast growth
phase, through its widening applications in various areas of technology.

Wavelet techniques enable us to divide a complex function into several simpler
ones and study them separately. This property along with fast wavelet algorithms,
makes these techniques attractive in analysis and synthesis problems. Wavelets have
gained popularity in different areas like signal/image analysis, medical diagnostics,
boundary-value problems, geophysical signal processing, statistical signal processing,
pattern recognition, signal/image compression, and many others.

Since most of the man-made and natural signals are non-stationary in nature, unlike
Fourier-based analysis, wavelet analysis offers much more compact and easier imple-
mentation. - Since DWT? is essentially a sub-band coding system and since sub-band
coders have been successful in speech and image compression, it is clear that wavelets
find immediate application in compression problems.

In this thesis, the problem of non-stationary signal processing and the techniques for
compression of the pseudo-periodic regions in it have been investigated. The compu-

tational issues in wavelet analysis have been examined and the development of a novel

'Digital Signal Processing
?Wavelet Transform
3Discrete Wavelet Transform



4 Chapter 1. Introduction

structure for DW'T computation has been presented.

1.1 Signal Processing

A signal is defined as a physical quantity that varies with time, space, or any other
independent variable. Signal processing is any operation, that changes the characteristics
of a signal.

Conventional signal processing methods mainly include the Fourier techniques named
after Jean Baptiste Joseph Fourier (1768-1830), a French mathematician and physicist.
it transforms the signal in the time or spatial domain to the frequency domain in which
many characteristics of the signal are revealed. Most of the signals encountered in the
field of science and engineering are functions of a continuous variable such as time or
space. Until World War 11, enalog methods played a dominant role in signal processing.
The development of the theory of sampled data systems began in 1940°s which lead to the
development of digital signal processing. Eventually, due to the advances in integrated
circuit technology, achievements in software engineering and improved algorithms in
numerical analysis, the field of DSP experienced rapid expansion. There are several
advantages in going for the digital processing of analog signals. These include flexibility,
accuracy, storage considerations etc. A good majority of signals associated with physical
phenomena are quasi-periodic in nature and has considerable processing advantages over
totally non-periodic or random signals.

Depending on whether the signal is continuous, discrete, periodic or aperiodic, four
categories of Fourier Transforms exist, viz. the FT*, the FS5 the DTFT®, and the
DFT7. These apply respectively to aperiodic-continuous, periodic-continuous, aperiodic-

discrete and periodic-discrete signals {1]. Practically the only type of FT' that can be

4Fourier Transform

SFourier Series

SDiscrete Time Fourier Transform
"Discrete Fourier Transform



1.2. The Wavelet Analysis 5

used in DSP is the DFT.

Although unquestionably the most versatile method, Fourier analysis becomes inad-
equate when the local frequency contents of the signal are of interest or when the signal
is non-stationary in nature. To overcome this, a local analysis is needed combining the
time and frequency domain techniques, by means of which one can extract the local fre-
quency content of a signal. An elementary scheme in this line is referred to as STFT®.
By this method, an approximate frequency content of a signal f(¢)in the neighborhood
of some desired location in time, say £ = b can be obtained. This is achieved by first
windowing the function using an appropriate window function ¢(t) and then taking the
FT of fo(t), where fi(t}) = f(t)¢(t — b) is the windowed function. This transform is also
referred to as the windowed FT or running window FT.

Although STFT and its variations are widely used to resolve events in the frequency
and time axis, the fixed time-frequency resolution of the STFT poses a serious constraint
in many applications. The WT is an advanced time-frequency transform that overcomes

the above constraint.

1.2 The Wavelet Analysis

Wavelet Analysis is a powerful concept that has highly influenced the field of applied
mathematics and different areas of engineering research. It is the state-of-the art signal
processing tool whenever a signal is dominated by transient behavior or discontinuities.
Wavelets help in hierarchically decomposing functions. They allow a function to be
described in terms of a coarse overall shape and details that range from broad to narrow.
They offer an elegant technique for representing the various levels of details present in
the signals. Signal characteristics can be efficiently located in the space and frequency

domains. Thus, unlike the STFT, wavelets are adequate for the study of non-stationary

$Short-Time Fourier Transform



6 Chapter 1. Introduction

and unpredictable signals with both low frequency components and sharp transitions.
The WT is a multiresolutional, multiscale a nalysis technique which has been shown
to be well suited for music processing as well, due to its similarity to the processing of

sound by the hum an ear.

In contrast to a Fourier Sinusoid, which oscillates for ever, a wavelet is localized
in time. They are functions which lasts for only a few cycles, and hence the name.
They are basically oscillatory functions, which satisfy certain properties. Each wavelet is
associated with a scaling function. They serve as excellent mathematical tool in the time-
frequency analysis of both one-dimensional and two-dimensional signals. In practical
wavelct analysis, this is achieved by representing the signals as a linear combination of
scaled (durations) and shifted (positions) versions of the wavelet and scaling functions.
Fine-scale wavelets are narrow and brief, and coarse-scale wavelets are wide and long-

lasting.

There are various kinds of wavelets. Accordingly, to suit the application, one can
choose from among smooth wavelets, compactly supported wavelets, symmetric and non-
syminetric wavelets, orthogonal and biorthogonal wavelets etc. It is often a complex task,
since there are so many properties like the smoothness, temporal/spatial localization,
vanishing moments, frequency localization, symmetry, orthogonality etc., which are to

be considered.

A Fourier Transform represents a signal in terms of superposition of sinusoids with
different frequencies, the coefficients being a measure of the contributions of these sinu-
soids at these frequencies. Similarly the WT represents the signal as a sum of wavelets
with different locations and scales. The wavelet analysis results in a set of wavelet co-
efficients, which indicate how close the signal is, to a particular basis function. The
wavelet coeflicients essentially quantify the strength of contribution of the wavelets at
the corresponding locations and scales. The technique has been applied in such diverse

fields as digital communication, remote sensing, audio signal processing, biomedical sig-
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nal processing, medical imaging, astronomy, entertainment electronics, and numerical

analysis.

1.2.1 The Continuous Wavelet Transformm

The WT is computed as a correlation measure between the signal and a prototype
wavelet function, also called the mother wavelet, at different scales and shifts. When
the scale and shift parameters are continuous and the signal under consideration is a
function of a continuous variable, the corresponding transform is called the CWT°.
Specifically, if we choose the set of dilated and translated functions of v(t) defined as
Q = {(¥ap(t), (a,b) € (0,00) x R}, then the CWT (W f)(a,b) of the signal f(t) €
Ly(R) will be

oSO
Wof)(ab) = a2 [ f(eyGeatOic (L)
— O
where, 1 is the complex conjugate of 4, and (t) € Lo(R) whose FT must satisfy [2]
m o~
Cy = 2n f ]~ () P < o0 (1.2)
— o0

Since the scale factor a is the inverse of the frequency w, the value (Wy, f)(ao, bo) exhibits
the frequency content of f{t) in a frequency interval centered around wy = ag Lat a time
interval centered around bg. The CWT is highly redundant and in a strict sense, it is

impossible to compute CWT using a digital computer

1.2.2 The Discrete Wavelet Transform

The CWT maps a signal of one independent variable ¢ into a function of two independent
continuous variables a,b. From a computational point of view, this transform is not
efficient as it is highly redundant and we have to work on continuous variables. Although
the discretized/sampled CWT enables the computation of the transform by computers,

the CWT in true spirit is not achieved. The redundancy problem still exists in this

#Continuous Wavelet Transform. Sometimes referred as Integral Wavelet Transform (IWT)
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sampled version of the CWT. One way to solve this problem of redundancy is to sample
the CWT on a two dimensional grid (a;, bj«), such that a; = 27, and b, = k27 to
adapt to the scale factor a,. For this choice of grid, the WT is called the DWT [2],
[3], defined as:

Waf)(@ k2) =279 [~ eyt - Ry (1.3)

DWT is still the transform of a continuous time signal, the discretization being only in
the a and b variables. In this sense it is analogous to the Fourier Series and hence it has
also been referred to as a continuous-time wavelet series [4], [5].

The DWT is often a tight and non-redundant representation of the signal. It is clear
that this transform is not shift-invariant. If we select a redundant and shift-invariant
transform, it has several advantages over its decimated counter parts. This type of WT is
designated as the UDWT!L. The UDWT has been independently developed, for different
purposes and under several names, viz. SIDWT!?, SWT!? RDWT! etc [6], [7], [8]. The
key point is that it is redundant, shift invariant, linear and is a better approximation to
the CWT. The first and obvious way of computing a UDWT is by simply evaluating the
DWT for all shifts. Therefore UDW'T calls for increased storage space and computational

complexity.
1.3 Wavelet Transform Computation
Processing in the discrete wavelet domain is generally carried out on the DWT co-

efficients, which are computed using multiband filtering operation. Both sequential and

parallel computational structures are in use. The key points of consideration in imple-

0Djscrete Wavelet Transform.

! Undecimated/non-decimated Discrete Wavelet Transform
128hift Invariant Discrete Wavelet Transform

13Gtationary Wavelet Transform

MRedundant Discrete Wavelet Transform
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menting computational algorithms are the structural complexity, storage requirements,

number of arithmetic operations, and elimination of redundant computations.

1.3.1 The Pyramid Structure

For practical computation of DWT coefficients, a fast pyramid algorithm also called the
Mallat’s algorithm , which relates the wavelet function to a set of QMF'? bank (9], [3]
is popularly used. This is a recursive algorithm. It is sometimes referred to as the
two-channel sub-band coder as it involves filtering the input signal based on the wavelet
function used. This algorithm basically follows a sequential structure and the computa-
tion of transform coeflicients at any level is achieved by going through all the interme-
diate levels. Other algorithms in this category include the aTrous algorithm, Vetterli

algorithm (4], etc.

1.3.2 Alternate Structures for WT Computation

There are certain applications in which we need not have to go for the WT coefficients
at all levels. In such cases the sequential structure as above is not advisable and hence
parallel implementations are often sought. This is a necessity in huge data processing
applications as well. In parallel structures, the WT coefficients at each level is computed,
as far as possible, directly from the original data itself. The specific structure of these
algorithms greatly depend on the nature of the problem addressed and they vary in terms

of the degree of parallelism, inter-processor communication, memory requirements etc.

1.4 Wavelet Transform for Pseudo-Periodic signals

A large class of signals that arise from physical systems are oscillatory in nature, though
they are not periodic in a strict mathematical sense. Examples include voiced regions

in speech/music signals, musical tones, ECG signals etc. Moreover, it has been cstab-

15Quadrature Mirror Filter
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lished that images can also be treated as pseudo-periodic signals [10]. This reveals the
importance of pseudo-periodic signal processing.

In the case of pseudo-periodic signals,the WT can be applied in a modified way
making use of the periodicity property. This transform called the Pitch-Synchronous
Wavelet Transform was first introduced by G. Evangelista in 1993 [11}. Here the signal
is first arranged in the PS'® form as a 2D!7 data by making use of the local period
information. The PSWT!® is computed using the PS data. It has got several advantages
over the conventional DW'T wiz. rate-reduction coding, better feature extraction and
noise suppression, bandwidth reduction, etc.

The usefulness of the PSWT technique always depends on the accuracy with which
the local periods are evaluated. When no local period is detected, it turns out to be the
ordinary DWT. When the local periods are same, the PSWT will turn out to be the
MWT!.

1.5 Linear Predictive Coding and Signal Compression

1.5.1 Linear Prediction

Linear prediction is a particularly important topic in DSP, with application in a va-
riety of areas such as speech signal processing, image processing, noise suppression in
communication systems, biomedical signal processing, data rate reduction coding, ctc.
Predictive coding systems make use of the waveform redundancy to realize straightfor-
ward reductions in bit-rate for a specified quality of quantization. Any prediction system

involves the evaluation of the optimal predictor, which reflects the signal /source charac-

'6pitch-Syncironous

" Two Dimensional

'3 pitch-Synchronous Wavelet Translorm
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teristics, followed by a scheme to predict the signal in terms of the predictor itself. This
results in a compact representation of signals for the purpose of efficient transmission
and storage.

Predictors based on recent waveform history and time-invariant predictor coefficients
leads to a class of coders which constitutes one example of low-to-medium complezity
designs. On the contrary, high complerity predictors are characterized by the use of adap-
tive predictors matched to short-time input spectrum and/or distant-sample-memory for

utilizing waveform periodicities.

1.5.2 LPC Technique for Data Compression

LPC# is a popular method employed in data compression applications. These coders
usually belong to the analysis-synthesis type. Such coding systems utilize a compact
set of parameters in the analysis stage, which are used to encode the original data
efficiently. This results in considerable data size reduction for transinission and storage
purposes. In the synthesis stage, these parameters are decoded and used in conjunction
with appropriate inverse mechanism to reconstruct the original signal. Analysis can
be open-loop or closed-loap. In closed-loop analysis, the parameters are extracted and
encoded by explicitly minimizing a measure (usually the mean square) of the difference

between the original and the reconstructed signals.

The above Parametric representations can be speech or non-speech specific. Non-
speech specific coders or waveform coders are concerned with the faithful reconstruction
of the time-domain waveform, whercas, speech specific coders or voice coders (vocoders)
rely on speech models and are focussed on producing perceptually intelligible speech
without necessarily matching the waveform. Hence vocoders are capable of operating at

very-low rates whercas waveform coders generally operate at medium rates.

Linear Predictive Coding
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1.6 Motivation for the Work

There has been outstanding contributions from various research groups towards transforin-
domain-based signal processing as reviewed in chapter 2. LPC based waveform coding
is understood to be the best in waveform coding under medium-rate systems. The W'T'
based systems are also found to give superior performance in sub-band coding systems.
In the case of pseudo-periodic signals, once the signal is represented in PS form, data se-
quences across periods are noticed to be very much identical except for minor variations.
Due to this, the PSWT, is proved to result in superior performance over conventional
WT. This research work combines the relative advantages of LPC techniques in wave-
form coding and the W'T techniques in sub-band coding along with the data reduction
capability of PSWT in WT based sub-band coding.

In any transform domain system, computational issues deserve special attention.
It is not an exception in WT based signal processing systems also, as state-of-the-art
computational structures have the drawback of redundant computations. Hence in this
work, reduction of computational burden and complexity in the evaluation of DWT and
PSWT coeflicients have also been taken up. Development of an efficient computational
structure was aimed at to make the coding system attractive for implementation.

The motivating factor is that, this work could contribute considerably to a number
of practical systems. Examples include speech processing systems, entertainment and
multimedia systems, telemedicine and other modern biomedical systems, signal process-
ing systems handling large volume of data like geological systems, weather forecasting

systems etc.

1.7 Layout of the Thesis

This thesis is organized into two major sections. The first section describes a novel

compression scheme in which the PSW'T technique is uniquely combined with the pop-
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ular Linear Predictive Coding technique. The second part deals with the computational
issues of Discrete Wavelet Transform and the development of a new structure for its
efficient implementation.

The remaining portion of the thesis is divided into 5 more chapters.

Chapter 2 gives the literature review. Here, an account of the previous research
work that has been carried out in the related field by peer researchers is presented. The
present work is related to various fields in signal processing including W'T' based signal
analysis, period estimation methods, PSWT based signal processing, Linear Predictive
Coding and compression, computational structures for 1D and 2D DWT, etc. Hence
an elaborate account of the recent developments and state-of-the-art in such topics and
related areas have been incorporated in this review chapter.

In Chapter 3, a brief description of the introductory theory is given. Topics included
are Non-stationary signal processing, theory of MRA?! in discrete domain, basic theory
of various types of WT, multi-rate techniques in DSP, theory of PSWT and LPC, com-
putation of 1D and 2D wavelet transform etc. This chapter serves as a background for
the work presented in chapters 4 and 5.

Chapter 4 describes the PSWT based method developed for the Linear Predictive Cod-
ing and Compression of pseudo-periodic signals, and its typical applications. Initially,
the method has been presented in detail for general pseudo-periodic signal processing
applications. Subsequently, the application of the compression scheme on typical sig-
nals have been presented as case studies. Some techniques for feature enhancement and
source dependent noise suppression in PSWT domain also have been explained. The
method has been evaluated in terms of standard performance measures. The chapter is
concluded highlighting the results and discussing the important findings of the study.

The development of the new computational structure called the Parallel Multiple

Subsequence (PMS) structure has been presented in chapter 5. It has been systemat-

' Multi Resolution Analysis
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ically derived for 1D and 2D DWT computation. This is followed by the analysis of
results and a description of its effectiveness in different signal processing applications.
The performance of this structure for variations in data size, level of decomposition, and
wavelet size are analyzed and compared with that of the popular pyramid structure. To
highlight the computational efficiency of the PMS8?? structure, Cases of complete wavelet
decomposition and that of direct decomposition to arbitrary levels are separately pre-
sented. Application of the structure in practical situations like PSWT computation of
ECG data, and edge detection in mammogram have been described as case studies.
Important results and conclusions drawn thereof in using the PMS structure are given
at the end of this chapter.

A brief summary of the research work conducted and the important conclusions
thereon are highlighted in chapter 6. The scope for future work, as an extension of the
present study, is mentioned towards the end of this chapter.

This thesis includes two appendices which describe some works of the author in the
related field.

Appendiz A deals with the results of a general study conducted on WT based data
compression. The effect of wavelet length, type of wavelet, and level of decomposition in
signal compression is presented and compared with that of Wavelet Packets for the same
application. Audio data recorded at different sampling rates and storage resolution has
been taken up for the study.

In Appendiz B a study on WT based segmentation of 1D signals is presented. In
order to apply the PSWT technique in general signal processing tasks, the signal has to
be segmented into different regions and the pseudo-periodic ones are to be identified first.
A preliminary study in this direction, employing the W'T' technique has been performed,
taking vocal music as example. The signal could be automatically segmented into voiced,

unvoiced, silent and transition regions as depicted in this appendix.

22parallel Muttiple Subsequence




Chapter 2

Literature Review

A detailed account of the previous work in the field of WT based signal processing,
particularly on the topic of PSWT based signal processing is given in this chapler. A
brief description of the general work in this field is included. Some important published
works in the allied areas such as Linear Predictive coding and W1 based signal compres-
ston, period estimation techniques elc. are also briefly outlined. Developmenis in the
field of PSWT based signal processing and techniques for period estimation of selected
quasi-periodic stgnals are reviewed. Finally, significant coniributions on algorithms and

structures for W' computation are accounted.

15
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The field of signal processing has always benefited from a close coupling between
theory, applications, and techuologies for implementing signal processing systems. The
growing munber of applications and demand for increasingly sophisticated algorithims
goes hand-in-hand with the rapid pace of device technology for implementing digital
processing systems. In practical systems it is quite natural that one may want to enhance
some signal component or some parameter of a signal model. In communication systemns,
it is generally necessary to perform preprocessing operations such as modulation, signal
conditioning and compression prior to transmission over a channel and then to carry

out the corresponding post-processing at the receiver.

An important area in DSP is non-stationary signal processing. Almost all practical
signals can be assumed non-stationary when considered for reasonably long duration.
Hence conventional signal processing tools such as the Fourier techniques have been
replaced by more efficient WT based methods. It is basically a time-frequency method
employing multirate techniques. In the WT based processing of pseudo-periodic signals
pitch-synchronous analysis, linear predictive analysis and computational issues play a
significant role. Almost all solutions developed for 1D signals have a direct counterpart

in multi-dimensional systems also, especially in 2D signal processing.

‘The first book devoted to digital signal processing was written by Gold and Rader
(12]. A partial list of books on fundamental concepts and applications that followed
include [13], [14], [15], (18], [17], [18], [19], [20] and [21]. More information concerning
image analysis can be found in [22], [23], [24], [25] and [26], where as [27] and [28] arc
devoted for geophysical and seismic applications. The important field of speech analysis
and synthesis is the subject of [29], [30] and [31]. Feature enhancement is one among

the common applications of signal processing [32], [33], [34], [35], [36].
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2.1 Linear Predictive Coding and Signal Compression

The goal of any compression scheme is to achieve transparent compression, where the
output signal is as perceptually similar to the original signal as possible. Many of the
compression algorithms are similar, with variations existing primarily in the method of
implementation. A fundamentally new approach to dynamic range compression based
on a critical band multichannel structure , incorporating the attack and release rates,
a level estimate mode control, and a normalization of the level estimates across the
frequency bands is presented by Schmidt et al [37).

A CELP! bascd audio coding system which uses filter banks to decompose in the
frequency domain, into constant width sub-bands is described in  [38]. In order to
obtain a high audio quality, they have used psycho-acoustic models. They could achieve
excellent andio signal quality at bit rates of 50-60 kbit/s. Etemoglu et al. has recently
presented a sinusoidal speech model for low bit rate speech coding, where parameters
of the model are extracted by a closed loop analysis based on matching pursuits [39].
The sinusoidal modelling of the speech LP residual is performed within the general
framework of matching pursuits with a dictionary of sinusoids. The authors claim to
have achieved a quality exceeding the 6.3kbps G.723.1 coder with a 4kbps matching
pursuits sinusoidal speech coder.

The need for compressing biomedical signals is important due to the tremendous
amount of data that need to be stored efficiently at low cost. As an cxample, consider
an ambulatory or Holter ECG recording system [40]. The recent technological devel-
opments have made possible the recording of ambulatory ECG signal in digital form
into solid state memory. However, memory requirement for say 24 hours of ECG mon-
itoring arc prohibitive (i.e., about 52 megabytes for two-channel, 12-bit resolution and
250 Hz sampling rate). For efficient storage of such large data records, effective data

compression methods are of interest. The desired objective is to provide a high quality

'Code Exeited Linear Prediction
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reconstruction of ECG signals at low bit rates and acceptable distortion levels. Solutions
to the compression of ECGs resulted in different techniques, roughly two categories can

be identificd.

s Dedicoted techniques: These are mainly time-domain techniques and were devel-

oped only for the compression of ECG signals. They include the following:

— Heuristic algorithms, like the amplitude zone time epoch coding (AZTEC)
[41],turning point (TP) [42], coordinate reduction time encoding system [43},

FAN algorithin [44] and improvements to time-domain algorithms such as

SLOPE [45] and AZTDIS [46].

— Optimization algorithms, like long-term prediction (LTP) [47}, (48], analysis
by synthesis ECG compressor (ASEC) [49], and the cardinality constrained
shortest path technique [50], [51].

s General Techniques: These can be used on a wide range of signals including speech,
image, and video signals. They include differential pulse code modulation, sub-
band coding (SC) [52], [53], [54], transform coding [49], [55], [56], and vector

quantization [57].

A novel application of SVD? in data compression of ECGs is presented in [58]. Here,
the quasi-periodic analysis of SVD was exploited to decompose an ECG sequence into
a linear combination of a set of basic patterns with associated scaling factors. As done
in [59], the beat information is obtained first, followed by period normalization. Con-
sequently, the set of ECG segments are rearranged into a two-dimensional matrix and
it is decomposed using SVD transformation. It has been shown that the information of
the ECG signals will mostly be concentrated within a few dominant singular triplets, so

that the balance can be suitably discarded resulting in compression. The performance

Singular Value Decomposition
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of this scheme is claimed to be superior in comparison with the existing scheines [55]

(59}, [60], i61], [62], [63].

A new type of ECG data compressor is presented in [64]. By differentiating the
ECG signal and using proper thresholding, the ECG is first segmented into a sequence
of straight lines, whose vertices are used to encode the signal. The decoder part applies
the FOS? method to reconstruct the signal from the partial data generated by the
encoder. The compression ratio achieved using this method is very high compared to
other methods, whereas the reconstructed signal quality is slightly inferior. The anthors
claim that this method preserves the diagnostic information contained in the original
signal even after the transformation. A tiine domain algorithm based on the coding of
line segments which are used to approximate the signal is presented by Nygaard et al [65].
Though applicable to any type of signals, the authors have illusirated the cotupression

of ECG, and have compared the compression performance with other methods.

An analysis by synthesis ECG compression method has been developed by Zigel ef
al [66]. This scheme consists of a beat code book, long and short-term predictors,
and an adaptive residual quantizer. A distortion measure has been defined in order to
efficiently encode every heartbeat. The algorithm has been validated with the MI'T-
BIH* Arrhythmia Database and it has been reported that they could achicve a mean
compression rate of approximately 100bits/s (compression ratio of about 30:1), with a
good reconstructed signal quality (WDD? below 4% and PRD® below 8%}. They have
conducted a MOS” test also to validate the performance of the algorithm, in which the
testers selected were expert cardiologists. It has been reported that for good diagnostic

quality, each ECG lead should be sampled at a rate of 250-500 Hz with 12 bits resolution.

3Korenberg’s Fast Orthogonal Search
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A family of CPBC® has been described by Barlas et af [67). This is found to be capable of
encapsulating other template-matching algorithms and thus unify all similar compression

approaches,to a certain extent.

The performance of a speech processing system is normally evaluated using MOS?,
which is a formal subjective measure of received speech quality [68]. Generally, coding
quality with MOS higher than 4 is considered as toll-quality, between 3.5 and 4 as com-
municetion quality, between 3 and 3.5 as professional quality, and below 3 as synthetic
quality [69], [70]. Low rate speech coding and compression attempts to provide toll-
quality speech at a minimum bit rate for digital transmission or storage. The trade-offs
which depend on the particular coding technique and the application, are coding delay
and distortion, and increased cost of equipments. The early years saw the standardiza-
tion of 64 kbits/s PCM'® but research into more complex lower bit rate coding schemes
was initially inhibited by practical implementation considerations imposed by the semi-
conductor technology of the day. As a consequence, research into sophisticated low bit,
rate algorithms werc delayed and it was in 1984 that the first world-wide lower bit rate
coding standard was achieved. This standard was the CCITT!! G.721 recommendation
for 32 kbit/s ADPCM'?. Since that time, the major advances made in microelectronics
and DSP!? technology have spurred research into increasingly complex speech coding

methods. Accordingly, low bit rate speech coders came into existence,

Recent research show that speech interpolation combined with noise masking speech
coding techniques can achieve toll-quality performance at 4kbits/s [71]. When coding
speech below 4 kbit/s, a representative waveform segment can be extracted regularly

and efficiently coded; the signal between the coded segments can then be regenerated

8(lycle Pool Based Compression
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via interpolation. Among the techniques actively studied in recent years for very low
hit rate speech coding are STCHM [72], [73], MBE'" [74), [75], and PWI'S [76], which

use time-domain interpolation.

2.2 WT based Signal Processing

The beginning of the WT as a specialized field can be traced to the work of Grossman
and Morlet [77]. The early works were related to the CWT. The term wavelet can also
be found in the seismic signal processing literature in a context other than the WT [74].
A historical account of the WT is found in [79] and [80]. A tutorial presentation of
theory and applications of WT is found in [5], [81], [9], [82], [83]and [84]. [85] and
[2] arc some of the good references for a rigorous mathematical analysis of wavelets.

The contributions of WT in the field of electrical engineering is remarkable. Other ficlds

also have equally benefitted from this field. Study of matter in universe [86], study of

tropical convection [87], transient study in underwater acoustics [88], geo-acoustic data
compression application [89], turbulence study in fluid mechanics [90] etc., are a fow
interesting general application areas. A number of works in the ficld of seismic signal
processing is seen in the special issuc of IEEE [91].

The field of Electrical engineering has already marked wide scope for W'T' based
signal processing related to many of its allied application areas. One among them
is the processing of pseudo-periodic signals like biomedical signals, speech, music etc.
Due to the wide variety of signals and problems encountered in medicine and biology,
the spectrum of applications of DW'T has been extremely large. The main difficulty in
dealing with biomedical objects is the extreme variability of the signals and the necessity
to operate on a case by case basis. The application ranges from the analysis of the more

traditional physiological signals such as the ECG, to the very recent imaging modalitics

Y 8inusoidal Transform Coding
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including the PET!7 and MRI*. The various uses of the WT and the corresponding
research efforts in the biomedical area has been reviewed by Unser et al [92]. The wavelet
properties that are most important for biomedical applications, and an analogy between
the W'T' and some of the biological processing that occurs in the early componcnts of
the auditory and visual system have also been presented.

The most important biological signal showing pseudo-periodicity is the ECG. Earlicr
works of wavelet-based studies of ECG signals have focussed mainly on examinations
of heart rate variability, the classification of ECG waveforms, or ECG data compres-
sion. But in present studies WTs are being utilized also for diagnostic purpose, feature
enhancement etc. Detection of VLP!? [93], [94], [95], [96], wavelet-based feature ex-
traction for discriminating between normal and abnormal cardiac patterns [97], study
of heart rate variability in humans [98], [99], [100], [101] etc. are a few important
works on ECG. A few promising applications of WT are described in the work [102]
by Provaznik et al. It has been observed that cardiac dysfunction can be better dis-
criminated based on study using the scale-dependent WT standard deviation and the
corresponding spectral measures [100j, [101], [103], [L04]. It has been reported [105] as
anh exciting observation that previously unsuspected coordinated mechanical activity in
the heart during ventricular fibrillation may be made visible in the surface ECG using
the W'T.

The use of WT in speech signal processing is manyfold. Signal enhancement, period
estimation, signal compression,signal classification, noise suppression etc. are important
tasks in this field. It was in 1995 that the wavelet thresholding (shrinkage) was intro-
duced as a powerful tool in denoising signals degraded by additive white noise [106].
Later on several works are reported for speech enhancement applying the principle of

wavelet shrinkage [107], [108], of course with many problems to be resolved for its suc-
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cessfil application in various stages. Removing the noise components by thresholding
the wavelet coefficients is based on the observation that in many signals (like specch).
energy is mostly concentrated in a small number of wavelet dimensions. The coefficients
of these dimensions are relatively large compared to other dimensions or to any other
wignal (cspecially noise) that has its energy spread over a large number of coefficients.
Due to the threshold adaptation, the modified method proposed in [109] is able to cope
better with colored and non-stationary noise types.

The task of music signal processing demands more stringent requirements for 'TF=0
distributions when compared with the weaker requirements found in speech analysis.
The major time and frequency methods that have been applied to musical signals are
traced and the application areas are described in [110]. The techniques are examined
in the context of Cohen’s class?! [111]. In this paper, the impact of different analy-
sis methods on pitch and timbre examination is shown which spans the Fourier Series
and Transform, Pitch-Synchronous analysis, Heterodyne filter, STFT, Phase vocoder,
constant-Q and Wavelet Transforms, the Wigner distribution, and the modal distribu-
tion. Some of the interesting works on WT based music signal processing are scen in
112], [113].

In general WT based signal processing applications, time-variance characteristics
of non-redundant wavelet transforms causes serious limitations. Addressing this issue,
potential applications based on shift-invariant wavelet transform is suggested in (89,

[114], [8], {115], [116].

2.2.1 WT based Signal Compression

Signal compression is vital in massive data processing environment and W' has becn

extensively used in this application with different types of signals, due to its multireso-

26 Time-Frequency
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lution capability. An elementary study on audio compression using orthogonal wavelets
and wavelet packets using simple thresholding technique has been presented in [117].
A number of works are seen in this field making use of the perceptual characteristics of
the auditory system [118], [119]. Painter et al. [119] reviews several different classes of
audio coders and remark that all the current algorithms and the standards in particular
are either high-resolution or low-resolution sub-band coders. They give a good collection
of resources for research in this direction. An analysis-synthesis method of audio com-
pression has been presented by Sathidevi et al [120]. The authors have made use of the
perceptual characteristics of the human auditory system and its resemblance with WT,
in developing a scheme for audio compression using WT and WPT. A comparison of
WT based amplitude compression with other conventional audio compression schemes
has been presented in [121].

A compression scheme employing vector quantization with WT has been developed
by the Georgia Institute of Technology, Atlanta [122]. It is a hybrid subband-transform
coding scheme which employs the perceptual masking properties to achieve an efficient.
reduction in bit rate. The coder has been applied with speech, music, and more diverse
signals consisting of speech in the presence of eventful background sounds. Another
wideband speech coder using WT in which each of the wavelet based subbands are
separately coded using ADPCM?? technique and CELP with dynamic bit allocation has
been presented by Li et al. [123] resulting in a bit rate of 12.8 kbits/s.

The WMWI?3 technique as suggested in [124], achieves an accurate representation
of speech evolution by extracting consecutive pitch-periods of a time-warped, constant,
pitch residual. This pitch track optimization technique is found to ensurc that the
critically sampled pitch periods can be effectively decomposed into a slowly evolving

and rapidly evolving waveforms, allowing efficient quantization. These type of WI?!
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coders are able to achieve high quality speech at low bit rates by using a decomposition
motivated by human perception [125]. In this method, the warping operation removes
the pitch variations of the linear prediction residual signal to enforce a constant pitch
period. An unwrapping procedure is performed to reconstruct the residual, where a

perfect reconstruction is said to be possible if the pitch track is accurately transmitted.

Bradie {60] has made a preliminary investigation of a wavelet-packet based algorithm
for the compression of single lead ECG. This algorithm combines the fexibility and
cfficiency of WP expansions with the methodology of the KLT?®. For selected records
from the MIT-BIH database, this algorithm could achieve a compression ratio of 21.4:1.
Wavelet and waveletpacket-based compression based on the EZW?8 coding is presented
by Hilton [63]. The author has analyzed the suitability of different types of wavelets
for this application. An application oriented ECG data compression scheme for desired
reconstruction quality has been developed by Miaou et af {126]. They make usc of the

SPIHT?7 compression technique proposed by Lu and team [127].

The compression performance and characteristics of two wavelet coding compression
schemes of ECG signals suitable for real-time telemedical applications is presented in
[128]. The two methods proposed are 0ZWC?® method and the WHOSC?? method. The
WHOSC method employs higher order statistics and uses multirate processing with the
autoregressive higher order statistics model technique to provide increasing robustness to
the coding scheme. The OZWC algorithm used is based on the optimal wavelet-based
zonal coding method developed for the class of discrete Lipschitizian signals. Both
methodologies were scem to have evaluated using the NRMSEY® and the average CR

and the bits per sample criteria, applied on abnormal clinical ECG data samples sclected
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from the MI'T-BIH database and the Creighton University Cardiac Center database.

A work in the similar line, but employing 2D transforms is presented by Lec ef
al [129]. This method utilizes the fact that ECG signals generally show two types of
redundancies - between adjacent heart beats and between adjacent samples. So heart-
beat data sequences are cut and beat-aligned to form a 2D data array and 2D DCT?#
method of transform coding is employed to achieve compression. This could exploit the
sample-to-sample and beat-to-beat correlation. The study was based on the MIT-BIH
~ arrhythmia and Medtronic databases. They claim to have achieved superior perfor-
mance in using 2D transforms compared to 1D methods in general and the performance
of 2D method is more superior for higher compression ratios. In comparison with earlier
works reported in this direction [47], [130], in this work the beats are normalized to en-
hance the intercycle correlation. The type of preprocessing used in this method converts
the ECG data into a near-cyclostationary sequence and enables the uniform choice of
wavelet coefficients to be retained in each beat. The earlier wavelet based compression
schemes proposed by Thakor and Bradie [60], [131], have not attempted this. They
claim to have achieved a mean transmission rate of 180 b/s (for the tested data) with
no compromise on the fidelity of reconstruction.

Rajoub has proposed a WT based ECG data compression algorithm [132] to claimn
a compression ratio of 24:1 for MIT-BIH record 117 with a root mean square difference
as low as 1.08%.Another work combining the LPC techniques and DWT technique for
coding high quality digital audio signals is seen reported in {133]. In this method, a
linear predictor is first used to model each audio frame. Then the prediction error is
analyzed using the DWT, The LPC coefficients and DW'T coefficients are quantized
using a novel bit allocation scheme which is claimed to be capable of minimizing the
overall quantization error with respect to the masking threshold. They have claimed

a near-transparent audio signal quality at encoding bit rates of 90-96 kb/s, which is
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comparable to that of the MPEG?? layer II codec operating at 128 kb/s. The codec has
been designated as LPC-DWT33 codec. The objective measurements used for evaluating

the performance were the Seg-SNR* and the GBSD®® measure [134).

2.2.2 PSWT based Signal Processing

W has shown outstanding contributions in the field of pseudo-periodic signal process-
ing. The signal can be represented in the pitch-synchronous form based on the local
pitch-periods, which can be considered as a 2D representation of the 1D signal [135]. A
new wavelet representation for this class of signals, called the PSW'T has been explored in
detail by Evangelista [11}. This is a noteworthy work on this topic. The transformation
is applied on the pitch-synchronous vector representation of the signals. Compared to
more classical representations, the author claims several potential advantages of PSWT.
In this exploratory paper he has offered a panorama of prospective applications and
reported the results of a few experiments performed on speech and music signals. As an
extension of wavelet theory to pseudo-periodic signals, Evangelista has introduced yet
another class of wavelet transform, called the MWT [136]. This transforim has inter-
esting extension in the field of image processing also. This transform is applicable for
signals whose period is constant for the duration under consideration.

An efficient and accurate pitch-synchronized spectral analysis scheme to obtain the
Fourier coefficients of a harmonic signal, sampled at an arbitrary ratc above the Nyquist
critical rate, has been outlined by Medan et al [137].

Speech coders based on the WIP® paradigm allow efficient compression of signals

by exploiting the perceptual importance of speech characteristics [138]. In statc-of-
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the-art WI coders, pitch-cycle waveforms [CW?7] are extracted from the LP residual,
aligned, and then filtered in the evolution domain to decompose the signal into a SEW?"
characterizing the voiced speech and a REW*? representing noise-like unvoiced speech.
Chong et el [139] has described a PSWT based CW decomposition method for the
WI paradigm. This method has the feature of providing additional scalability in quan-
tization than the other WI decomposition to meet desired quality requirements. The
CW swrface is decomposed into a series of reduced time resolution surfaces, which are

quantized exploiting their perceptual importance and inherent transmission rate require-

ments.

Chong et al. has proposed a scheme in which the PSW'T is used as an alterna-
tive characteristic waveform decomposition method for the WI paradigm. To meet do-
sired quality requirements, this method provides additional scalability in gquantization.
Here, the PSWT is implemented as a quadrature mirror filter bank and decomposes the
characteristic waveform surface into a series of reduced time-resolution surfaces. The
quantization of these surfaces are made efficient by the perceptual importance of these
surfaces and inherent transmission rate requirements. This method is established as one
among the best for high quality speech storage applications. The exploitation of the
perceptual importance of speech characteristics has been studied by Kleijn et al [138],
[140]. The PSW'T when applied to WI has offered significant advantage due to its perfect

reconstruction properties and multi-scale decomposition of the evolving CW surface.

Another technique for the analysis and synthesis of pseudo-periodic signals based on
a special kind of multiwavelet transform, the harmonic-band wavelet transform, has been
introduced by Polotti et al [141]. The idea is inspired by the fact thai pseudo-periodic

signals from many physical and biological systems as well as man-made phenomena such
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as music signal, variations in traffic flow, economic data and fluctuation of pitch in music
etc. show 1/f behavior {142], [143]. The technique presented in [141] allows one to
control a highly complex stochastic process by means of relatively few parameters. The
presence of non 1/ f noise components due to external sources restricts the usefulness of
this technique.

Even though the general signal compression studies have gone a long way, the com-
bined potential of WT and LPC in signal compression is not much exploited. The only
noteworthy work in this field is the work by Ramakrishnan et ol [59]. In this the authors
could achieve considerable gain in signal compression, than state-of-the-art compression
schemes. They have applied LPC techniques on PS data after taking the WT for each
period wise normalized data. To enhance the compression ratio, they have suggested a
method to identify the significant coeficients which alone need to be transmitted to the
decoder end. Information regarding the period and amplitude information of each beat
also have been suitably transmitted. This is a reasonably complex method comprising of
amplitude normalization, period normalization, DW'T computation, LPC compression
etc. Aliasing effect may oceur due to improper design of interpolation filter and selection

of sampling rate.

2.2.2.1 Local Period Estimation

The success of PSWT based methods highly depends on the accuracy with which the
local periods are estimated. Unfortunately it is difficult, as testified by the hundreds of
different pitch tracking algorithms that have been developed [144]. It plays an important
roll in many speech and signal compression schemes [145]. Pitch detection aigorithms

can be classified in to two separate categories.

o Spectral-domain pitch detectors, which estimate the pitch period of a signal directly
using windowed segments of speech, applying a Fourier-type analysis to determine

a pitch average. They include Cepstrum [146], Maximum Likelyhood [147], and
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Autocorrelation methods [148].

e Time-domain pitch detectors, which estimate the pitch period by determining the

GCI'! and measuring the time period between each event [149], [150].

o Time-frequency based pitch detectors, which is a combination of time-domain and

frequency-domain methods. Wavelet based pitch detectors fall in this category.

One of the best known pitch tracking algorithms, and one against which other methods
are often compared, is the Gold-Rabiner Scheme {151]. This algorithm was designed
for speech applications, and performs over a range of input frequencies from 50Hz to
600Hz. McNab et al. [152]| has used this scheme for implementing a pitch detcrmina-
tion algorithm for Melody Transcription in music signal processing applications. They
have modified the Gold-Rabiner scheme for faster implementation and also for higher
frequency applications (up to 1000 Hz) like music signal processing. A comparison of
seven popular pitch detection algorithms is given by Rabiner et al [153]. The general
problems in pitch detection highlighting the importance of the subject also is given in
this literature.

Kadambe et al {154], has proposed a wavelet based pitch determination algorithm,
based on Mallat’s work on images [155]. Mallat showed that when analyzing images,
the use of wavelet functions with derivative characteristics produces maximums in the
wavelet transform across many coincident scales along sharp edges. Kadambe et ol uscd
the assumption that when a GCI occurs in a speech waveform, maximums also occur in
the adjacent scales of wavelet transform. In contrast with this, which chooses maximums
if they occur in two adjacent wavelet coefficient scales, a DWT based pitch detection
and speech segmentation method has been presented by Wendt et ol [156], in which a
single derivative filtering function is defined to contain a specific bandwidth of voiced

speech. They have shown that this wavelet function when convolved with a speech
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signal will produce a filtered signal containing well defined local maxima where GCI
oceur in the speech signal. This method provides a dramatic simplification in processing,
utilizing one convolution only to analyze and is claimed to be robust to noise. [157] also
presents more or less a similar approach for pitch determination, giving more emphasis
on musical signals, where there are some difficulties in estimating the pitch period as
musical signals have broader range of frequencies [158]. This algorithm is based on
DyWT2. A comparison with the autocorrelation method also has been given in this
paper. Another pitch estimation work using the GCI detection based on WT has been

presented by Limin et al [159].

Detecting the QRS complexes in the ECG is one of the most important tasks that
need to be performed in any ECG processing environment. This information, which
is similar to the pitch in speech signals, will help in performing accurate beat-by-beat
processing. Li ef al has presented a wavelet based approach for the detection of QRS
complexes [160}. The interval measurement from digitized ECG usually contains an error
due to the finite sampling frequency which may jeopardize the beat-to-beat analysis of
the signal. Mario et al [161], has attacked this issue and have developed a model
to describe and quantitate this error. The accuracy of the model has been tested by a
simulation procedure. It has been shown that the statistics of the error are only function
of the sampling frequency of the ECG. Closed form equations have been obtained for
the variance, the autocorrelation function, and the power spectral density of the total
crror. They have proved that, for a good quality ECG which should be standard for any
lab, the error duc to the sampling frequency substantially contributes to the overall one,
and it becomes dotninant in case of a very low sampling frequency like 128 Hz which
usually gives an acceptable SNR for various biomedical applications.

[162] and [163] describes some initial works on the subject of ECG beat detee-

tion. A new algorithm based on multirate DSP technique to detect beat periods in

2 Dyadic Wavelet Transform
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ECG signal has been developed by Valtino et al [{164]. This algorithm incorporates a
subband filtering technique. It is claimed to have a sensitivity of 99.59% and a positive
predictivity of 99.56% against the MIT/BIH database which is comparable with other
algorithms reported in the literature. This can be categorized as a real-time algorithm

since it has a minimal beat detection latency.

An algorithm based on WT has been developed by Cuiwei et el [165] for detecting
ECG characteristic points. Using this method the authors claim that the detection rate
of QRS complexes is above 99.8% for the MIT/BIH database, even with serious bascline

drift and noise.

A dyadic WT based QRS complex detector which is robust to time-varying QRS
complex morphology has been deveioped by Kadambe et al [166]. The performance of
the method has been illustrated with 70 hours ECG data from AHA*® data base and

has coneluded that this method compared well with all standard techniques.

The application of the fuzzy neural network for ECG beat detection is dealt in [167).
The hybrid tuzzy neural network applied in the solution consists of a fuzzy self-organizing
subnetwork connected in cascade with the multilayer perceptron, working as the final
classifier. The method could be used for the classification of different types of heart
beats.

Friescn et al [168] gives an exhaustive comparison of the noise sensitivities for
nine different QRS detection algorithms. Synthesized ECG corrupted with five different,
types of synthesized noise including electromyographic interference, 60Hz powerline in-
terference, baseline drift due to respiration, abrupt baseline shift, and a compeosite noise
comprising all other type of noises, has been used for the study. Diflerent algorithms
performed in different style for different noise types. The results of this study is found

to be helpful in the development of robust clinical instruments.
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A class of algorithm based on nonlinear transforms derived from multiplication of
backward differences have been developed and evaluated with AHA ECG data base [169)].
In comparison with other state-of-the-art methods, the authors present this algoritlimn
to have desirable accuracy vs response time tradeoff for real-time microprocessor-bhascd
implementation.

The use of WT for ECG characterization in general has been presented in the tutorial
paper by Sahambi et al [170]. It deseribes a real-time system that uses WT to overcome
the limitations of other methods of detecting QRS and other important time domain
features of ECG.

The design and test results of an ambulatory QRS detector is described in [171].
The QRS detection timing accuracy and reliability of this system was tested with an
artificially generated ECG corrupted with various noise types and they could achicve a

timing accuracy of less than 1ms.

2.3 WT Computation

Many of the WT based methods use complex procedures and needs stringent compu-
tations. To exploit the maximum benefit out of these methods, efficient computational
structures and algorithms also have been developed. The CWT is often evaluated at
dyadic scales. The Shensa algorithm [71 is a fast algorithm to compute CW'L. This al-
gorithm is defined by a pair of filters. An iterative and efficient method for the design of
optimum filters has been presented by Chan et al. [172] to implement CW'T computation

using the Shensa algorithm.

2.3.1 1D DWT Computation

Several cfficient algorithms have been derived for the implementation of DW'I'. Many
researchers have addressed comparison of these algorithms based on computational comn-

plexity. The most popular algorithm for the computation of DWT is the filter bank tree
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algorithm suggested by Mallat  {3], [9]. This algorithm has its root in the Pyramid
algorithin of Burt and Adelson [173]. Chapter 3 of [79] presents the pyramid algorithm
from a historical perspective.

It iy customary to view the DWT as a prediction error decomposition which has
lead to a new framework for DWT design under the name lifting scheme {174], [175].
Claypoole et al. [176] use lifting to design customized DWTs that adapt to match the
signal under congideration. This has resulted in two adaptive lifting constructions which
are invertible - scale-adapted transforms and space-adapted transforms. These scheines
have proved their potential in various wavelet transform based applications including
signal compression [177].

The pyramid scheme has been compared against the lifting scheme by Daubechies [175].
Rioul and Duhamel (4] discuss several other schemes to improve the standard algorithms.
They suggest an FFT based algorithm known as Vetterli algorithm [179] for filters hav-
ing large support and a "Fast Running FIR" algorithm [180] for short filters. Vetterli
has suggested a method for mapping long running convolution into smaller ones by
using multirate filter banks based on aperiodic convolution algorithm and STFT. This
approach gives good tradeoffs among computational complexity, system architecture and
input-output delay.

Viswanath et al. has given a VLSI*! architecture for DW'T implementation [181].
An efficient scalable parallel implementation of the DWT based on the pipeline proces-
sor methodology has been presented by Sava et. al. [182], [183]. It is found attractive
for large data size and long filters. According to Westenburg et al. [184], a Fourier
domain implementation of the wavelet transform is more efficient than the direct com-
putation, especially when the decomposition/reconstruction filters have large support.
The single-rate VLSI architecture developed by Denk et al. [185] for the one dimensional

orthonormal DWT makes two contributions. It is shown that the architectures that arc

“very Large Scale Integrated Circuit
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based on the QMI lattice structure require approximately half the number of multipli-
crs and adders than corresponding direct form structures. Also, they have developed
techniques for mapping the 1D orthonormal architecture to folded and digit-serial archi-
tectures which are based on the QMF lattice structure. Chandran et el [186] present an
FHT?* based implementation of the filter bank structure for DWT and show that no-
ticeable overall computational savings can be obtained over the conventional FFT-bascd
implementation. This method claims other advantages like identical forward and inverse
transforms, and also minimum storage requirement, as the outputs are all real-valued.

in real-time signal processing applications, the WT computation need to be per-
formed on a frame-by-frame basis. In such cases, employing the above algorithms per se
results in undesired artifacts at the ends of each frame. To resolve this difficulty, many
researchers have come out with BDWT*® algorithms [187], [188]. These algorithms
are found to have difficulties related to large storage buffer requirement and frequent
iter-processor communication, making it less optimized in real-time applications.

Parallel computation is particularly helpful for applications wherc wavelet coefli-
cients at selected levels alone are required [189], as we need not perform unneccssary
computations by way of evaluating some or all of the lower level coeflicients. In a sequen-
tial structure, the delay associated with the implementation grows exponentially witi
the number of levels [182]. Parallel solutions have been proposed by Krishnaswamy
et al. [190], Yang et al. [191], Fridman et al. [192] etc. for traditional message
passing computing paradigms and most of them do not adapt effectively to the irregular
computational structure of the WT.

The DWT, WPT, and M-band wavelet techniques are often implemented as a cas-
cade of critically sampled filter banks. Many applications apply these techniques to
finite frames of samples, leading to distortion in the filtered coefficients near the framne

boundaries. In many-a-case, some assumptions are made about the signal characteris-
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tics beyond the frame boundaries. Signal extension technigues include zero and periodic
extension [9], [193], and symmetric extension [9], {193], [194]). Muramatsu et al [195]
formalized the OSC*7 technique for boundary elimination in single level multirate filter
banks. Recently, Nealand et al. has reported [196]an application of WOSC*® technique
for cascaded filter banks, eliminating boundary distortion in the frame-based application
of the DWT, WPT, and M-band wavelet techniques. WOSC eliminates boundary dis-
tortion with the exception of the first and last frames. A similar technique has already
been developed for WPT {197]. A novel method to eliminate all edge artifacts in block-
wise computation of DWT has been developed by Mini et al [198], [199]. This method
effectively makes use of the overlap-add and -save method simultanecusly in the DWT
computation to achieve computational advantage as well as reduction in computational
memory requirement.

In many of the DW'T based data compression applications, compression is achicved
making use of the sparsity of the quantized wavelet coefficients. Guo [200] proposes a
mapped IDWT algorithm that takes advantage of this sparsity, and significantly lowers
the complexity of IDWT to the level that is proportional to the number of non-zero
coefficients.

It is noticed that many of the algorithms as presented in the literature do not provide
sufficiently detailed exposition to expedite their use in practical applications by those not
specializing in the theory. Moreover, these algorithms have been presented in general,
for finite duration discrete-time signals restricted to a length equal to a power of 2. Also,
most often, the issue of errors, periodization, redundancy, etc. are not well documented
to relate algorithms to specific tasks and requirements. Taswell et al. [201] addresses
these issucs and relate to wavelet transform for finite-duration discrete-time signals of
arbitrary length not restricted to a power of 2. They consider algorithms based on the

pyramid structure.
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2.3.2 2D DWT Computation

The 2D DWT computation basically depends on whether separable or non-separable
wavelets are used for its implementation. For computation with non-separable wavelets,
the 2D data is directly convolved with the 2D wavelets and scaling function which arc
derived as the tensor products of the 1D wavelet and scaling function. When separable
wavelets are used, the algorithms developed for 11D DWT can be adapted to 2D DW'T
computation as well. In such cases the computation is performed by separate row-wise
and column-wise convolutions followed by multirate techniques.

The need for massive computation in 2D DWT, coupled with the demand for rcal-
time operation in many image-processing tasks, has motivated the use of parallel pro-
cessing to provide high performance at a reasonable cost. Parallelization of the 2D
DWT has been described by Lu [202] based on the conventional pyramidal algorithin
suggested by Mallat. Recently, multithreaded architectures have been promnoted, as the
semi-irregular computation structure of the W' and the embedded fine-grained par-
allelisin is well suited for multithreading [203]. Marino et al. [204], has proposed a
method for 2D DWT computation in standard form on parallel general-purpose com-
puters in which the intermediate data transposition is reduced and the inter-processor
communication is minimized. Since it is based on matrix-vector multiplication, there is
no restriction on the size of the cutput data.

The VLSI architectures based on linear systolic arrays, proposed by Viswanath et
ol. [181] has an extension for computing the 2D DWT also. Here the separable wavelets
arc used to compute the DWT in real-time using the recursive pyramid algorithm and
it is found to be suitable for single chip implementation. The authors also discuss the

adaptation of the architecture for M-band DWT computation.



Chapter 3

Review of Basic Theory

The background theory closely related to the research work carried out, is bricfly
presented in this chapter. The topics include the basics of wavelets, wavelet transforms,
the concept of multiresolution analysis, linear predictive coding, DWT computation etc.

The theory of PSWT and LPC are slightly elaborated.

39
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3.1 The Wavelets

Wavelet functions serve as excellent mathematical tool in the time-frequency analysis
of both one-dimensional and two-dimensional signals. In practical wavelet analysis, this
is achieved by representing the sighals as a linear combination of scaled and shifted
versions of a single wavelet function called the mother wavelet.

There are various kinds of wavelets. Accordingly, one can choose from among smooth
wavelets, compactly supported wavelets, symmetric and non-symmetric wavelets, or-
thogonal and biorthogonal wavelets etc. It is often a complex task since there are so
many properties to be considered, like the smoothness, temporal/spatial localization,
vanishing moments, frequency localization, symmetry, orthogonality ete. In general, a

wavelet function (¢} will satisfy the following properties [82].

f_m B(t) = 0 (3.1a)

/ lsb(t)|%dt < oo (3.1b)
0</:: %dw<oo (3.1¢)

The condition in equation 3.1¢ is known as the admissibility condition on ¢¥(t) [2]. ¥{w)
is the Fourier Transform of 4(¢).
One of the important classes of wavelet system is the Orthogonal wavelets. They

satisfy the following orthogonality relationships |205].

/ Gak(t)Pup (t)dt = b e (3.2a)
/%’.k(t)ﬁﬁ.},w (t)dt =0 (3.2b)

f Wik ()4 0 (L)t = 65 570 g (3.2¢)
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where ¢; ;{t) and ¥; ;(t) are the scaling and wavelet functions at the i'* scale and ;7
shift respectively. The following are some of the orthogonal wavelets which have been
considered in this study.

Haar: The haar wavelet, discovered by Alfred Haar [206], is a square wave. It is the
only compact, orthogonal wavelet, which is symmetric [205]. However, unlike others the
haar wavelet is not continuous.

Daublets: The daublets were the first type of continuous orthogonal wavelet with
compact support. There are quite a large number of wavelets in this group viz. db2,
db4, etc. all named after the discoverer Ingrid Daubechies, who is one of the pioneers
in wavelets research [2]. The support and smoothness of these wavelets increase as
the wavelet order number increases. These wavelets are all asymmetric and have the
highest number of vanishing moments' among wavelets with similar properties, for a
given support.

Symlets: The symlets also were constructed by Daubechies {2]. The wavelets in this
family are nearly symmetric. The moment properties of these wavelets are similar to
that of daublets.

Coiflets: These wavelets are nearly symmetric and possess additional desirable prop-
erties. The scaling functions of this family also have vanishing moments similar to the
wavelets and give rise to near-linear filters. The coiflets were constructed by Daubechies

in association with Ronald Coifman [2].

3.2 The Continuous Wavelet Transform

The CWT is the wavelet transform of a continuous signal for continuous values of the
dilation and translation parameters as given by equation 1.1. The transform is basically

reversible and the signal f{t)can be recovered from its transform using the inversion

'The n** order moment of a function f(i) is defined as M, = [ " f(t)dt,
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formula:
1 [ —b
0= | [ a7 Was)a by =)da db (3.3)
CyJo Jr a
where 1(t) is the mother wavelet function, and W, f)(a, b) are the CWT coefficients for
dilation a and translation b. Using the inner product notation in La(R), the CWT can
also be written as:
(Wyf){a,b) = ol 2{£(2), ta (1)) (34)

where

t
Piap) = ¥

(3.5)

and (-,-) is the inner product in Ly(R}. Since the scale factor a is the inverse of the
frequency w, the value (Wy, f)(ag, bo) exhibits the frequency content of f(t) in a frequency
interval centered around wp = a; ! at a time interval centered around by. The CWT is
highly redundant and in a strict sense, it is impossible to compute CWT using a digital
computer.

It is not always possible for the CWT to resolve practically all events in frequency
and time {82]. Quantitative metrics for time and frequency resolution arc based on the
duration and bandwidth respectively of the mother wavelet®. A measure of the duration

and bandwidth indicating the spread of the wavelet in time and frequency domain is

— 2 2dt
At_\/f_ (t ~to) hib?dti (3.62)

(w— wp)2| ¥ (w)|?dw

where tg and wy are respectively the first moment of d)( ) and ¥(w) given by the following

given by

equations. They define the location of the wavelet in the time-frequency plane.

T2 to(t)?dt
T2 lo(®)|2dt

2Also called the Root Mean Square (RMS) duration and RMS bandwidth

fp = (37&)
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oo @I ¥ (w)Pdw

0= T T (w) P

(3.7b)

The product of the RMS duration and bandwidth is invariant to dilation and remains a
constant which depends on the wavelet used. If its value is smaller, that wavelet provides
better simultaneous localization in the time-frequency plane compared to the one with
higher value. The translation parameter b affects only the location of the wavelet and

not the duration and bandwidth, which are affected solely by the dilation parameter a.

3.3 The Discrete Wavelet Transform

DWT as defined in equation 1.3 is devoid of the problem of redundancy that exists in
CWT. The time-scale parameters being discrete, it has been recognized as a natural
wavelet transform for discrete time signals [207], [208]. The DWT of a discrete-time
signal z{n) € [2(Z) with respect to a set of analysis wavelets (bnm)n=12 .m integer 18

defined as the set of coeflicients

Xn,m = Zf‘?(k)ﬁfl,m(k) (3'8)

k

énm(k) is obtained by translating &,0(k) by a scale dependent amount that mono-
tonically increases with m at each fixed scale. Therefore the index m represents the

time-shift. Mathematically,
&nm (k) = fno(k — 2"m) (3.9)

Unlike the continuous-time case, in DWT, the scale-invariance may be only approxi-
mately satisfied. As a result, dilation and translation operations are defined in DW'T on
a time-scale grid. The most common grid is the regular dyadic grid given by the set of
points (2%, 2"Mm)p_1 2 ...m integer- ON the dyadic grid, the wavelet £,.1,0(k) is obtained

by upsampling &, 0(k) by a factor of two.
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The transform 3.8 is invertible {207], [209], [210] if, on the same time-scalc grid,

satisfy the completeness relationship
DS 6 (8 ¥nm(p) = bep (3.10)
T m

1 s=
where 0, 5 is the Kronecker delta, that is é5, = Py )
0 otherwise.

In that case one can recover the signal z(n), obtaining the following expansion
z(k) = Z Z Xn,m"pn,m(k) (3.11)
n m

The equations 3.8 and 3.11 define the wavelet decomposition of z(k).

For bandlimited signals, a finite-level expansion will be quite sufficient. Hence such

signals can be defined by the following finite sum.

N
z(k) = ZZXn,m"/)n,m(k) + n{k) (3-12)

n=] m
where
N (k) =D BN mdN m(K) (3.13)
and
Brm =Y a(k)\n (k) (3.14)

k

Here, Ay (k) is the analysis scaling sequence at N th level, ¢ m{k) being the corre-
sponding synthesis dual. The sequence yx(k) represents the residue of the expansion
over the finite wavelet set. As N — oo, one must ensure that the residue converges in

norm to zero for any arbitrary finite-energy input signal.
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3.4 Wavelets and Time-Frequency Analysis -Concept of
MRA

MRAS3 forms the most important building block for the construction of scaling functions
and wavelets, and for the development of algorithms for the time-frequency analysis of
signals. MRA is something which helps us in viewing a function at various levels of
approximation or resolution. Using this concept, a complicated function can be divided
into several simpler ones and study them separately.

To achieve an MRA of a function x(t), we must have a finite energy function ¢(t) €
L2(R), called a scaling function, that generates a nested sequence {A;}, namely {0} —
..CA_ 1 CApC A C...— L? and satisfies a dilation equation ¢(t) = 3, go[k]¢(at—
k) for some a > 0 and coefficients {go[k] € 2}. In DWT we consider a = 2, which
corresponds to octave scales. The function ¢(t) is called the scaling function. The
space Ag is generated by {#(- — k) : k € Z} and in general A;, by {drs : k,s € Z}.

Consequently, we have the following obvious results.
z{t) e As © z(2t) € Ay (3.15a)

z(t) e Ay o x(t+27°) € A, (3.15b)

These dilation equations are unique to MRA.
For each s, since A, is a proper subspace of A, , there is some space left in A,
called W, which when combined with A, gives us A, ;. This space {W,} is called the

wavelet subspace and is complementary to A in Agy;, meaning that

AW, = {0}, seZ (3.16a)

APW,=A,, (3.16b)

*Multi-Resolution Analysis
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Subspaces {W,} are generated by ¢(t) € L?, called the wavelet, in the same way as
{A,} is generated by ¢(t). In other words, any z.(t) € A; can be written as

zo(t) =Y aksd(2° — k), (3.17)
k
and any function ys(t) € W, can be written as

ys(t) =) we (27 — k) (3.18)
k

for same coefficients ag s, Wi s € 12,

Since we have ,
A =W, (P A,
=W, QW PA (3.19)
=W, PW..BW, » B

we have

s—1
A= P W (3.20)

[=—00
Observe that the {A;} are nested while the {W;} are mutually orthogonal. Conse-

quently, we have

ANA, =Ay, m > 1 (3.21a)
W, NnW,, = {0}, l#m (3.21h)
AnN'W,, = {0}, [<m (3.21¢)

The hierarchical nature of A and Wy can be shown by the schematic representation
in figure 3.1. In the case of an orthogonael decomposition, in addition to the wavelet space

W, being complimentary to A, they are mutually orthogonal also, such that W, L A,.
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Wyl LW, LA, 43> 4>, Ay > Ay

Figure 3.1: Schematic of MRA decomposition

3.4.1 Discrete multiresolution analysis

Similar to the MRA in Lo(R), a DMRA* for I3(Z) has been developed [5], [211],
[212]. Accordingly any discrete-time sequence f(n) of finite energy can be expressed in

terms of the discrete-time basis functions 4; ,(n) as
n) =Y d;(k)y(2n — k) (3.22)
ok

This is in parallel to equation 1.3. If the expansion basis functions form a tight frame,

the expansion coefficients from an inner product by

d;(k) = {f(n), $(2'n — k)) = Zf ) (2n — k) (3.23)

4Discrete Multi Resolution Analysis



3.5. DWT computation 49

Now there are two ways of looking at signal processing using the WT at dyadic
scales. The first is analogues to the use of Fourier Series where a continuous function
is transformed into a discrete sequence of coefficients. The second is analogous to the
" DFT where a discrete function is transformed into another discrete function. The former
is generally referred to as the DWT and the latter is designated as the DTWT® [81].
The difference in these views comes partly from the background of various researchers
(i.e.,whether they are ”wavelet people” or "filter bank people”), however, there are subtle
difference between using the series expansion of the signal and using a multirate digital

filter bank on samples of the signal.

3.5 DWT computation

For practical computation of DWT coefficients, a fast pyramid algorithm, also called
the Mallat’s algorithm is popularly used, relating the wavelet function to a set of QMF®

bank {3], [9]. This involves successive filtering and multirate operations.

3.5.1 The Basic Multirate Operations

The basic operations involved in sampling rate conversion of digital signals by digital
means are the sampling rate reduction by an integer factor IJ called the decimation, and

the sampling rate increase by an integer factor I, called the interpolation.

3.5.1.1 Decimation by a factor D

Decimation or downsampling a signal z(n) by a factor of D simply means selecting every
D™ sample of z(n), thus resulting in an aliased version of z(n), with a folding frequency

of F;/2D where Fy is the sampling frequency of z(n}. If z(n) was bandlimited to

Discrete-Time Wavelet Transform
$Quadrature Mirror Filter
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Frnar = Fs/2D, there won'’t be any aliasing. Hence before the process of downsampling,
usually a lowpass filtering is performed, which is characterized by the frequency response,

Hp(w), which ideally satisfies the condition

1 lw| < n/D
Hp(w) = 3.24
p(w) {0 otherwise ( )
The downsampled signal z4{") can be expressed as
zq(m) = z(mD) (3.25)

The downsampling operation results in a time-variant system.
The frequency domain characteristics of the output sequence zg4{m) can be shown

to be [17]

=

1

Xa(z) = 3 X (e772k/D 17Dy (3.26)

0

o
Il

3.5.1.2 Interpolation by a factor I

An increase in the sampling rate by an integer factor of I can be accomplished by
inserting [ — 1 samples between successive values of the signal. If the sequence z(m)
is to be interpolated, it is first upsampled by putting I — 1 zeros between successive
samples followed by a stage of filtering to remove the image frequencies. The upsampled

sequence can be expressed as

I =0,41, 421, ...
0 otherwise
In frequency domain, it can be expressed as
Xy(z) = X (&) (3.28)

whose spectrum is an I-fold periodic repetition of the input signal spectrum. The new

sampling rate will be IF;. Since only the frequency components of z(n) in the range
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0 < wy = 2nF, < w/I are unique, the images of X(w) in X,(w) beyond this range
should be rejected by passing the sequence z,(m) through a filter of frequency response

Hy(w) that ideally has the characteristics

C |w] <7/

; (3.29)
0 otherwise

Hy(w) = {
where (' is a scale factor required to normalize the cutput sequence.

3.5.1.3 Sampling rate conversion by a rational factor I/D

This type of samnpling rate conversion is of frequent application in multirate systems as
in the case of PSWT based Linear Predictive Coding described in chapter 4. Sampling
rate conversion by a factor of 7/D can be achieved by first performing interpolation by
the factor I and then decimating the output of the interpolator by the factor D). The
cascaded operation is illustrated in figure 3.2(a). The two cascaded filters in fig. 3.2(a)
can be combined to a single filter as shown in fig. 3.2(b), which possess an ideal frequency

response of

I < min{m/D,x/1
) — i < min{n/D, /1) 50
0 otherwise
" |" indicates down sampling operation and ' 1’ denotes upsampling operation.
In the time domain, the output of the upsampler is the sequence
/1 I=0,+1,£21,..
(1) = (/1) ‘ (3.31)
0 otherwise
and the output of the linear time-invariant filter is
o0
wl)= > h(l—k)u(k)
= (3.32)

= i h(l - kI)z(k)

k=—00
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| H I p(m)
— T Ll by L By D L

(a) Cascaded Interpolation and Decimation

x(M) v(k) w(i) yom)
—p I W h —» D —»

{b) Combined filtering

Figure 3.2: Fractional sampling rate conversion by multirate techniques

Finally the output of the sampling rate converter is the sequence {y(m)}, which is

obtained by downsampling the sequence {w(l)} by the factor D. Thus

yom) = i h{mD — kDxz(k) (3.33)

k=—o00

3.5.2 The Mallat’s Pyramid Structure

The DWT is generally computed using the Pyramidal Tree structure, as shown in fig-
ure 3.3 for a 2-level wavelet analysis on a discrete-time sequence x(n). This algorithm
is sometimes referred to as the two-channel sub-band coder as it involves the QMF fil-
tering of the input signal based on the wavelet function used. The filters h, g, h, and
g characterize the wavelet system. This is basically a sequential structure employing
multirate digital filtering.

One can look at the Mallat’s algorithm either as a way of calculating expanston
coefficients of a continuous time signal at various scales or as a filter bank for processing
discrete-time signals. The wavelet analysis coefficients are obtained at the output of

cach leaf of the tree structure. The sections are numbered from left to right in the
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Figure 3.3: Pyramid structure for 2 level DWT Computation (a) Decomposition (b)
Reconstruction

analysis structure and from right to left in the synthesis structure. The set of transform
coefficients at j** level are computed from the scaling output of the lower or previous

stage of the analysis structure as
Xj(k) = (Bj-1(r) = h(r)) | 2 (3.34a)

Bi(k) = (Boa(ry v g(r)) 12 G=1,2,.J (3.34b)

where Gy(k) = x(k), h(k) = o0(k), and g(k) = ¢oo(k).

In the frequency domain, the first stage divides the signal spectrum into two equai
parts. The second stage divides the lower half into quarters and so on. This results in a
logarithmic set of bandwidths as illustrated in figure 3.4. Correspondingly the tiling of
the time-frequency plane will look as shown in figure 3.5. Each horizontal strip in the
tiling corresponds to each channel, which in turn corresponds to a scale 7. The span
covered by each of the translations are marked along the horizontal axis. It is obvious
that at lower resolutions (higher j), the translations are large and at higher resolutions
the translations are small. The residue of the finite scale wavelet representation is then
a low-pass signal that reproduces the trend of the input signal. The remaining terms in
the expansion represent the fluctuations of the signal over this trend at several scales.

Similarly, employing the synthesis scaling and wavelet sequences of upper levels,

the scaling coefficients at each of the immediate lower levels are computed using the
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multirate filtering operations.

3.6 The Wavelet Packet Transform

Wavelet Packet analysis is an important generalization of wavelet analysis [213]. Wavelct
packet basis functions comprise a rich family of building block functions which are still
localized in time, but offer more flexibility than wavelets in representing different types of
signals. The classical wavelet system results in a logarithmic frequency resolution. The
low frequencies have narrow bandwidths and the high frequencies have wide bandwidths.
The WP is an extension on this to allow a finer and adjustable resolution of frequencies
at ligh frequencies. The cost of this richer structure is a computational complexity of
O{N log(N)), in contrast to the classical W'T', which is Q(N}. A wavelet orthonormal
basis decomposes the frequency axis in dyadic intervals whereas the wavelet packets
generalize this fixed dyadic construction by decomposing the frequency in intervals of
varying bandwidth. Wavelet packet functions are generated by scaling and translating
a family of basic functions denoted by, say Wp(t). These functions are uniquely char-
acterized by the oscillation index b. The fundamental scaling and wavelet functions
correspond to b = 0 and b = 1 respectively. Larger values of b points to wavelet packets
with more oscillations and higher frequency. The translated and scaled wavelet packet
functions related to the oscillation index b, at any level 7 are generated from the following

equation.

Wi m(k) = Wi o(k — 2/m) (3.35)
where m is an integer and
Wisolk) = 2772 Wy(277k) (3.36)

The wavelet packet W, m(k) has scale 27 and location 27m.
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Figurc 3.4: Frequency bands for the analysis tree of the pyramid structure

Figure 3.5: Time-Frequency tiling in wavelet decomposition
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Figure 3.6: Tree structure for 2-level WP analysis (a) decomposition (b) reconstruction

T'he Mallat algorithm can be extended to WP7 analysis also. In WP decomposition,
the high pass wavelet branch as well as the low pass approximation branch of the tree are
successively decomposed. The resulting analysis tree and synthesis tree for a two-stage
decomposition is shown in figure 3.6.

Figure 3.7(a) pictorially shows the vector-space decomposition for wavelet packet
transform. Figure 3.7(b) shows the corresponding frequency response of the filter bank
scheme.

A signal z(n) can be expressed as a sum of orthogonal wavelet packet functions

Wi k(n), at different scales, oscillations, and locations using the expression

z(n) =Y Y > winmWipm(n) (3.37)
i b k

where

Wipm = D Wibm(n)z(n) (3.38)

The range of the summation for the levels j and the oscillations b is chosen so that the

wavelet packet functions are orthogonal.

"Wavelet, Packet
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Figure 3.7: Decomposition using Wavelet Packet

3.7 2D Discrete Wavelet Transform

In order to apply wavelet decomposition to images, 21D extension of the wavelets are
required. This can be achieved by the use of separable or non-separable wavelets. In this
thesis, the case of separable wavelets only is considered. A 2D separable wavelet basis can
be constructed from 1D using four basis functions viz. one scaling function qﬁ?'k‘l{:r;, )

and three wavelet functions w;k‘t(::;, y),T€1,2,3,7,k,l € Z, defined as follows [184].

31, 9) = Ds(2)b54(y) (3.39a)

Uy k(@ ¥) = &(2)5(y) (3.39b)
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Vika(2,9) = ¥ix(2)50(y) (3.39¢)

B3 (T ) = Yia(@)d(y) (3.39d)

where ¢ and 1 are the 1D wavelet basis defined earlier. These basis functions span
the four j-level linear vector spaces rather than just two as in the 1D case. The first
one spans the approximation subspace V;, whereas the other three spans each of the
details space Wj1, Wjz and W3 respectively. It may be expressed making use of the

MRA concept as

Vi =V Wi P W, P Wis (3.40)

where V;_ is the next high resolution approximation subspace. An analogous definition
holds for the dual scaling function qg(;,k‘l(.r, ) and wavelet functions ?,5; k(7 y).

The M-level wavelet representation of a 2D-function f(x, y} is given by

(z,y) Zcmm ,Y) +Zzzd3;lw;“ z,1) (3.41)

j=1rer k|l

The approximation and the detail coefficients in the above expression are rﬁ =

(f, as k1) and d“}c: = (f,¥] ) respectively, where (.,.) denotes the inner product in the

12(Z?%) space.

3.7.1 Computation of 2D DWT

For fast DWT computation using the Mallat’s pyramid algorithm, the sub band filtering
scheme as in the case of 1D is used. The 2D wavelet basis may be represented by the
four possible tensor products gg, gh, hg and hh of the 1D filters g and h. Let ¢/ and %7

denote the 2D sequences cJ and dkt, kle Zand r = 1,2, 3 The scaling and wavcelet
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transform coefficients at a coarser level 7 are computed from ¢/~! by convolution followed

by downsampling [184]as:

d = (11 2)(gg* ™) (3.42a)
dhl = (1] 2)(gh* ™) (3.42b)
&% = (1] 2)(hg+ ) (3.42¢)
d3 = (11 2)(hh 1) (3.42d)

for j =0,1,..,M — 1. Here » denotes 2D convolution and (]| 2) denotes downsampling
by a factor of 2 in both x and y directions. The given image is treated as c°.

To perform the 2D DWT computation as above, instead of using the 2D filters,
one can employ a separable extension of the 1D decomposition algorithm. The rows of
the data are convolved with the first 1D filter in equation 3.42 and alternate columns
are retained..The resulting data is then convolved column-wise using the other 1D filter
and every alternate row is dropped. Further stages of 2D decomposition are obtained by
recursively applying the procedure to the low-pass filtered output of the previous stage.
Following the terminology found in the literature, the coefficients given by equation 3.42
may be denoted as LL;, LH;, HL; and HH; respectively as shown in the layout of
figure 3.8.

The wavelet reconstruction is performed recursively, starting at level M by upsam-
pling in both directions (denoted by 11 2) followed by convolution uging the 2D dual
filters. The signal reconstructed at the j** level from coefficients at the (5 + 1)** level

may be expressed as
& = §g=((11 20 +ghx (17 2)d7 1Y) +hg* (11 2)d?HHE) +hkx (11 2)d7 ) (3.43)

Here also, separable wavelet filters can be employed as in the case of decomposition.
Figure 3.9 shows the block diagram for a 2-level decomposition and reconstruction

of an image using the pyramidal algorithm employing separable filters.
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Lls |LHj
LH>
HlLs; | HH3 LH,
HL» HHE;
HL, HH)

Figure 3.8: Coefficient layout of a 3-level DWT of an image.

Figure 3.9: Pyramid Structure for 2-level 2D DWT computation (a) Decomposition
(b) Reconstruction. (The shaded blocks represent row-wise operation, the rest being
column-wise}
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3.8 The Pitch Synchronous Wavelet Transform

By means of ordinary DWT the signal can be represented in terms of a low-pass trend
plus fluctuations at several scales. However, pseudo-periodic signals may be better
represented in terms of a periodic trend plus period-to-period fluctuations. The periodic
trend may be obtained by averaging the homologous samples®, while period-to-period
fluctuations are differences of the homologous samples. Looking from the frequency
domain, the trend lies in narrow bands centered on the harmonics while the fluctuations
consist of sidebands of the harmonics. In a perfectly periodic signal these fluctuations are
null and the homologous samples are identical to the samples in any arbitrary period.
Homologous samples in a pseudo-periodic signal are strongly correlated and may be
slowly varying. By means of PSWT one can better analyze these changes at several
scales.

The PSWT is based on a pitch-synchronous vector representation and it adapts to
the oscillatory characteristics of pseudo-periodic signals. A lot of information is conveyed
in period-to-period variations. These signals have a lot of redundancy between periods.

The PSWT rests upon the PS representation of the signal. It is nothing but the
ordinary WT applied to each of the row vectors of the signal in PS form. For a quasi-
periodic signal, the local pitch periods P(r) for r = 0,1,2,...N may vary, which makes
the column vectors in the PS matrix to be of different size. Hence the PS matrix is
modified by inserting p,, — P(r) zeros at the end of each column vector vy(r) for any
fixed value of r. Here p,, stands for the maximum value of P(r). Mathematically we

define the new column vectors as sequences:

Bg(r) = Xq(r)uvy(r) (3.44)
where

8samples that are spaced one or more periods apart.
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Obviously t4(r) extends v,{(r) as zeros, for g outside P(r).
Now, if we try to represent each row in the PS signal matrix in terms of its DWT

coefficients, the resulting matrix will constitute the PSWT of the signal represented by:
Vika = Z B (n)gjk(n (3.46a)

where Vj x4 are the PSWT coefficients of the ¢'P row of the signal v,(r) at j*" scale and

kb shift. Signal reconstruction is possible using the equation:

Bg(n) =D Vi katsk(n) (3.46b)
hHk
The above PSWT coefficients can be expressed in terms of the original sequence z(n)
and the PS wavelet sequence as given below.
Considering a finite level decomposition of the signal, the PSWT may be expressed [11]
by the following equations:

Vikw = o(Minq(r); §=1,2,...J (3.47a)

-
and

Gakg =Y 2(N)Purg(r); kg€ Z (3.47b)

r

where 64,4 are the PS scaling transform coefficients of the same section of the signal
at J™ scale and k*" shift. This is the residue of the signal after J levels of PSWT
decomposition. 8;x(r) are the PS wavelet sequences generated from ¥k, and @k q(r)

are the PS scaling function sequences generated from ¢ using the equations:

n—1
Oika(r) =D 8(r —q— > Plu);x(n)Xq(n) (3.484)
n u=0

and

O rkglr 25(1" —-q- Z P(u))@gi(n)Xq(n) (3.48b)
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where
Wik(n) = Pj0(n — 27k) (3.49a)
$uk(n) = duo(n — 27k) (3.49b)

Here ;o and ¢ are the impulse responses h; and g; respectively, defined by
giv1{n) =Y g;i(r)g(n —2r) (3.50a)
™

and
hir(n) = 3 hy(r)g(n—2r) (3.50b)

where, g1(n) = g(n) and hi1(n) = h(n), are the impulse response of the analysis low pass
and high pass filters respectively.

From the finite level PS wavelet and scaling coefficients, the original signal is recon-
structed using the following relationship:

J
z(n) =Y wiln) +vs(n) (3.51)
j=1
where w;(n) =37, Vi 5,005 k,q(n) is the PS wavelet partial at the §t* level
and vs(n) = 3k, GJk,qPskq(n) is the PS scaling residue at the J level.

It may be noted that w;(n) corresponds to the extend of fluctuations at scale 27 local
pitch periods, whereas -y;(n) represents the asymptotic average behavior over several
pitch periods.

After representing z(n) in the PS form, the computation of the PSWT and its Inverse
(IPSWT), can be performed by taking the DWT and IDWT of each of the ¢ channels,
one at a time using the PS wavelets and scaling sequences given by equation 3.48. In
a parallel processing environment, the DWT and IDWT of all the channels may be
computed concurrently, as they are independent of each other. The implementation
structure for the above computation is given in figure 3.10. The DWT and IDWT
blocks shown in the figure can be implemented using the same structure given in figure

3.3.
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Figure 3.10: Implementation structure for the computation of PSWT and its inverse.
(‘D’ corresponds to the delay in the computation of the forward and inverse transform
blocks).

3.9 Period Estimation

Period detection algorithms can be classified in to two separate categories, viz. the
spectral-domain based and the time-domain based period detection. Spectral period
detectors such as Cepstrum, Maximum Likelihood, and Autocorrelation methods, esti-
mate the fundamental period of a signal directly using windowed segments of the signal,
applying a Fourier-type analysis to determine average period. A time based detector,
however, estimates the period by determining the events such as zero crossing or GCI°

and then measuring the time period between each event.

?Glottal Closure Instant
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3.9.1 Autocorrelation-based Period Estimation

This method employs the autocorrelation function [29] defined by

R(k) = i z(m)z(m+k) (3.52)

m=—o00
where z(m) is any discrete-time deterministic signal. If z(m) is periodic R(k) also will be
periodic with the same period. It is shown that, regardless of the time origin of the signal
under consideration, the period of the signal can be estimated by finding the location
of the maxima of the autocorrelation function and measuring the distance betwcen
the successive peaks. The autocorrelation function contains much more information
about the detailed structure of the signal and hence we often consider the short-time

autocorrelation function which is defined as

Ru(k} = Z z(mw(n — m)z(m+ k)w{n — k —m) - (3.53)

m=—00
For finite duration sequences this expression can be modified as

N—1-k
Ra(k) = Z [z(n + m)w'(m)][z(n + m + k)w'(k + m) (3.54)

m=0
where w'(n) = w'(—n) and N is the block length selected. An important issue here is
how N should be chosen to give a good indication of pertodicity. Here the requirements
are conflicting. Since the signal is basically non-stationary, N should be as small as
possible. On the other hand, it should be clear that to get any indication of periodicity
in the autocorrelation function, the window must have a duration of at least 2 periods
of the waveform. It has been shown that [214], for best results, the block length has to
be selected as 4M for voiced signals and as 2M for transient segments of signals, where
M is the period.

Because of the finite length of the windowed signal segment involved in the computa-

tion of Ry (k), there is less and less data involved in the computation as k increases. To
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take care of the difficulty due to this roll off, sometimes samples from outside the interval
from n to n+ N — 1 are also involved in the computation. Strictly speaking, this leads
to the cross-correlation computation rather than the autocorrelation and this is gener-
ally designated as the modified autocorrelation function. There are much more variants
proposed [148], [215] on the basic scheme of period estimation using autocorrelation

function to make it more adapted to different types of signals.

3.9.2 UDWT based Period Estimation

3.9.2.1 The Undecimated Discrete Wavelet Transform

One well-known drawback of wavelet transforms is their sensitivity to translations. This
causes serious problems in some applications of wavelet methods. An immediate solution
to this problem is the UDWT. This is a redundant type of shift-invariant WT which can
be viewed as the DWT in which the multirate operations are eliminated.r Hence as the
number of levels of decomposition increases, the number of UDWT coefficients increases
congiderably, increasing the computational complexity as well. Although the UDWT is
linear and shift-invariant, it has got the drawback of lack of orthogonality.

In discrete domain, the UDWT is implemented using the two QMF filters corre-
sponding to the wavelet under consideration. The coefficients corresponding to the level

7 is computed using the following convolutions.

Wj(k) = hy(k) * Sj1 (k) (3.55a)

S;(k) = gj(k) * S;-1(k) (3.55b)

where j = 1,2, J, Sy(k) = z(k), ho = h,go = ¢. Here h;(k) and g;{k) are obtained by
inserting {27 — 1) zeros between each of the two consecutive coefficients of the two filters

h{k) and g(k), and J corresponds to the maximum level of decomposition.
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3.9.2.2 Application of UDWT in period estimation

The UDWT can be used for period estimation, when special type of wavelets are used for
analysis, as it exhibits local maxima at points of discontinuity or zero-crossing [155]. In
order to detect a zero-crossing or GCI, a derivative function can be used as the wavelet.
If the signal is filtered by a derivative function (such as Daubechies filters), a maximum
will occur at each zero-crossing. Thus the time period between each maximum represents
the pitch period of the signal at that moment. Let () be the mother wavelet with

derivative properties. The functions

P(t) = 25/ *p(2%) (3.56a)

o(t) = 2¢/%p(2%t) (3.56b)

represent both the wavelet and scaling functions respectively at each scale. (t) is
a low pass function and is the conjugate mirror filter of (t), which is a high pass
function. Since the range of period or fundamental frequency in any digital signal is
between frequencies, say f; and fo Hz, the UDWT coeflicients corresponding to levels
contributing to this frequency band will show consistent peaks across successive levels.
Therefore, the distance between these peaks can be measured as the period information.
One can compute the scale parameters 7 & j, corresponding to the frequency band
of interest by selecting the nearest integer value of the parameters from the following

expressions [154].
Fy

1

- F,
e = -f-f (3.57b)

2

where Fy is the sampling rate of the signal.
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3.10 The Linear Predictive Coding

As applied to 1D signal processing, the term Linear Prediction refers to a variety of
essentially equivalent formulations of the problem of modelling the signal. For 1D signal, |

the various formulations of linear predictive analysis have been:

e The Covariance method

The Autocorrelation formulation

The Lattice method

The inverse Filter formulation

The Spectral Estimation formulation
" X e The Maximum Likelihood formulation

The Inner Product formulation

In each case the basic idea is that a signal sample can be approximated as a linear
combination of past signal samples. By minimizing the sum of the squared differences
(over a finite interval) between the actual signal sample and the linearly predicted ones,
a unique set of predictor coefficients can be determined.

Because of the time-varying nature of signals, the predictor coefficients must be
estimated from short segments of the signal, the segment {frame) size being dependent
on the extent of non-stationarity of the signal and also its frequency characteristics.
When the signal is transformed to another domain before the prediction is applied and
transmitted, such schemes are called TC!C. The signal in a TC is processed frame-by-
frame and each frame is transformed using a discrete unitary transform. ie. § = Ts.

The inverse transform is used for signal synthesis. ie. s = 718,

0 Transform Coders
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Figure 3.11: Linear Predictor of order p

Predictive Coding systems utilize the data redundancy to realize straight forward
reduction in bit rate for compression applications. The basic problem is to determine a
set of predictor coeflicients «y directly from the signal in such a manner as to obtain a
good estimate of the spectral properties of the signal being predicted. Because of the
time-varying nature of non-stationary signals, the predictor coefficients must be esti-
mated from short segments of the signal. A linear predictor with prediction coefficients

&y i defined as a system whose output is

P
S(n) = axS(n—k) (3.58)
k=1

where p is the order of the predictor. The system function of the predictor is the
polynomial P(z), given by 3_.%_, axz™*. The structure of a p** order linear predictor is

shown in figure 3.11.

On using a linear predictor, the prediction error is defined as:

P
e(n) = $(n) — 5(n) = S(n) = > _axS(n—k) (3.59)
k=1
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Similarly, the short-time average prediction error!! is defined as:

En =3 éi(m) = (Sa(m)— Sp(m))’

P (3.60)
= > _[5alm) = > akSafm — k)]
m k=1

where S,(m) is a segment of the signal that has been selected in the vicinity of sample
n. To minimize the MSE, the values of a; that minimize E, by setting
6‘En/8ai =0,2=1,2,...p,

thereby obtaining the equations
p '
> Sn(m—1)Sa(m) =Y ok Y Splm—i)Sp(m—k)1<i<p (3.61)
m k=1 m

Now, if we define ¢, (7, k) as >_,, Sn(m —1)S,(m — k), equation 3.61 can be written more

compactly as

P
> akdn(i k) = ¢nli, 0050 = 1,2, (3.62)
k=1

This set of p equations in p unknowns can be solved in an efficient manner for the
unknown predictor coefficients {4}, that minimize the average squared prediction error
for the segment Sy, (m).

There are two basic approaches [29] to proceed with the solution. One is the au-
tocorrelation method and the other is the covariance method. In this thesis, only the
former is discussed.

In the autocorrelation method it is assumed that the waveform segment S,,(m), is
identically zero outside the interval 0 < m < N — 1. ie. Sp{m) = S(m + njw(m),
where w(m) is a finite word length window that is identically zero outside the interval
0 <m < N —1. It is clear that, the error is large at the beginning of the interval

0 <m < p— 1 because we are trying to predict the signal from samples that have

11Ty obtain the average, a division by the length of the data segment is necessary, but being irrelevant
at this context, it is omitted.
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arbitrarily been set to zero. Likewise the error can be large at the end of the interval
N <m < N+p—1 because we are trying to predict zero from saruples that are non-zero.
For this reason, a window that tapers the segment S,(m) to zero is generally used for

w(m). It is shown [29] that

p
S apRa(li— k) = Ra(i);1 < < p (3.63)
k=1

where R, (k) = ﬁ;g_l Sp(m)Sp(m + k). In matrix form the equation 3.63 can be

expressed as

R,(0) R,(1) R.(2) . .. Rplp—-1)\ /o Rn(1)
R, (1) R,(0) Rn(1) .« Ra{p-2) g Rn(2)
R Bl) RO e B3| an| | Ba®) | e
Rap=1) Ralp=2) Balp=3) - - Ra0) ) \ay/ \BD)

These equations are called the normal equations, Yule-Walker Prediction equations,
r the Wiener-Hopf equations. The pxp matrix of autocorrelation values is a Toplitz
natrix and can be efficiently sclved to derive the values of a,. The most efficient of all

nethods for solving this system of equations is the Durbin’s recursive procedure [216).
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Chapter 4

PSWT Based Linear Predictive
Coding

This chapter describes the Pitch-Synchronous Wavelet Transform based method devel-
oped for the Linear Predictive Coding and Compression of pseudo-periodic signals, and
its typical applications. Initially, the method has been presented in detail for general
pseudo-periodic signal processing applications, Subsequently case studies have been pre-
sented on the application of the compression scheme on typical signals. Some techniques
for feature enhancement and source dependent noise suppression in PSWT domain have
also been briefly introduced. The method has been evaluated in terms of standard per-
formance measures. The chapter is concluded by highlighting the results and discussing

the important findings of the study.

73
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4.1 Introduction

Conventicnal LPC methods and WT techniques have been in use for various signal pro-
cessing applications. A noteworthy work combining the application of these techniques
have been carried out by Ramakrishnan et al [59]. They have applied the LPC tech-
nique on the DWT of period-wise data for ECG data compression. In this chapter, a
new method which is more beneficial for the analysis and compression of pseudo-periodic
signals has been introduced. It combines the advantages of the LPC techniques and the
WT methods with the inter-beat correlation of this class of signals.

The study has been presented for general pseudo-periodic signals, and case studies
are presented on practical signals towards the end of the chapter. Practical signals may
contain unwanted disturbances like random noise, harmonics, powerline interference etc.
To reduce the effect of such disturbances, some feature enhancement techniques, which
are exclusive to PSW'T domain have also been developed and the details are briefly

presented.

4.2 PSWT based LPC

The distinct steps involved in the PSW'T based LPC system are listed helow:

Step 1: Estimation of the local beat periods

Step 2: Organization of the data segment in the Pitch-Synchronous form
Step 4: Normalization of the PS date matriz

Step 5: Computation of the PSWT coefficients

Step 6: Estirnation of the predictor coefficients

Step 7: Encoding the relevant information for transmission.
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All the above operations are performed at the encoder end. At the decoder end all

the inverse operations are performed in succession so that the signal is reconstructed.

4.2.1 Period Estimation

The effectivencss of PSW'I' based signal analysis techniques depend a lot on the accu-
racy with which the local periods are evaluated. For the PS representation, the local
pericds are to be evaluated for the whole signal continuously. In this work, two meth-
ods for period estimation have been adopted depending on the nature of signal under
consideration, viz. the autocorrelation method and a WT based method. Suitable mod-
ifications have been made in the conventional algorithm to make the period estimation

more adaptive for signals distorted by harmonics, noise, dc offset, etc.

- 4.2.1.1 The Autocorrelation based Period estimation

Autocorrelation based method is the most popular method for piteh determination of
speech signals. Hence in this work, this method has been used to find the pitch period
of signals like speech, vocal music etc. Modifications have been incorporated in the
standard method so that even hard-to-detect periods could be estimated.

The signal was segmented into different frames, the size of which was selected to be
roughly about 4 times the approximate local period. The autocorrelation function of

each frame was computed using the simplified autocorrelation relation given by:

N
R(K)=>Y z(m)z(m-K); 0<K<N (4.1)

m=k
When the signal is devoid of much disturbances, the period can be easily estimated
as the distance between the successive peaks of the above autocorrelation function. But
when the signal is contaminated by unwanted noise components, the period estimation
becomes difficult and alternate techniques are to be employed. Some of the identified

difficulties along with the proposed solutions are presented below.
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Figure 4.1: A distorted signal creating difficulty in period estimation (a)A segment of
Original Signal {b)Autocorrelation Plot {c)Thresholded Autocorrelation plot

Consider one segment z(n) of a signal as shown in figure 4.1(a). As seen from the
autocorrelation plot (fig. 4.1(b}}, many of the spurious spikes are smoothed out during
the autocorrelation operation. But there are certain predominant intermediate peaks,

which are still regular, making the period estimation difficult.

To get rid of this difficulty, a threshold T' = aRpeqr was experimentally selected and
|R(K)! < T was made zero for all values of K, where a is the threshold factor and Rpeek
is the maximum value of the autocorrelation function. The resulting function R'(K) is
shown in figure 4.1(c). It may be noticed that, in this plot, the regions containing each

local peak lies between two sets of zero-valued samples. The local peak from each of
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these regions which are separated by sets of zero-valued samples are estimated and the
distance between the consecutive local peaks are taken as the local pitch period. This
method helps in partially eliminating the acceptance of the intermediate peaks which
are not spaced by local periods.

Another difficulty in pitch estimation results from the unsymmetry between the
positive and negative half cycles of the signal. One such case pertaining to a musical
instrument tone produced by an electric guitar, is shown in figure 4.2, The corresponding
autocorrelation plot is shown in (b). Here, if the negative peaks are considered for the
period estimation, it gives almost double the actual period count. To take care of such
situations, the peak detection is done for both positive and negative half cycles and the

one with minimum peaks is further processed for detecting the local periods.
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(a) Original signal (b) Autocorrelation plot

Figure 4.2: A music note produced by an electric guitar and its autocorrelation plot.

On estimating the period as the difference between the successive local peaks in
the autocorrelation plot, a common difficulty encountered is the presence of multiple
dominant peaks within the same period. So is the case with the female voice signal
shown in figure 4.3. To avoid the contribution from the non-predominant peaks, the
detected periods are compared with the local maximum. All detected peaks which are

closer than by a preset percentage of the maximum period are discarded while selecting
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the final periods. If the current one is less than a preset percentage of the previous, the

current local peak is discarded and the succeeding peak is selected.
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(a) Original signal (b} Autocorrelation plot

Figure 4.3: Signal showing multiple dominant peaks in the Autocorrelation plot.

Yet another difficulty in local peak detection is posed by the linear decrease of the
magnitude of the successive peaks in the autocorrelation plot of a frame. As shown in
figure 4.1(b), all local peaks after the point 'A’ in the frame under study, are below
the threshold and hence they could not be detected as such. For the PS representation
of the signal, the local periods of the whole signal are to be determined. Therefore in
the original signal, the sample corresponding to the peak 'A’ is taken as the beginning

-of the next frame and the process is repeated. This procedure ensures that the local
peaks of the entire input signal is detected irrespective of the selected frame size for the

autocorrelation plot.

In rare occasions the signal may contain dec shift which also creates difficulty in
period estimation. The presence of dc shift will distort the autocorrelation plot as
depicted in figure 4.4. By subtracting the mean value of each segment before taking the

autocorrelation plot, the undesirable effects of the de shift could be eliminated.
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Figure 4.4: Distortion in the Autocorrelation plot due to dc shift in the signal.

4.2.1.2 The WT based Period estimation

For signals with large bandwidth, the autocorrelation based method of period estima-
tion often results in inaccurate results. Musical sounds are one such category. They are
harmonically rich and can contain inharmonic partials as well. For a minimum delay,
the pitch has to be determined during the attack of a note, where the sound is noisiest
and most harmonically complex. The pitch can also vary constantly without the onset
of notes. Many ambiguously pitched sounds exist, such as multi-phonics, key clicks or
unpitched sounds, which must be dealt with in a consistent manner. The wavelet based
pitch tracker introduced in this thesis is able to estimate the pitch trajectory much
more precisely and quickly than many classical techniques. This is mainly because,
WT is a more natural way for windowing large bandwidth signals. Moreover, since the
wavelet partials at different levels being dyadically related, the successive elimination
of harmonics is possible without affecting the information content related to the fun-
damental period. The general transients that are present in the musical notes contain
wide frequency components, making the smoothing operation difficult.

Another class of signals where the WT method is found superior is the ECG. The
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frequency of ECG signals is small, whereas the QRS complex, being transient in nature,

contains large bandwidth components.

In this method, the peaks corresponding to the fundamental period are made promi-
nent by decomposing the signal in the UDWT domain using an appropriate wavelet
filter. The level to which the decomposition is performed is dependent on the frequency
content and sampling rate of the signal, making the technique to be signal dependent.
When the successive levels show consistent peaks so that the position of these peaks can
be uniquely determined, the decomposition is stopped and the period is computed as
the distance between such peaks. For example, consider the signals shown in figure 4.5.
The peaks corresponding to the fundamental period is not made uniquely detectable by
even 8 levels of filtering in the case of the tambura note whereas it is achieved by 2 levels

of filtering for the flute signal.
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(a) Tambura signal {b) Flute signal

Figure 4.5: Signals showing wide variation in UDWT levels for period estimation.

Even after performing the filtering operation to the desired level, due to irregularities
in the signal there can be other peaks in the near vicinity of the actual local peak.
This can result in wrong period estimation. Hence the techniques employed along with

autocorrelation method is adopted in this method also.
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4.2.2 Pitch-Synchronous Representation

Once the local periods are estimated, any 1D data could be arranged in the PS form {135).
The details of this PS representation is given below.

Assuming P(k) to be the sequence of integer local pitch periods extracted from a
typical segment of the signal z(n}), the segment under consideration can be expressed in

PS form as:

vk} =Y z(1)6(i — g ZP r)), i€Z (4.2)

i
where ¢ =0,1,2,...,P(k)—1,and k = 0,1,..., N — 1. Here the index q is the inter-
period-count index and k is the period-count index. N is the total number of pitch
periods that make up the segment under consideration. v,(k) gives a 2D representation
of the 1D signal.

The signal z(n) is now demultiplexed into q channels, the p*? channel being consti-
tuted by the pt® sample of each of the N pitch periods. The surface plot of a typical
pseudo-periodic signal in PS form is given in figure 4.6.

The original signal can be reconstructed back from the PS form using the expression:

P(i)—1

z(n) = Z Z vg(1)d(n — g — ZP(T (4.3)

i ¢q=0

4.2.3 Normalization

To achieve maximum interbeat correlation of the WT coefficients, beat normalization is
carried out as done by Ramakrishnan et al. {59]. This has two stages, the period normal-
ization and the amplitude normalization. Each beat in the P3 data matrix is normalized
separately. For period normalization, multirate techniques [217] are employed. This in-
volves sampling rate change by different fractional factors for each period of the PS data

matrix, employing equation 3.33.
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Figure 4.6: Surface plot of a signal represented in PS form (Tambura note).

The period normalization is achieved by first upsampling each period data by a factor
L, which is an integral multiple of the maximum éycle period, py,. This is followed by
downsampling by the respective beat period.

After the period-normalization, equation 4.2 gets modified as

P(r}-1
tg(k) = D vg(r)h(kP(k) —rL) (4.4)

r=0
where v, (k) stands for the k** column of the PS data and 9,(k) is the correspond-
ing period normalized data vector. hi(z) is the impulse response of the smoothing
filter. This converts the cycles of differing periods into cycles of a constant period, thus

eliminating the cycle variability as shown in figure 4.7.
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Figure 4.7: Surface plot of the signal shown in figure 4.6 after Normalization {period
normalized to 3 times the maximum period)

The fixed period is selected based on the maximum local period of the signal under
consideration. The modified sampling rate is selected still satisfying the Nyquist crite-
rion. Since a sampling rate higher than the existing one is selected, there won’t be any
signal distortion provided the alias frequencies are eliminated by proper filtering using
hi(z).

Amplitude normalization brings further similarity between the consecutive periods.
Each sample of each period is divided by the magnitude of the largest sample of the
corresponding period data. This makes the highest amplitude samples of each period

equal to unity. Thus, the variations between the magnitudes of different cycles are
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minimized. It can be seen that PAN! does not introduce any distortion in the signal

whereas it will enhance the inter-period correlation.

4.2.4 Computation of PSWT Coeflicients

For computing the PSWT, the method of DWT computation is utilized. Since after
normalization, the PS data resembles a truly periodic signal, the PSWT computation
reduces in effect to MWT computation. Here the DWT is computed row-wise on 9,(k)
for each ¢ = 1,2, ..., L, g € N. The scheme for computation is given in figure 3.10. The

PSWT coefficients are arranged in a matrix in the following format:

1 1 1 1 1
a &y dyy . odod)
a:{ dg ds‘]_l . dg dé
aJ dJ d.]‘“l . d2 dl
L gL gL L L
aJ dj d.]—l . dz dl

where a? and d;' are row vectors corresponding to the approximation and the details
respectively of the WT of the p* row of the data matrix at the 7% level.

In a parallel processing environment, the DWT and IDWT of all the channels may
be computed concurrently, as they are independent of each other with absolutely no

data dependency.

4.2.5 Computation of Predictor Coefficients

In this work, the predictor coefficients for the prediction of PSWT data are chosen
according to the minimum error criterion. They are determined by minimizing the sum
of squared differences {(over & finite interval) between the actual PSWT coefficients and
the linearly predicted ones using the autocorrelation method. The block schematic of
the predictor estimation systemn is shown in figure 4.8.

The optimized set of predictor coefficients depend on both the order of predictor

and the logical selection of the data input. The PSWT coefficients which form the data

"Period and Amplitude Normalization
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Figure 4.8: Block schematic of the predictor estimator.

input contain groups of varying spectral characteristics corresponding to different levels
of decomposition. Hence different alternatives like separate predictors for prediction of
each level-wise data, single predictor for complete data prediction etc. were tried out.
Finally level-wise prediction, i.e., different sets of predictors for predicting each level of

transform coefficients, was selected.

Since the PSWT acts on homologous points of the normalized data, the average
information contained over different beat periods get well localized in the scaling residuc
of the PSWT. Hence most of the energy contained in the signal appears in the scaling
residue itself. This includes all the spectral components centered on the fundamental and
its harmonics. On the contrary, the wavelet partials carry other informations, which lie
near to the harmonics, indicating the degree of period-to-period fluctuations present in
the signal. This is obviously different from the result of DWT on the same signal, as the
wavelet coefficients in a DWT are indicative of intra-period variations, independent of
the global changes in the signal. Taking advantage from the above facts, the prediction
of the PSWT coeflicients is performed with a minimum order linear predictor. Due to
the strong correlation of successive beats, this method of prediction yields better results
when compared with prediction of DWT coefficients of each beat of the signal as done

in [59].
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4.2.6 Signal Encoding and Decoding Scheme

After estimating the predictor coeflicients, they are encoded for transmission to the
decoder end. Along with these, the first few rows of the PSW'T coefficients and other
auxiliary information like mean beat period Ppmean, the AASF?, deviation of each beat
period from Ppeqn and AASF, order of the predictor p, level of decomposition J, wavelet
used for the study etc. are also transmitted to the decoder end.

Assuming the data transmission to be undistorted, at the decoder end, the PSWT
coefficients of the data are extracted using the predictor coeflicients and other auxiliary
information, which were transmitted along with the predictor. The PS data is recon-
structed using IPSWT methods. This is the normalized data which are denormalized
employing the multi-rate techniques. The 1D signal is now obtained back from this
denormalized PS data using the local period information. The block schematic for the
PSWT based linear prediction along with the associated encoding and decoding scheme
is shown in figure 4.9.

For different class of signals, the parameters for coding were optimized by changing

the following variants.

1. order (support} of wavelet used for decomposition

2. level of decompeosition

3. number of columns used for evaluating the predictor coeflicients
4. without/with normalization

5. with and without transmitting the residue of prediction

6. order of predictor

2 Average Amplitude Scale Factor
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Figure 4.9: Block schematic of the PSWT based predictive coder.

4.2.7 Performance Evaluation

The performance of the coder was evaluated for all practical combinations of the above
variants in terms of both objective and subjective measures depending on their appli-
cability. The objective measures include, SNR, CR, NRMSE, NMAE [59)etc. whereas
the important subjective measure used was the MOS {218].

SNR is onc of the common objective measures for evaluating the performance of a

compression algorithm. This is expressed as:

Np—1 _ @2
SNR = 10log;, =22 1[5 (n) = 5]
> oneo le(n) —&)?

where S(n) is the original data while S{n) is the reconstructed data, e(n) = (S(n) -
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S(n)), and N; the length of the data segment. The SNR is long term measure for the
accuracy of reconstruction and as such it tends to hide temporal reconstruction noise
particularly for low level signals. Temporal variations of the performance can be better
deiected and evaluated using the segSN R, which is a short-time Signal-to-Noise ratio.
ie. by computing the SNR for each N-point segment of the data. A performance
meagure that better exposes a weak signal performance is the segSN R, which is given

by:

E 82(3N+ n)
S(zN+ n) — SGN + n))?

In the above expression, since the averaging operation occurs after the logarithm,

segSNR =22 Zlogm{ ST } (4.6)

the segS N R more penalizes the coders whose performance is variant. L is the total
number of data segments in the original data.

NRMSE, NMAE and the CR were evaluated using the following formulae.

N 1 o 9
NRMSE = | 2n=0 (3 1) 5())° . 100 (4.72)
o S%(n)
NmaE< 3 —mesluld) vyl 100 (475)
B £~ maz(vg(k)) — min(vg (k) = Ny '
Ning

CR = 4.7

Nynsp + p(J + l)np + N, (4.7c)

Here S and & represent the mean of the sequences S(n) and e(n) respectively. N,
Ny, p, ns, np and J stands for the number of samples in the original signal, number of
beats, order of predictor, bit size of original samples, bit size for coding the predictor
coefficients and the level of decomposition respectively. N, is the auxiliary data to
be sent to the decoder end which include the wavelet information, mean beat period,
difference of each period from the mean, AASF, and the period-wise amplitude scale

factor.
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For signals having importance to perceptual characteristics, NMAE and NRMSE are
not considered significant. Instead, it is customary to conduct subjective evaluation. For
this listening tests [218] were conducted using ten subjects. Special care was taken to
eliminate external interference, background noise, and echo-effects. Training sets were
used to familiarize the subjects participated in the listening test. They were asked to
rate the quality as excellent, good, fair, poor, or bad. These ratings were allotied grade
numbers 5, 4, 3, 2, and 1, respectively. The MOS value was calculated by taking the

arithmetic mean of the grades voted by them.

4.3 Case Studies

Three general classes of pseudo-periodic signals are considered for case study viz, ECG
signal of both healthy and pathological subjects, vocal sound from both male and fernale
speakers, tones produced by musical instruments.

As data samples for the study, both the research data available in the web for public
use, and also local data from nearby institutions and recorded in our own laboratory
were used. MUMS? are one such standard set used for the study of instrument tones.
For study on ECG data, other than samples arranged from local multi-speciality hospi-
tal, selected records from MIT-BIH data base also have been used. In all the cascs it was
observed that, the compression based on PSWT decomposition followed by prediction
along beats gives better results compared to period-wise DWT followed by prediction
across beats. The residue was totally discarded, as the SNR values obtained even with-
out them are found good enough for the purpose. The application of separate set of

predictors for the PSWT coeflicients at each level is found to perform better compared

3McGill University Master Samples: This is the brain-child of Frank Opolko and Joel Wapnick. They
released 11 CDs containing the sounds of most standard classical and popular musical instruments, which
has a unique feature that every note of every instrument is included in this sampling CD set. All sounds
are recorded at 44.1kHz. MUMS sounds are used for teaching and research in over 100 universities
world wide as these samples are recorded in ideal environment with high precision recording set up to
ensure that the special timbrel personalities of each instrument are retained without any recognizable
distortion.
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to one set of predictor for the whole data.

4.3.1 Case Study 1: ECG signal

State-of-the-art medical technology in the field of modern medicine aims at a truly re-
mote patient care by focussing on issues like telemedicine, tele-surgery etc. [219], [220].
This requires the simultaneous transmission and monitoring of huge data pertaining
to various biomedical signals. Besides, signals like ECQG, being very vital in patient
monitoring, need to be continuously transmitted to the doctors’ desk with a high de-
gree of accuracy, retaining the critical morphological information in the signal. In due
consideration of the importance, the developed method has been applied for ECG data
compression and the results of study are presented in this section.

ECG data from the MIT-BIH data base -both the compression data base and the
arrythmia database- and a few data records collected from a local super specialty hospital
pertaining to normal and pathological éubjects have been used for this case study. The

details of the signals are given in the table 4.1.

Sl. no. Data base Signal details

1 MIT-BIH Sampling rate =250Hz
compression data base | Resolution =12 bit
Number of samples =5120 each
2 MIT-BIH Sampling rate =360Hz
arrythmia data base Resolution =11 bit
Number of samples =10000 each
3 Local data base Sampling rate =250Hz
Resolution =16 bit
Number of samples =7500 each

Table 4.1: ECG Records used for compression study

The method of signal coding on one of the data records is illustrated below. The
ECG considered is of 11 ~ bit resolution sampled at 360H z bearing record number 101

of the MIT-BIH arrythmia data base, which is shown in figure 4.10.
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Figure 4.10: Original ECG data segment at lead 1 of the arrythmia data record no.101

The local beat periods are evaluated using the UDWT based method. The UDWT
partials are successively computed till the coefficients at consecutive levels have shown
identical peaks. Here it is seen that the peaks in level 2 and 3 are identical as depicted
in figure 4.11.

The local periods are estimated as the distance between the successive peaks in the

374 level UDWT coefficients, which are given by the following row vector:
P(k) =[314 315 321 336 344 324 313 312 311 329 330
329 322 327 318 313 328 330 324 305 302 313 (4.8}
320 323 320 309 307 304 295 308 324]
The data segment is now arranged in the PS form using equation 4.2, the surface plot
of which is given in figure 4.12.

The maximum local period of the whole segment under consideration is seen to be

344 samples. Bach beat was period normalized to this maximum period . The MBP*

4Mean Beat Period ,
]
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Figure 4.11: UDWT coeflicients of the ECG data at different levels (a) 2™ level UDWT
details (b) 37 level UDWT details
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Figure 4.12: Surface plot of the ECG data shown in fig. 4.10
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was found to be 318. The surface plot of a section of the normalized ECG segment is

given in figure 4.13.

A 3-level PSWT decomposition was performed on the PS data matrix using the
"Haar’ wavelet. The resulting PSWT coefficients are arranged in a matrix form, whose

surface plot is given in figure 4.14.

Figure 4.13: Surface plot of the amplitude normalized ECG shown in fig. 4.10

For prediction purpose, a 4" order predictor was chosen. The predictor coeflicients
were separately estimated for the approximation and details at each level of decomposi-

tion. They were estimated using the PSWT coefficients corresponding to five columus
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Figure 4.14: Surface plot of the PSW'T coeflicients of the ECG in fig. 4.10
at that level. The predictors in this case are given by the following row vectors.
aq =[-1.8083 0.7042 0.3803  -0.2643 ] (4.9a)
ago = [-1.2093  0.3309 0.0846 -0.0747 | (4.9b)
agy =[-1.2664 03352  0.0757 -0.1029 ] {4.9¢)
g3 = [-0.9859  0.0651  0.0758 -0.1121] (4.9d)

where agj, 7 = 1,2, 3 stands for the predictor related to the 7t Jevel details and o3,

that for the 37 level approximation.

The first 4 rows of PSW'T coefficients are used at the decoder end along with the

predictor and other auxiliary information to reconstruct the original signal.

The PSW'T coefficients were reconstructed back using the inverse LPC techniques.

The PS data matrix is recovered using the IPSWT computation as given in figure 3.10.
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Employing the multirate techniques, the PS data were denormalized using the MBP and
the period difference information. Equation 4.3 was then used to regenerate the original
1D signal. Figure 4.15 shows the reconstructed signal the error in reconstruction. It

may be noted that the error of prediction is very insignificant.

T
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Figure 4.15: Reconstructed ECG and the error of prediction

The variants as discussed in section 4.2.6 were separately analyzed to optimize the
paramecters used for the encoding process. Tables 4.2 - 4.6 show the effect of change of
these variants on the performance of the coder with respect to an ECG segment from

the local data base.
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DATA | WLT | J | PNF | NB SNR | NRMSE | NMAE | CR
dbl 43 0.75 0.90 | 720
db2 43 0.75 0.90 | 66.0
db3 43 0.74 0.90 | 63.0
Local | dbd | 2 5 ) 42 0.75 0.90 | 58.0
db6 42 0.78 0.91 51.0
db8 42 0.77 0.91 | 46.0
dbl0Q 42 0.80 0.91 | 420
db20 42 0.81 0.91 | 29.0

Table 4.2: Wavelet Optimization for ECG data compression.

DATA { WLT | J | PNF | NB SNR | NRMSE | NMAE | CR
1 42 0.76 0.90 | 73.0
2 43 0.75 0.90 |72.0
Local | dbl |3 bt 4t 42 0.76 0.91 71.0
4 42 0.77 0.91 70.0
3 42 0.78 091 |69.0

Table 4.3;: Optimization of level of decomposition for ECG data compression.

DATA]WLT J | PNF | NB SNR | NRMSE | NMAE CR"
0 17 14.44 9.08 94.0
1 20 10.42 6.37 82.0
2 31 2.76 1.63 | 82.0
3 38 1.32 0.85 | 82.0
4 41 0.89 0.84 82.0
Local | dbl |2 5 5 43 0.75 0.90 82.0
6 43 0.70 0.95 | 82.0
7 43 0.69 0.99 [ 82.0
8 43 0.69 1.02 82.0
9 43 0.70 1.04 22.0
10 43 0.70 1.05 | 82.0

Table 4.4: Optimization of the Period normalizing factor for ECG data compression.
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DATA | WLT | J | PNF { NB | p | SNR | NRMSE | NMAE | CR
42 0.77 0.90 | 72.0
42 0.77 090 | 72.0
2| 42 0.76 0.96 | 72.0
42 (.75 0.90 | 72.0
43 0.75 0.90 | 72.0
43 0.75 0.90 | 72.0

Local dbl | 2 5

N DR

Table 4.5: Optimization of the number of beats needed for computing the predictor for
ECG data compression.

DATA | WLT | J I PNF | NB | p | SNR | NRMSE | NMAE | CR
1 24 6.33 4.86 | 108.0
2 43 0.75 0.90 72.0
3 43 0.71 0.92 54.0
4 43 0.70 0.93 43.0
Local | dbl | 2 5 5 5 43 0.69 0.94 36.0
6 43 0.68 0.94 31.0
7 43 0.67 0.94 27.0
8 44 0.67 0.94 24.0
9 44 0.67 0.94 22.0
10| 44 0.66 0.94 20.0

Table 4.6: Optimization of the predictor order for ECG data compression.

Parameter Abbreviation | Value
Wavelet WLT dbl
Level of decomposition J 2
Order of prediction p

Period normalizing factor PNF 5
Number of beats for evaluating

the predictor coeflicients NB 5

Table 4.7: Optimized parameters for ECG data compression
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Based on the observations on different signals as given in the table 4.1, the opti-
mal parameters for the predictive coding of ECG data were selected which is given in
Table 4.7. Wherever the improvement in the performance measures on variation of a
parameter is not much appreciable in comparison with the computational burden, the
one with minimum computation is selected. Table 4.8 summarizes the results obtained
with the optimized parameters for the encoder, on a few ECG signals including that of
pathological subjects.

The values of NMAE and NRMSE are high for pathological subjects due to large
variation in period-to-period ECG. In such cases, the quality of reconstruction is found
to have increased with the order of prediction. For normal subjects the CR went even up
to 72 with SNR greater than 40 with NRMSE and NMAF less than unity, which is well
acceptable reconstruction quality. Even higher rates of compression could be achieved

by logically elirminating the less significant coefficients from the PSWT coefficients.

4.3.2 Case Study 2: Vocal sound

Specech and music signals comprise of voiced, unveoiced, silent and transition regions.
The voiced region, which forms the major part in such signals is of pseudo-periodic in
nature. Hence such regions were identified and segmented out to apply the compression
technique. An automatic method that has been developed for this application is pro-
sented in Appendiz B. Both male and female sounds were used for the study. The signals
were sampled at different frequencies like 44.1kH z, 22.05k H z, 16k H z, and 8k H z.

The optimum parameters for the compression study has been experimentally ob-
tained as in the case of the ECG compression. The effect of different variants on the
performance of the compression scheme is shown in figures 4.16- 4.19.

It may be noted that, the SNR values in almost all cases are greater than 15 resulting
in very good perceptual quality for speech. Hence in the case of speech, a MOS evaluation

turns out to be irrelevant. For musical signals, slightly higher SNR is required for to
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Wavelet used: Haar Level of Decomposition: 2

Order of Predictor: 2 Period Normalizing factor: 5

Data base | Record No. | Signal details | SNR | NRMSE | NMAE | CR
db (%) (%)

Record 1 43 0.75 0.90 | 72.0
Record 2 42 0.76 0.89 | 72.0
Local Record 3 | 250 Hz, 16 bit | 31 2.84 3.09 59.0
Record 4 39 1.12 1.59 | 60.0
Record & 30 3.03 6.43 | 59.0
101 28 2.18 6.74 | 84.0
103 30 2.51 585 | 84.0
MIT-BIH 102 360 Hz, 11 bit | 29 2.30 8.19 | 68.0
-ADB 104 32 2.0 5.54 | 76.0
105 32 2.08 6.51 | 77.0
1342006 30 3.13 3.67 | 70.0
13420.10 28 3.29 6.46 1} 65.0
MIT-BIH | 1342002 | 250 Hz, 12 bit | 30 2.53 5.74 | 89.0
-CDB 1342003 33 1.75 2.88 | 87.0
1342007 38 1.15 1.95 | 85.0

Table 4.8: Summary of compression study on different ECG records
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Figure 4.16: Performance of PSWT based LPC on a segment of male voice sampled at
16kHz-variation with Normalizing factor
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Figure 4.17: Performance of PSWT based LPC on a segment of male voice sampled at
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Figure 4.18: Performance of PSWT based LPC on a segment of male voice sampled at
16kHz-variation with Level of Decomposition
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rank the MOS as excellent. The parameters optimized for voice compression study are

summarized in table 4.9.

Parameter Value
Wavelet dbl
Level of decomposition 1
Order of prediction 2
Period normalizing factor 5
Number of beats for evaluating

the predictor coeflicients 5

Table 4.9: Optimized parameters for compression of human voice at 16kHz sampling
rate

This case study is presented on a typical voiced segment of 4000 samples at 16k =,
a part of which is shown in figure 4.20, taken from a carnatic music sung by a female
artist. For period estimation, the autocorrelation method was used. The frame size was
selected as 220 samples. The frame-by-frame autocorrelation function for a few frames
is given in figure 4.21.

The local period information was extracted as the distance between the successive
local peaks of the function. The frames were repeatedly updated to get continnous
information about the local periods. The extracted period information is given in the

following row vector.
P(k) =[{60 59 59 60 60 59 59 58 58 59 60 58 58 58 58 58 58
59 58 57 57 58 57 58 58 57 57 58 57 57 H8 57 57 58
58 59 58 58 59 59 59 58 59 59 58 59 60 57 59 60 57 1)

59 60 57 59 58 58 59 60 58 59 60 58 59 59 58 58 58|
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Figure 4.20: Original data segment from a female voice sampled at 16kHz
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Figure 4.21: Frame-wisc autocorrelation plot of the segment shown in fig. 4.20
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Type of Signal | Sampling rate & bit size | Performance |
' SNR | CR
8kHz, 16bit 24 24
16k H z, 16bit 28 47
Male Voice 22.05kH z, 16bit 34 65
44.1kHz, 16bit 36 | 124
8kHz, 16bit 20 | 11
16k H z, 1661t 26 23
Female Voice | 22.05kH z, 16bit 29 31
44.1kHz, 16bit 30 | 59

Table 4.10: PSWT based LPC performance on voiced segments of human voice at
constant pitch sampled at different frequencies.

Using this poriod data, the signal was arranged in the PS form. The rest of the
procedure for this study was exactly the same as that followed for ECG data compression
discussed in the previous section. Figures 4.22 shows the reconstructed signal and the
error in reconstruction in comparison with the original.

The result obtained in applying the compression scheme on a few signals including
male and female voice ab a constant pitch period (Pitch corresponding to the Dy note
in the musical scale) samnpled at different rates is given in table 4.10. From the table
it is obvious that, both the compression ratio and the signal reconstruction quality are
better for signals sampled at high rates. Moreover, the compression achicved for male

volce 1s considerably higher than that for female voice at the same pitch frequency.

4.3.3 Case study 3: Instrumental Music

PSWT is quite appropriate for musical signal processing, as musical notes comprise of
a number of frequency components, all harmonically related to the fundamental. Every
musical instrument has its own characteristic tone qualities often called the timbre or
tone colour. It is this attribute which enables the listener to identify the instrument
producing the tone,

A musical signal is non-stationary in nature, and it is an ordered set of isolated
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frequencies, { fo, f1, f2, f3,... far} where f; < fitr,i € Z, and ¢ > 0 [110]. Here M is the
highest perceivable harmonic present in the instrument tone and is different for different
tnusical instruments. The constituent harmonic frequencies are called the instrument
partials. In most of the cases, these partials are harmonically related to the fundamental
fo as in the relationship, f; = i* fo. The partials in a harmonic set arc integer multiples
of the fundamental. For a monochromatic signal, the term pitch is identical to the
frequency itself. But in the case of musical instruments producing polyphonic sound,
the fundamental, rather than the wideband set of partials, determine the pitch.
Basically musical instruments fall into different categories like Reed-type woodwind,
Blow-type woodwind, Plucked string, Bow-type string etc. Typical cases from ecach of
the above classes of instruments as listed below have been considered in this study and

the results are summarized.

Violin: Bow-type string instrument
Guitar: Plucked string instrument
Harmonium: Reed-type woodwind instrument

Flute Blow-type woodwind instrument

In all the cases, the UDWT based method has been used for the pitch determination.
The parameters optimizd for the PSWT based coding of the instrument tones are given
in table 4.11. All the signals were sampled at 22.05kHz at 16 bit resolution.

Figures 4.23-4.26 illustrate the details of predictive coding and compression on typ-
ical violin, guitar, double reed harmonium, and flute tones. Based on the observations
on a number of musical instrument tones, the values of SN R and compression achieved
for some of the signals with the optimized parameters used for the compression study
arc tabulated in table 4.12. In all the cases the SNR values are high enough to rate the

reconstructed signal quality as excellent,
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Parameters Value

Violin | Guitar | Harmonium | Flute
Wavelet dbl dbl dbl dbl
Level of decomposition 1 2 2 1
Order of prediction 2 2 2 2
Period normalizing factor 5 5 5 2
Number of beats for evaluating ] 5 2 2

the predictor coefficients

Table 4.11: Optimized parameters for the PSWT based LPC of few musical signals
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Figure 4.23: PSW'T based LPC of a typical segment taken from a Violin tone (a) Original
(b) Reconstructed (¢) Error
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Figure 4.24: PSWT based LPC of a typical segment taken from a Guitar tone (a)
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Figure 4.26: PSWT based LPC of a typical segment taken from a Flute tone (a) Original
(b) Reconstructed (c) Error

4.4 Feature Enhancement considerations in PSWT domain

The PSWT based LPC technique presented in the previous section could be employed
with any pseudo-periodic signal in general. The LPC technique is basically a lossy
scheme and the error introduced in coding is inversely proportional to the order of
the predictor. The irregularity in the signal, like the noise contamination, dernands a
higher order predictor to get acceptable reconstruction quality. This noise part has to
be removed at an appropriate level, earlier if possible, the better. Since this noise part
will get reflected more in the PSW'T coeflicients, the presence of noise will result in
relatively high energy fluctuations at lower levels of PS wavelet decomposition. In view
of this fact, some techniques are introduced here, which can be applied in the PSWT

domain to enhance the signal quality.

Assuming w;(n) to be the signal component which gets decomposed into the j¢* level

of details, and vys(n) be the residue signal getting transformed into the approximation
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Instrument | Signal Characteristics | Mean period | SNR (db) | CR
(samples)

Violin 65 23 23

Guitar 22050 Hz, 16 bit 114 32 38

Harmonium 83 30 28

Flute 68 28 23

Table 4.12: Summary of compression study on different musical instrument tones

space al a finite level J of the PSWT decomposition, the original signal z(n) can be

expressed in terms of the wavelet and scaling partials as:

J
z(n) =Y wi(n)+vs(n) (4.11)
i=1

It may be noted that w;(n) corresponds to the extend of fluctuations at scale 27 local
pitch periods, whereas vj(n) represents the asymptotic average behaviour including the
melodious harmonics over several pitch periods.

Due to the inter-period similarity, most of the energy contained in the music signal
appears in the scaling residue itself. This includes all the spectral components centered
on the fundamental and its harmonics, which forms the vital melodions part of the
music. On the contrary, the wavelet partials carry other information, which lies near
to the harmonics. They also contain other non-melodious, unwanted side bands. Such
information gets pushed more into the details spaces, indicating the degree of period-to-
period fluctuations present in the signal. Hence the PSW'T coeflicients at different levels
can be suitably thresholded or amplified to get rid of the noise components and enhance
the melodious components. Being in the PSWT domain, in addition to enhancing the
signal quality, it will improve the efficiency of the predictor as well, as we need to use
lower order predictors only, for the same degree of reconstruction quality. Even though
this method is sometimes not effective for low frequency noise components like power

line noise etc., it is quite suited for instrument-dependent noise removal.
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4.4.1 Method of Noise suppression and Feature enhancement

Musical instrument tones are often prone to noise contamination and peculiar character-
ization. This include the striking noise in the case of string instriunents, deterioration of
tonal quality due to immature playing, personal jesters used while playing, mechanical
sound of any moving parts, etc. These are mainly instrument dependent and in many
cases they contribute to unpleasant effects in the musical tones. Mutilated signals from
four different instruments are considered in this study, where the proposed method is
applied to separate the disturbance part from the melodious instrument tones. The
signals were of 16 bit resolution, sampled at 22050Hz, the details of which arc given in

table 4.13.

Sl. no. | Instrument under study Disturbance present

1 Violin: Unpleasant noise due to bow movement
Bow type String

2 Acoustic Guitar: Spuricus oscillations due to eccentric striking
Plucked string

3 Harmonium: Blow noise produced by the bellows
Reed type woodwind

4 Flute: Shrill oscillations due to change of
Blow type wondwind blowing air pressure

Table 4.13: Details of mutilated music signals considered for illustration.

The results shown are that of a study based on a 3 —level PS wavelet decomposition
using the db2 wavelet. After the decomposition, the PSWT coefficients are thresholded
by a factor dependent on the energy content in each of the wavelet subspaces. As the
noisc components gets transformed mostly into these subspaces, this operation consid-
crably suppresses the noise part in the signal. Since the melodious portions are mainly

sicved into the approximation subspace, the scaling coeflicients are amplified by a factor
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Figure 4.27: 3-Level PSWT of a Violin signal mutilated by Bow noise (a)-(c): Wavelet
partials at level 1-3 respectively. (d): Scaling partial at level 3 (e): Original signal.

dependent, on the total energy of the signal. This method is found to enhance the music
quality.

Figures 4.27- 4.30 demonstrate the details of this study. In all the above cases,
it is observed that the non-melodious instrument-dependent disturbances are mostly
sieved out into the wavelet subspaces during the first and second levels of decomposi-
tion. The PSWT scaling partials at the third level is found to contain the melodious
components present in the signals without appreciable loss of energy. This is clear from
the figures 4.27d-e, 4.28d-¢, 4.29d-e and 4.30d-¢.

The trailing end of the violin signal is contaminated by heavy bow-noisc and hence
the wavelet partials corresponding to this region contain more energy which is unex-
pected in melodious signals. In the case of the guitar signal, the wavelet partials contain
significant energy (fig 4.284a-¢). It is attributed to the enormous distortion present in
the signal. Similarly as the agitation in the flute signal is sustained throughout the

note, the lower level wavelet partials contain a near-to-uniform distribution of the non-
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Figure 4.28: 3-level PSWT of a Guitar signal mutilated by eccentric striking noise (a)-(¢)
. Wavelet partials at levels 1-3 respectively. (d): Scaling partial at level 3 (e): Original
signal.
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Figure 4.29: 3-level PSW'T' of a Harmonium signal mutilated by bellows blow noise
(a)-(c): Wavelet partials at levels 1-3 respectively. (d): Scaling partial at level 3 (¢):
QOriginal signal.



114 Chapter 4. PSWT Based Linear Predictive Coding

0s T T T — —— T T
{a) o
_05 1 1 o It 1 1 1
500 1000 1500 2000 2500 3000 3500 4000
0.5 T T T — T T )
(D) o WMHWMWWW
_0 5 L 1 1 1 1 1 1
o 500 1000 1500 2000 2500 3000 3500 4000
a.5 T T T T —T T T
{c) I} MW%MWM
__0 5 L —l 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000
Y T T T T
W Gt
71 F i X 1 1 1 1
0 500 1000 1500 2000 2500 2000 3500 4000
AT T . T T
le] ol ' '
-1 1 — 1 1 1 % 1
0 500 1000 1500 2000 2500 3000 3500 4000

Figure 4.30: 3-Level PSW'T of a noisy Flute signal (a)-{c): Wavelet partials at level 1-3
respectively. (d): Scaling partial at level 3 (e): Original signal.

harmonic signal components. The distortion in the harmonium signal is well localized

anc is alinost transformed in the highest frequency wavelet partial.

4.4.2 Effect of Feature Enhancement in PSWT based Predictive Cod-
ing

The effectiveness of the PSWT based coding scheme, to a large extend, depends on the
quality of the signal and the level of periodicity present in the signal. Almost all PSW'T
coeflicients of a polluted signal are found significant for a true reproduction of the signal
at the reconstruction end, whereas for a pure signal, quite a good number of them
are insignificant or can be coded with less number of bits, enhancing the compression
efficiency. As a result, the application of PSWT based feature enhancement techniques

before the compression, improves the compression as well.



4.5. Conclusions 115

4.5 Conclusions

A new method for the analysis and compression of general pscudo-periodic signals has
been introduced. In addition to making use of the periodicity property of the signals
this method uniquely combines the advantages of LPC technique with the popular WT
methods. The scheme includes various tasks like identification of pseudo-periodic regions
in signals, continuous estimation of the local periods, sampling rate conversion, PSWT
computation, predictive coding of the PSWT coefficients, and the corresponding inverse
operations. It has been observed that predictive coding of PSW'T coefficients has greater
potential in signal compression compared to the ordinary DWT based methods. The
proposed method has been validated with different classes of practical signals like ECG,
human voice and musical instrument tones. The various parameters for the comnpression
such as the type of wavelet, order of prediction, level of decomposition, etc. were
optimized for each of these classes. The UDWT based methods are found superior
in period estimation of signals like ECG and musical instrument tones, compared to the
autocorrelation based methods. The period normalization is found to have improved the
beat-to-beat correlation, contributing to better compression. The effectiveness of the
method is largely dependent on the accuracy with which the local periods are estimated.
The noise contamination in the signals is found to reduce the efficiency of compression.
The PSWT-based feature enhancement techniques proposed in this chapter has resulted

in better compression and reduction in bit size for coding the coefficients.
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Chapter 5

The PMS Computational
Structure

In the present chapter the PMS computational structure developed for DW'T computation
is presented. A brief introduction to the computational issues in WT implementation us
given followed by the development of the PMS structure. The computational efficiency
of this structure is compared against the popular pyramid structure. The case of PSWT
based ECG data compression is taken as a case study to highlight the efficiency of the
new scheme. Subsequently o description on the 2D extension of the PMS structure and
a case study on edge detection s given. The chapter is concluded with the tmportant

results and observations regarding DWT computation employing the PMS structure.
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5.1 Introduction

Signal decomposition studies using WT is an active research topic which finds extensive
applications in science, engineering and technology. Development of new algorithins
and the issues related to the computation of different types of W1 are among the arcas
that gained primary importance. The competency of computational algorithms depends
on various factors such as the number of multiplications, number of additious, number
of data interchange operations, data dependency, computational delay, parallelism in
computation, simplicity in algorithm, possibility of direct computation of intermediate
results ete.  As a result, all these became topics of interest to the research commu-
nity. Several efficient algorithms have been derived for the implementation of wavelet
transform. Many researchers have made comparison of these algorithins based on com-
putational complexity as mentioned in chapter 2.

In the present work, the computational complexity of the pyramid structure' has
been analyzed and the PMS structure is proposed as an efficient alternate scheme for
real-time computation of DWT and IDWT. The underlying idea is to reduce the number
of computations, incorporate parallelism computing coefficients at different levels of
computation maintaining a regular computational structure, enable direct computation
of transform coefficients at any preferred level and perform block wise computations after
segmenting the signal based on an optimal selection of the frame size for any specific
application. The PMS? structure is shown to be advantageous for PSWT computation

as well as for various 1D and 2D signal processing applicatious.

5.1.1 Issues in Wavelet Transform Computation

In most of the algorithms developed so far, the DWT computation is performed based

on the filter bank tree structure. 'The main disadvantage of using this serial structure

Hnterchangeably used as filter bank structure and tree structure
2parallel multiple subsequence
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lies in the fact that, determination of the wavelet coefficients at the j** level requires
{7 — 1} times of successive low pass filtering followed by one high pass filtering. The
delay associated with the implementation grows exponentially with the number of lev-
els [182]. Further, for applications where wavelet coefficients at chosen levels alone are
required, one has to perform unnecessary computations by way of cvaluating the lower

level cocflicients.

In real-time signal processing applications, the WT computation need to be por-
formed on a frame-by-frame basis. In such cases, employing the above algorithms per
se results in undesired artifacts at the ends of cach frame. To resolve this difficulty,
many researchers have come out with BDWT? algorithms [187], [188]. These algorithins
arc found to have difficulties related to large storage buffer requirement and frequent

inter-processor communication.

In many applications like the functional neuro-imaging, feature enhancement and
noise removal, period estimation, computer-assisted mammography etc., there are sit-
uations in which the information contained in the WT coeflicients at a few selected
levels only are essential to deduce the results. Consequently, in such applications, the
WT coefficients at these desired levels only need be computed [189], [221]. Here the
conventional Mallat algorithm proves to be an inappropriate choice as it is a sequen-
tial implementation, which essentially goes through all intermediate levels, whether it
is ultimately required or not. Hence a parallel computational structure would be an
ideal choice for this type of applications. The efficiency of parallel algorithms highly
depends on the extent of inter-processor communications that the process demands and
the intermediate storage requirements. In massive computational environment, the par-
allel computation of the WT coefficients with minimum inter-processor communication

is much appreciated.

Block Discrete Wavelet Transform
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5.2 Development of the PMS Structure for 1D Signals

The DWT of any signal z{n) may be expressed [11] as the ensemble of projections X
and 3, of x(n) over the wavelet sequences 4 x(n) and the scaling sequences ¢ x(n)

respectively, where the forst index ¢ = 1, 2,...J represents scale and the other index

k=0,1,2,...is associated to time shift. Using mathematical notation,

Xig=Y_ a(n)pir(n) (5.1a)
and

Brk=>_ z(n)psx(n) {5.1b)

where ¥ x(n) = ¥y 0(n — 2'k) and ¢ x(n) = ¢uo(n — 27k).Corresponding equation for
IDWT computation will be:

z(n) = Z Z Xi ki k() + Z Birdar(n) (5.2)
% %

i=1
Here the wavelets and scaling function at each level are iteratively updated using the

relations [4]:

dro(n) = g(n); Y1,0(n) = h(n) (5.3a)
irro(n) =Y diola)g(n— 29) (5.3b)
q
and
Yir10(n) = Z ¥i0(q)g(n — 2q) (5.3¢)

where h and ¢ are the impulse responses of the high pass and low pass filters regpectively
of the QMF* bank corresponding to the wavelet. The wavelets in equation 5.3 can easily
be shown to be a set of band pass filters with impulse response h; for i # 1, and a high

pass filter of response hy for ¢ = 1, where h; stands for the analysis discrete wavelets and

*quadrature mirror filter
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Figure 5.1: Simple structure for the parallel computation of DWT & IDWT.

g, stands for the corresponding scaling sequence. The associated reconstruction filters

k.

" and ¢; can be obtained by putting the associated reconstruction filters h and 7 in

place of A and g in the above equation. The filters A, g, h and § are related one another

which depends on the type of wavelet system selected, as derived in Burrus et al [81].

It can be easily understood from equations 5.1, 5.2 & 5.3 that, the process of decom-
position and reconstruction are multi-band filtering operations as shown in figurc 5.1, in
agreement to the usual filter bank structure. In contrast, as all levels of decomposition
and reconstruction can be performed independently, this is more suitable in parallel
processing environment. From the figure it may be observed that a number of computa-
tions performed during cach of the convolution operation is irrelevant as far as the final

output. of the stage is concerned.

5.2.1 Eliminating Irrelevant Computations

The X, in equation 5.1 can be viewed as a convolution operation between the input

signal z(n) and the wavclet filter h;(—n) followed by down sampling by a factor of 2,
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It can be mathematically expressed as
Xig=(x(n)xhi(—n)) 12", k=2"nynkeZ (5.4a)

Similarly,
Bix = (z(n) x gs(-n)) | 2’ (5.4b)

Here the * |’ represents the downsampling operation. The synthesis equation 5.2 accord-

ingly gets modified as:

J
(n) = X, i % hi(n) + By 00 % Gu(n) (5.5)
=1

Here it is clear that, for each transform coefficient being added at the ith

level
during decomposition, the downsampling operation following the convolution simply
removes 28 —1 samples from the output of convolution immediately after its computation,
without being used anywhere else. Similarly, during reconstruction, the upsampling
operation prior to the convolution increases the length of the sequence being convolved
by 2' — 1 samples per final output sample without adding any new information. For
an efficient implementation of the computation scheme, these unsolicited computations
are to be eliminated. If the subsampling is performed before the convolution operation,
the data length at the i** level convolution is reduced by a factor of 2¢. Similarly,
during reconstruction if the convolution is performed before the upsampling operation,
considerable reduction is achieved in the length of the sequence being convelved. These
modifications as done in the case of lifting scheme [178], along with the principle of
polyphase splitting [217] could be made to advantage in the elimination of undesired and

redundant computations.

5.2.2 The Proposed Structure

Consider the computation of the scaling and wavelet transform coefficients using the

expression 5.4. The sequences involved in the convolution are z(n), hi(n), and g (n).
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Taking the first level, to get the transform coefficients, the convolved result is downsam-
pled by a factor of 2. Using the polyphase splitting, the same result can be achieved in
a different way. The original scquences z(n), h1(n) and g1(n) are first split into the cven
indexed samples

T1e = z(2k), hie = R1(2k), g1e = q1(2K)
and the odd indexed samples

2io=2(2k+ 1), hip=T(2k+1), go=q(2k+1); k€ Z.
These sequences can be separately convolved as per the following formula to get the

transform coeflicients at the first level.
Xk =T10(k) * hio(—k) + x1e(k) * h1o(—FK) (5.6a)

Bui = T10(k) * g10(—k) + T16(k) * g1(—k) (5.6h)

In the case of a multi-level decomposition, the above procedure can be extended to
all the parallel branches in figure 5.1. Following a similar argument, each of the even
and odd subsequences in equations 5.6a and 5.6b. is again split into their even and odd
samples, resulting in 2¢ subsequences at the it level. These multiple subsequences can

be mathematically expressed as®.

ziplk) = 2(2%k +p—1) (5.7a)
hip(k) = hi(2% +p— 1) (5.7h)
gk} = gs(27k +p—1) (5.7¢)

where p = 1,2, ...,2%. The signal subsequences are convolved with the relevant wavelet
or scaling subsequences as the case may be, and the partial results are then added

together to get the transform coefficients at the corresponding level. In view of this,

SHere it is assumed that the sequences are multiples of 2°, else they may be zero padded to this
length



5.2. Development of the PMS Structure for 1D Signals 125

1

x?
@
z! -—(: }___>|x32 b2
© s =
xJ-N

'—MZMI—@——D b

Figure 5.2: A PMS Computational block for decomposition (N = 27)

expressions 5.4 can be written as

21
Xz',k: = Z mip(k) * hip(_k) (5-8&)
p=1
9
Bk = Z-’L‘.Jp(k) * gp(—k) (5.8h)
p=1

These computations are all independent and hence can be performed in parallel en-
vironment without any inter-processor communication except for the final addition of
the partial results. Figure 5.2 shows the configuration of one such block of the Parallel
Multiple Subsequence computational structure applicable for the 5% level decomposi-
tion. Here ¢ stands for the filters 2 or g as the case may be. @; represents the transform
coefhicients X; or ;.

A similar argument can be followed in the case of reconstruction to eliminate the
unwanted computations. The upsampling operations shown in figure 5.1 could be per-
formed after the convolution without affecting the end result. This also is achieved by
a level-dependent subsequence decomposition of the wavelet and scaling sequences at
each level as described below.

Considering the first level wavelet partial reconstruction, the filter sequence is divided

into the even sampled sequence lee and the odd sampled sequence hio. Both of these
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subsequences are convolved with the WT coefficients X;(k). The partial results arc
upsampled by 2 and added wijth one unit delay for the sequence X (k) * fme(k). The

first level wavelet partial be now expressed as
= (Xa(k) * hio(k)) T2+ [(X1(K) * hie(k)) T 2]z~ (5.9)

This procedure is extended to all the partial sums by incorporating a level dependent

division of the wavelet/scaling coefficients as
hip(k) = hi(2%k +p—1) (5.10a)
Gup(kY=gs(2"k +p—1) (5.10)
These subsequences are convolved with the transform coefficients at the appropriate

level. These convolved partial results at each level ¢ are upsampled by 2% and then

added resulting in the it* level wavelet or scaling partial given by

2!
yi(n) = Z?Jip(n—?-f*- 1) (5.11a)
p=1
2.]
Yo(n) = vpn—p+1) (5.11b)
p=1
where,
Yip(n) = (Xi(k) * hip(k)) 1 2° (5.12a)
and
Yap(n) = (Bs(k) = fp(k)) T 27 (5.12h)

Here the’ 1° denotes upsampling operation. The PMS computational structure perforin-
ing the 7 level reconstruction is shown in figure 5.3. Here ¢; stands for the wavelet
partial y; or the scaling partial +; as the case may be.

The reconstructed signal can then be expressed as the sum of all the wavelet par-
tials and the scaling partial corresponding to the J* level as expressed by the final

reconstruction cquation,
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Figure 5.3: PMS Computational block for 5** level reconstruction.

]

d;

J

yn) =>_yi(n) +7s(n) {5.13)

i=1
The remodelled computational structure for a two level DWT-IDW'T implementation
as per the new algorithin is shown in Figure 5.4. This being a regular structure, can be
casily extended to any level. As evident from the figure, this structure has parallelism

both within and between levels, making it suitable in parallel processing enviromment.
5.2.3 Analysis of Computational Complexity

In this section, the computational complexity of both the pyramid structure and PMS
structure are estimated in terms of the real arithmetic operations involved in the com-
putation of the transform coefficients. Expressions are derived for the number of multi-

plications and additions required to perform the decomposition and reconstruetion.
5.2.3.1 Estimation of Computational burden for pyramidal structure

In of the DW'T computation using the pyramidial structure, each level require two con-
volution operations followed by downsampling. The convolution between two sequences
of length I, and Iy requires {1y multiplications and ({; — 1)(l2 — 1} additions. The re-

sulting sequence will be of length I; + 15 — 1. In using the pyramid structure, though



128 Chapter 5. The PMS Computational Structure

¥11 1“2

x(n)

Figure 5.4: The Complete PMS structure for 2-level DWT and IDWT Computation.

the filter length remains the same for all levels, the input sequence length gets succes-
sively modified due to the increase in length resulting from convolution operation at
the previous level, and the decrease in length resulting from downsampling operation.
Assuming I, is the length of the input sequence at level i = 0 and {,,, the length of the
wavelet filter, input sequence to the i** level will be of lengthS
e+ (270 = 1) (0 — 1)]/27.
f'or a J-level decomposition, the total computational burden is
2y 20 + (21 = 1)Ly, — 1)/27)l, multiplications
and Z 2l + (271 = D)(L, — 1))/2871 — 1]{l,, — 1) additions.

This is simplified to

5Here the length of wavelet and scaling filters are assumed to be the same. The [act that the length
of the resulting sequence thus evaluated may not be an integer, is not of much concern al this point as
it will not affect the discussions to follow
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[Ty — 1) +2(1 = 27)(1, — I + 1)} multiplications
and  2(Ly — )[J(lw — 2) + 2(1 — 277) (I — I + 1)] additions respectively.
It is shown [4] that for IDW'T, the number of arithmetic operations required is exactly

the same as that of DWT.

5.2.3.2 Estimation of Computational burden for PMS structure

In the PMS structure, the length of both the input sequence and the filter sequences
are varying depending on the level of computation. At level 4, the input scquence
and wavelet /scaling sequences are split into 2' subsequences, each of length 1, /2% and
[(lw — 1)(2* — 1) 4 1]/2* respectively. For a J-level decomposition the total number of

multiplications required is

J
Dol = 102 = 1) +1]/2%) + Ll — (27 = 1) + 1)/27.

i=1
This may be simplified to ;{1 + J(lw — 1)].

The number of additions is

J i B . |
z{zi(%_l)[(lw—l)(z 1)+1w1]+[z_x_+(zw 1)(2 1)+1m1](21_1)}

21 21 2;
— 1) — _1)(2d =
+{2J(;—J - 1)[“ 1)(;, D+l 1] + [é%‘+ (b 1)(; Dl 1](27 - 1)}

This gets simplified to [({y, — 1)({z — 1} + 1]J.

During the rcconstruction phase, the wavelet/scaling filter coefficients are rcor-
ganized into subsequences as in the case of decomposition and then convolved with
wavelet /scaling transform coefficients before upsampling. The resulting sequence is re-
quired to be finally truncated to a length of ;. The operations that are necded for
computing the terms being thus removed, are eliminated at each level during the con-
volution itself by modifying the convolution operation for y,(n) and v ,{n) given in

cquation 5.12 as:
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!:n+liu.f-1
Yip(n) = { Xi(r)hip(k — )} 128 (5.14a)
r: |

2t

an
1

! +_’.;:’L -1
) ={ Y Bir)gslk—r)} 12’ (5.14b)
r:%L—]

where [y, = (I, —1)(2=1)+1. This implics that the number of multiplications requirecd

L]

for reconstruction is the same as that of decomposition.
Finally, the number of additions needed for a J level IDWT computation can be
cxpressed as
SRR TA (CEl i ] VR (G LED RS S | SR
which gets simplified to [;J(l,, — 1). The operations required for adding the 27 subse-

quences in each of the i** level are ignored, as they are all null additions.

5.2.4 Comparison of PMS Structure with Pyramidal Structure

In order to visualize the computational advantage of the PMS algorithm over the pyra-
mid schemne, a comparison of the computational burden is made for both decomposition
and reconstruction based on the number of real multiplications and additions.

Figure 5.5 shows the performance in two typical cases. The arithmetic operations for
different data lengths ({;) and wavelet lengths ({,,) are plotted as a function of the level
of decomposition. Fig. 5.5(a)-(b) show that the PMS structure is best suited for DWT
coinputation when the number of levels is less than 4. It is independent of the signal
length and applicable for wavelets whose support is > 4. A good majority of practical
applications of time-scale analysis need only few levels of wavelet decomposition [217].
For such applications the proposed computational structure is seen to be advantageous
over existing schemes. Fig. 5.5{c)-(d) show the comparison for smaller wavelets like Haar

In such cases the number of multiplications required for the PMS implementation is
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Figure 5.5: Comparison of arithmetic operations between the proposed PMS Structure
() and the Filter Bank Structure ( .. ), during decomposition (a)-(b) for {,, = 40,1, =
1000 (Applicable for wavelets of support > 4). (e)-(d) for i, = 2,{; = 1000. (Applicable
for wavelets of support < 4)

considerably less than that for the corresponding filter bank method even up to 6 levels.
The Haar wavelet has been identified as the best wavelet for a number of applications

like speech processing, cosmological studies etc. [9], [156], [222].

Figures 5.6 & 5.7 are drawn to show the relative performance of the two algorithms
on simnultaneous variation of the signal length, wavelet length and level of decomposition.
For cach level of decomposition, the I; — I, plane (fig. 5.6) can be split into two regions
- one in which the PMS method perforins better and the other in which the Filter Bank
method is better, in terms of the total number of multiplications. For example the

region to the left of the curve (marked J=4) indicates the area where the PMS method
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Figure 5.6: Relative performance of the PMS and Filter Bank Structures for variable
signal and wavelet lengths for a 4-level decomposition.

outperforms the filter bank scheme for different values of signal and wavelet lengths

corresponding to a 4-level decomposition.

The curves in fig. 5.7(a) show the boundary between the two regions for different
valucs of J. The portion of the plot related to wavelets of smaller support is redrawn
in fig. 5.7(b). It is observed that the PMS structure is more advantageous for signal
processing applications where smaller data sequences are involved. One typical example
would be the PSWT based signal processing. The PSW'I' computation of a long sequence
can be interpreted as a collection of DWT computations on smaller sequences. Heuce

the PMS structure helps in faster computation of PSWT.

Another remarkable observation that could be made from fig. 5.7 is that, once the
wavelet system and the level of analysis are finalized, the input frame length can be

suitably selected, so that the computations are reduced considerably. This is typically
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the requirement for real-time signal processing applications, where the input data is
always taken in small frames, whose size depends on the extend of computations involved
and also on the nature of application under consideration [223], [224]. In such cases, the
DWT computation has to be performed blockwise {198]. The best value of block size
for a PMS implementation can be sclected using fig. 5.7 so that the total computational

burden for long-time processing is minimized.

- The computational advantage of the PMS scheme is further amplified for applications
in which the transform coefficients corresponding to selected levels alone arc needed.
This is illustrated in figure 5.8. Here the PMS and filter bank structures are compared for
the direct computation of transform coefficients at the selected levels. The PMS method
is always superior for such applications. It is because that, for directly computing
the transform coefficients at any arbitrary level using the filter bank structure, the

computation of approximations at all the preceding levels also are to be performed.

5.2.5 Case Study: PSWT Computation

‘I'he PMS structure developed in the previous section can be adapted to any 1D signal
processing tasks. Different applications employing DWT based MRA techniques like
noise separation, transient detection, ECG signal analysis etc. were carried out to
establish the suitability of the structure in DWT computation. In this section, the
PSWT computation in the PSWT based Linear Predictive Coding and Compression of
ECG signals discussed in subsection 4.3.1 is presented as a typical case study.

PSWT can be interpreted as the DWT of points on the 1D signal which are one pitch
period apart. Once the signal is written in the PS form, the signal samples separated
by one period will appear as the adjacent points in each row sequence. Hence, a row-
wise DWT computation performed on all rows of the PPS matrix results in the PSWT
computation of the 1D data. Since these row sequences are small in length, the PSWT

computation becomes much better if the PMS structure is used instead of the pyrami-
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Figure 5.8: Comparison of PMS structure with filter bank for computation of coefficients
at selected levels (for 1, = 40, [, = 1000).

dal structure. To get a quantitative measure of the computational advantage, a 10000
sample ECG data taken from the MIT/BIH database as shown in fig. 4.10 is considered.
The number of beats contained in the ECG segment was 31 and each beat was normal-
ized to five times the maximum, making all the beats of period 1720. The normalized
data matrix is now of size 1720 x 31. To compare the computational advantage of the
PMS structure, the PSW'T computation of this data matrix is performed using different
wavelets at different levels, using both pyramid and PMS structures. The computational
burden in each case has been tabulated in table 5.1. Table 5.2 is the rcsults of similar
study on the signal with double the length. It can be noted that in the case of smaller
input signals, the PMS structure is more efficient. Also, the computational efficiency is
seenl to be more in the case of higher levels of decomposition and for smaller wavela

lengths.



136 Chapter 5. The PMS Computatijonal Structure

Signal:10000 samples of MIT-BIH ECG data{Record no.101)
No. of multiplications(x10000}
wavelet | level=3 | level=4 | level=5 | level=6 level="7
g = 2 RS =
z|El&|la|la|la|&|R] &8
dbt 39 [ 22 [ 42 [ 27 | 44 | 32 | 45 | 38 | 46 | 43
dh2 80 (54 [ 89 | 70 { 96 | 86 | 101 | 102 106 | 118
db3 125 | 86 | 142 | 112 | 156 ) 139 | 168 | 166 | 179 | 192
dbld | 226 | 150 | 266 ) 198 | 302 | 246 | 335 | 294 | 367 | 342
db20 | 537 | 310 | 678 | 411 | 814 | 512 | 937 | 614 | 1079 71?’

Table 5.1: Comparison of computational efficiency on ECG data of length 10000 in
PSW'T computation on a small ECG segment,.

Signal:20000 samples of MI'T-BIH ECG data{Record no.101)
No. of multiplications(x10000) B
wavelet | level=3 level=4 level=5 level=6 level="7

° T = = = =

Ela|l S el il S e i o

ol = <R = < p= g = 2 =,

o A e A fa% A [o% a9 (=% Ay
dbl 76 {43 22 54 85 64 87 75 89 B6
db2 155 | 107 | 169 [ 139 ] 178 | 171 | 185 | 203 | 190 | 235
db3 2371171 262 | 224 280 | 278 | 294 | 331 | 306 | 384
dbi0 [ 412|299 | 466 [ 395 | 509 | 491 | 545 | 587 | 579 | 683 |
db20 | 910 | 619 | 1078 | 822 | 1227 | 1024 | 1367 | 1227 § 1503 | 1499

Table 5.2: Comparison of computational efficiency in PSWT computation on longer
ECG segment.
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5.3 WT Computation for 2D data

Computation of W' for 2D data finds manyfold applications in various tasks including
image compression, biomedical image processing for diagnostic purposes, edge detection,
texturc analysis, finger print analysis, pattern recognition, signal coding ete. Since these
are prohibitively costly from a computational perspective, many researchers have ad-
dressed the computational complexity and implementation issues. The need for massive
computation in 2D DWT, coupled with the demand for real-time operation in many
image-processing tasks, has motivated the use of paraliel processing to provide high
performance at a reasonable cost. Hence, the PMS structure developed for 1D signal
processing tasks has been extended for real-time computation of the DW'T and IDW'T
of images also. The details are included in this section.

In addition to the general objectives as in 1D DW'T computation, for efficient imple-
mentation of 2D DW'T, the minimization of intermediate data transposition operation

also play an important role.
5.3.1 Development of PMS Structure for 2D DWT Computation

2D DWT computation using the pyramidal structure has been illustrated in figurc 3.9,
where separable filters are employed. This scheme of computation requires a transposi-
tion of data after each stage of convolution, as horizontal and vertical convolutions are to
be performed alternately. This sequential structure can be converted into an equivalent
direct parallel structure by redefining the wavelet and scaling sequences at each level

using the following equations [4].

gir1(n) =Y gi(r)g(n—2r) (5.152)

hisi(n) =Y hj(r)g(n —2r) (5.15b)

where gi(n) = g(n) defines the scaling function, and hy{n) = h(n) defines the wavelet

function. This is equivalent to a multi-channel filter bank decomposition with onec low
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Figure 5.9: Multichannel Filter bank structure for a 3-level 2D DW'T' Decomposition.
(Shaded blocks are row-wise operations)

pass filter, one high pass filter, the rest being band pass filters of appropriate bandwidth
and center frequency, as illustrated in figure 5.9. It can be viewed as a 2D extension of
the direct parallel structure shown in figure 5.1. A similar structure for reconstruction
also has been developed by replacing the analysis filter sequences h{n) and g(n) with
the corresponding synthesis filters A(n) and §{(n).

An attraction of the above parallel multichannel structure is that the mumber of
transpose operations has been reduced to a minimum of fwo, independent of the number

of levels of decomposition. In the forthcoming paragraphs, the reconfiguration of the
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above multi-channel structure into an efficient 2D PMS structure is described for both

decomposition and reconstruction of images.
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Figure 5.10: PMS structure for M-level 2D DWT decomposition. Dy, denotes the
structure shown in figure 5.2 for level 7 with filter A; when s = 1 and g; when s = 2.
(Shaded blocks are row-wise operations, the rest being column-wise)

Eacl of the convolution cum downsampling block in fig. 5.9 can be replaced with
the PMS block as done in the case of 1D (fig. 5.2). Similarly for reconstruction, cach
of the upsampling cum convolution block can be replaced with the single PMS block

of figure 5.3. Introducing these fine-grained parallelism, the direct parallel structurc of
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Figure 5.11: PMS structure for M-level 2D DW'T reconstruction. Rjs denotes the strue-
ture shown in figure 5.3 for level j with filter h; when s = 1 and g; when 8=2. {shaded
blocks are row-wise operations)

figure 5.9 gets modified as a 2D PMS structure as shown in figures 5.10 and 5.11 for
decomposition, and reconstruction respectively. Here, ¢ denotes the M*" level approx-
imation and d?7 denote the details at jth level. 7 =1, 2,3 for horizontal, vertical and
diagonal details respectively. Similar to the 1D struecture, this also has parallelism both

within and between levels making it highly suitable in parallel computing enviromment.

5.3.2 Comparison of 2D PMS Structure with 2D Pyramidal Structure

In this scction, both the conventional pyramidal structure and the PMS structure arc

separately analyzed in terms of the computational complexity.
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5.3.2.1 2D Pyramidal structure

Consider an image of data size X x Y. Each level of DW'T computation involves two sots
of convolutions, one being row-wise on all rows and the other being column-wise along all
columns (Fig. 3.9). Recall that the convolution between two sequences of length Iy and
Iy requires 1)1y real multiplications and (I} — 1){ls — 1) real additions, and the resulting
scquence will be of length Iy + lo — 1. Here, eventhough the filter length remains the
same throughout, the length of input sequence to each level gets successively modified

due to the following reasons:

e increase in length resulting from convolution at the previous level
o decrease in length resulting from downsampling operation, and

o row-column transposition between each horizontal/vertical convolution.

Hence, at the 5" level, the input to each block in which convolution is carried out

row-wise, will be of size X }"“’ X Yj’"‘"" , where,
X7 = [X + (27— 1l — 1)]/27 ! (5.16a)

Y =Y + (27 = 1)l -~ 1)]/27 (5.16b)

J=12,...,M; !, is the length of the filter h or g. Similarly, for column-wise convolu-

tion, the data size at the input of the j** level is X J‘?"’ X YJ-C"[ where’,
Xet=[X + (27 —1)(1, — 1)) /27! (5.17a)

Yo = Y+ (2 - 1), - 1))/ (5.17h)

Taking consideration of the change in data size during successive convolutions, the

computational burden for an M-level pyramidal 2D-DW'T decompositicn can be derived

“The fact that the evalnated data size may not be an integer, will not affect the discussions to follow.
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to be:
M
A/IdFB — E(ZX;mu%row + 4X;0£Yjwl)lw (5.18&)
i=1
and
M
Adpy = Z X7V ~ 1) + 4 X5 — DY (L — 1) (5.18h)

where My, is the number of real multiplications and A4, is the number of real addi-
tions during decomposition. Note that the decomposition at each level consists of two

row-wise convolutions and four column-wise convolutions.

5.3.2.2 2D PMS structure

In the PMS structure, corresponding to the j** level, each row of the input data and
the wavelet /scaling sequence are split into 27 subsequences (Fig. 5.2), cach of length
X/27 and Ly, /27 respectively, where b, = (I, — 1)(27 — 1) + 1. The number of multi-
plications required for the j* level row-wise convolution is 2.X Y,/ 27, Hence for an
A -level decomposition, the total number of multiplications required for the row-wise
convolution becomes 2XY Z;‘i] bu, / 27, After the row-wise convolution and downsam-
pling by a factor of 27, the number of columns on which the column-wise operation is
to be performed becomes Y}w[. Considering all the three column-wise convolutions at
each level, the number of multiplications required for the j** level convolution would be
3X ng"’lle/ 2J. Therefore, the total number of multiplications required for an M-level
decomposition will be 3X Zjﬂil ch"lle /24, Hence the total number of multiplications

required for the complete M-level 2D DW'T decomposition becomes:

Mapyys = X (Yl /2™ + z 2Y + 3YF"), /27) (5.19)
i=1
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Proceeding similarly, the number of additions can be estimated to be:

M
Luf' . .
Adpps = Z{ (23‘] - 1)2X(Y -2+ 3}/jco'!(X — 27
=1
/ Y+l coty X+ by 5.20
+(2 = DRX (5 - 1)+ 3V - 1)) (5.20)
lw w y
+ Y7 (X — 2“’)((;3—MM — 1)) (e ;r,i Mo 1y(2M - 1))

The computational burden during reconstruction has been estimated and is found

to be more or less the same.

5.3.2.3 Comparison of the Computational complexity

A comparison of the complexity at different levels, between the PMS structure and the
filter bank structure, has been performed for different data sizes and wavelet lengths.
‘The results shown are based on the number of real multiplications necded for decoin-
position. Similar results have been obtained for addition operation also. During re-
coustruction, the number of multiplications remains unaltered, although the number
of additions changes slightly. It is observed that the PMS structure is better for 2D
DWT computation, independent of the data size for levels less than 4 and for wavelets
of support less than 5. Figure 5.12 is an illustration of a typical case, which shows a
comparison of the number of multiplications required for a 2-level decomposition with a
wavelet of support 4. Here it is worth mentioning that, being the only known orthogonal
symmetrical wavelet, Hoor has been identified as one of the most suitable wavelets for
a number of applications in image processing [9], [222]. Moreover, a good majority of
practical applications of scale-space analysis require only few levels of wavelet decom-
position [3], [9], [189], [221]. For such applications, the PMS computational structure
is found to be advantageous over all existing schemes. The computational advantage of
the PMS structure for directly estimating the transform coefficients at selected levels

is more prominent in 2D case. Figure 5.13 gives a comparison of the same with the
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pyramid filter bank scheme, against different levels of decomposition for an image of
size 512 x 512, using db4 wavelet. Irrespective of the level of decomposition, it is found
that the PMS structure shows superior performance. |

Next a pictorial representation of the region based on the data size and wavelet
length is given in figure 5.14, where the PMS method is superior to the filter bank
method against variation in data size, wavelet support and level of decomposition.

Corresponding to different values of M, the complete wavelet decomposition is per-

107
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2 |
Pyramidal /

No. of multigtications
&
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<
3

1000 © 1800
Data size

Figure 5.12: Comparison of the number of multiplications between the PMS and pyra-
midal structures for 2D DWT decomposition ({,, = 4, M = 2)

formed and two regions are identified - one in which the PMS method performs better
and the other in which the Filter Bank method is superior. For example in fig. 5.14(a),
the shaded region indicates the area where the PMS method outperforms the filter bank
schetne for M = 3. Fig. 5.14(b) shows the boundary between the two regions for differ-
cnt values of M in the case of wavelets of larger support. Such wavelets are extensively
used in various image-processing applications like texture analysis, finger print analysis,
cte [225], [226]. A remarkable observation is that, once the wavelet system and the level

of analysis are finalized, the input data size can be suitably selected for a frame-by-frame



5.4. Conclusions 145

processing, so that the computations are reduced considerably and the available parallel

resources are fully utilized.

5.3.3 Case Study: Detection of Micro-Caicification in Mammograms

The performance of the algorithm has been studied for different applications especially
with biomedical images. As a case study on edge detection, detection of micro calei-
fication in mammograms is prescnted int comparison with the Mallat’s algorithm. A
typical mammogram from the MIAS [227] database® bearing record number mdb2{1 is
used for the study. On analyzing the mammograms it is observed that, the resolution
level 1 shows mainly the high frequency noise included in the mammograms , whereas
levels 2 and 3 contained the data corresponding to microcalcifications. Higher levels
contained a large correlation with the non-uniform background. Hence for detecting the
microcaleifications, levels 2 and 3 were sufficient.

Figure 5.15 shows the the region of micro-calcification thus detected (without apply-
ing enhancement techniques) from the mammogram using the PMS structure employing
db4 wavelet. The locations of micro-calcifications are clearly identified (marked in cir-
cle) in the processed image given in fig. 5.15(b). It is found that the PMS structure

could reduce the arithmetic operations considerably.

5.4 Conclusions

A novel parallel multiple subsequence computational structure has been presented in
this chapter as an alternative for Pyramid scheme. This could eliminate all the un-
necessary computations that are present in the pyramid structure. The PMS structure

being parallel, it is found better for directly computing the transform coeflicients at any

#Mammographic Image Analysis Society data base which is freely distributed digitized mammograms
from the University of Essex, England, The images in the database are digitized at 200-micron pixel
edge. The accompanied 'Ground Truth’ with each image contains details regarding the character of the
background tissue, class and severity of the abnormality and coordinates of the centre and radii of the
cluster.
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arbitrary sclected level of decomposition without going through the intermediate lovels.
The expressions for the comnputational complexity of the PMS structure has been de-
rived and compared with the pyramid tree. The efficiency has been shown to be more in
the case of lower levels of decotposition and is dependent on the length of wavelet also,
The efficiency of the scheme is still better for computations using the fHaar wavelet.
The computational structure has been extended for the 2D wavelet system also. Cases
of PSWT computation and edge detection in biomedical images have been presented
ag case studies to highlight the advantage of the structure in both 1D and 2D signal
processing applications. For 2D applications it has the added advantage that the data

transposition operation to be performmed is made the minimum.

Figure 5.15: Detection of micro-calcification in Mammogram using the PMS stric-
ture.(a} Original image. (b) Processed image showing clear locations of micro-
calcifications
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Chapter 6

Summary and Conclusions

A brief summary of the research work conducted and the important conclusions thereon
are highlighted in this chapter. The scope for further work in this field as un extension

of the present study, has also been discussed.

149
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6.1 Summary of the Work and the important Conclusions

The work presented in this thesis mainly concentrates on two important inter-related
topics in time-frequency analysis.

The first topic of interest has been the methods for signal coding and compres-
sion. A new compression scheme has been developed for pseudo-periodic signals in
which the Pitch-Synchronous Wavelet Transform technique is uniquely combined with
the popular Linear Predictive Coding technique. The local periods of the signal under
consideration are estimated and using the period information, the signal is represented
in Pitch-Synchronous form. After normalizing the PS data, the PSWT is computed.
The LPC parameters are estimated for the PSWT coefficients corresponding to cach
level of decomposition. The predictor coefficients are suitably encoded and packed with
other relevant information for transmission to the remote location where it is decoded for
reconstructing the original signal. Case studies on typical pseudo-periodic signals have
been carried out and the performance of the scheme has been evaluated using standard
measures. The PSWT based LPC technique results in better compression and higher

recongtruction quality.

It has been observed that the predictive coding of PSW'T coeflicients has greater
potential in signal compression compared to the ordinary DWT based methods. The
method has been validated with different classes of practical signals like ECG, human
voice and musical instrument tones. The various parameters for the compression such as
the type of wavelet, order of prediction, level of decomposition, etc. were optimized for
cach of these classes. The UDWT based methods are found superior in period cstimation
of signals like ECG and musical instrument tones, compared to the autocorrelation
based methods. The period normalization is found to have improved the beat-to-bcat

correlation, contributing to better compression.

The effectiveness of the method is largely dependent on the accuracy with which
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the local periods are estimated. The noise contamination in the signals is found to
reduce the efficiency of compression. Another shortcoming of this method is that the

compression is computationally intensive.

The second topic of consideration has been the computational issues of Discrote
Wavelet Transform. The most popular algorithm for DWT computation employs the
'pyramid structure’ developed by S.G. Mallat. It basically follows a sequential structure.
For a number of applications, this structure is found to be inefficient in terms of the
number of computations. As a better choice in such cases, a novel Parallel Multiple
Subsequence structure has been developed by uniquely combining the noble identitics
in multirate systems with the principle of polyphase splitting. The input data and
wavelet /scaling filter sequences are divided into a level-dependent number of parallel
subscquences resulting in a highly parallel environment especially at higher levels. The
complexity involved while employing this PMS structure for DW'T computation has been
analyzed in detail and compared with that of the pyramid structure. The PMS structure
could eliminate all the irrelevant computations that are to be carried out while using
the pyramid structure. The PMS structure being parallel, it is found better for directly
computing the transform coefficients at any arbitrary selected level of decomposition
without going through the intermediate levels. The efliciency of the PMS structure has
been shown to be more in the case of lower levels of decomposition and is dependent on
the length of wavelet also. The scheme is still better for computations using the Haar

wavelet,

Both 1D and 2D computational structures have been derived. Typical signal pro-
cessing applications have been presented as case studies wherein the PMS structure is
identified to be advantageous, both computationally and algorithmically. Case studies
include the PSWT computation and the edge detection in biomedical images. This

structure is shown to be better for PSWT and Block DWT computation. For 2D ap-
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plications it has the added advantage that the data transposition operation has been

reduced to the minimurm.

6.2 Scope for Further Investigations

The PSWT based compression schemes are highly dependent on the accuracy of local
period estimation. The methods for period estimation are found to be dependent on the
signal characteristics and none of them are found universally acceptable. Eventhough
lot of research has been carried out in this field, accuracy demands are still not met.
A signal dependent adaptive period estimator is necessary to enhance the compression
scheme.

The PSWT based compression scheme is applicable only for the pscudo-periodic
regions present in the signal. Practical signals comprise of other regions also, which have
to be separately dealt with in a real-time processing environment. This necessitates the
use of a signal adaptive segmentation scheme at the preprocessing end.

The PSWT based feature enhancement technique proposed in this thesis is based on
simple thresholding of PSWT coefficients. Application of energy dependent hard/soft
thresholding can be attempted for signal enhancement by eliminating the instrument
dependent noise part without any loss in the instrument tonal quality.

The compression scheme has concentrated on optimization of the variants uscd for
signal coding only. Since majority of the PSWT coeflicients of pseudo-periodic sig-
nals are insignificant, especially for noise free signals, dynamic bit allocation can he
attempted thereby achieving higher levels of compression. The possibility of totally
avoiding the insignificant coefficients also can be attempted. This will be of special
importance in the case of signals where a good number of samples are insignificant. For
example, in the case of ECG, the diagnostic information contained is in general localized
to the QRS complex. Moreover by sending the residue part along with other information,

the signal quality can be further enhanced, eventhough at the cost of compression.
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The PMS structire developed in this thesis has been validated for 1D and 2D DW'T
computations. It is expected to give still better performance with Wavelet Packet Trans-

form computation, which can also be taken up as an extension of this work.



Appendix A

WT Based Signal Compression

A.1 Introduction

Efficient coding and compression is vital in compact digital representation of signals.
For high quality applications, signals are sampled at high frequencies and quantizod
at high resolution. This necessitates high storage space and increased trausinission
rate/bandwidth. For efficient data transmission and storage, the signals need to be rep-
resented with a minimum number of bits while achieving excellent signal reproductio,
fully retaining all perceivable attributes in the signal. To accomplish this, one should
eliminate the redundancies present in the signal. This is particularly significant in the
case of audio signals, where one can exploit the human auditory perceptual characteris-
tics also. Studies on human sound perception show that sound pressure at a particular
frequency and time instant masks the sound below a threshold at nearby frequencies
and time instants, a phenomenon known as euditory masking [119], [228]. Making usc
of this perceptual property, considerable reduction of data rate could be achieved.
Being a highly flexible means of signal analysis, the WT and the WPT! arc very
effective in audio data compression, feature extraction, signal source modelling ctc. W'T

and WPT have been well established as a mathematical tool for non-stationary signal

"Wavelet. Packet Transform
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analysis [118], [l [229]. Lt has been remarked [205] that, there are no hard and
fast rules for selecting the best wavelet for various applications. The cenfral measure
in choosing a wavelet lies on its match with the signal itself, in terms of its statistical
characteristics. The choice of a particular wavelet basis to suit a specific class of signal
15 a major topic of interest to research community.

In this appendix, a comparison of the efficacy of the WT and the WPT in audio
sighal compression is presented. A study on sclection of the best wavelet basis for
this application has also been considered. Compression using the simple thresholding

technique only has been carried out for this comparative study.

A.2 TImplementation

Wendt et al. [156] has proved that Haar wavelet is the best in segmentation and pitch
determination of speech signals. The study in this direction has been further extended hy
analyzing the performance of different wavelets for general audio processing applications.
A collection of speech data at 16-bit resolution, from both male and female speakers
sampled at 8 to 44.1 kHz was used for the study. Vocal music and instrumental tones
also have been considered. The presenting the results, the following signals have been

counsidered.

1. F1: Female voice {‘Your Complaint Number is’), 8kHz, 16 bit, 10832 samples.

2. F2: Female voice (‘The Pipe Started Rusting, While New'), 22kHz, 16 bit, 79792

samples.

3. F3: Female voice (‘The Pipe Started Rusting, While New’), 44.1kHz, 16 bit,
105248 samples.

4. F4: Female voice (‘The Pipe Started Rusting, While New’), 8kHz, 16 bit, 21728

samples.
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5. V1: Violin tone {Natural Scale), 44.1kHz, 16 bit, 213856 samples.

6. M1: Malc voice (Music-Shankarabharana Raaga), 8kHz, 16 bit, 64000 samples.

These signals were decomposed to 4 levels and reconstructed back using the pyramid
structure shown in fig. 3.3 and fig. 3.6. It is seen that majority of the transform coeffi-
cients carry negligible information and hence they can be discarded without much loss
of intelligibility. Moreover, for certain class of audio signals like speech, the information
content is mainly concentrated in a narrow band. Hence, by decomposing the sampled
speech into different sub-bands, irrelevant components in the signal could be eliminated,
thereby achieving compression. The study was conducted using WT and WPT tech-
nigues with and without compression. To achieve compression, the coeflicients below
the specified threshold with respect to the maximum value of the transform coeflicients,
were made zero before attempting reconstruction. The objective evaluation of the ro-
constructed sound was done by calculating the SNR. For subjective evaluation, listening
tests [218] were conducted using ten subjects. Special care was taken to eliminate
external interference, background noise, and echo-effects. Training sets were used to
familiarize the subjects participated in the listening test. They were asked to rate the
quality as ercellent, good, fair, poor or bad. These ratings were allotted grade nuinbers
5, 4, 3, 2, and 1, respectively. The MOS value was calculated by taking the arithmetic

mecan of the grades voted by them.

A.3 Results and Discussion

Table A.1 gives of the results of the objective evaluation based on a 4-level wavelet and
wavelet packet analysis using different wavelets. The signals were reconstructed from
the transform coefficients without applying any compression. In each case, the SNR was
computed using equation 4.5.

Though the SNR is different for different wavelets, the subjective quality of recon-
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SNR obtained (dB)
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Fl1 | WT | 308 | 236 | 231 | 220 | 246 | 249 | 232 | 157 | 307 | 307 | 305 | 232 | 230 | 245
WET | 305 | 233 | 228 | 217 | 243 | 249 | 228 | 165 | 305 | 304 | 302 | 220 | 228 | 249

V1 wWT 305 | 245 | 234 | 228 | 268 | 250 | 243 | 167 [ 306 | 304 | 303 | 238 | 234 | 253
WPT | 305 | 244 [234 | 228 | 267 § 250 | 242 | 167 | 304 | 304 | 303 | 238 | 234 | 251
M1 WT 306 | 236 | 229 | 220 | 247 § 246 | 232 | 156 | 305 | 305 | 303 | 231 [ 229 | 245
WPT | 306 { 234 [ 228 ] 219 [ 246 | 245 [ 231 | 156 | 304 | 304 | 303 [ 230 | 228 | 244
F2 WT 305 4 235 [ 229 | 220 | 246 | 247 | 232 | 156 | 305 | 304 | 303 | 231 [ 229 } 245
WPT | 306 | 234 [ 229 | 219 [ 246 | 247 | 231 | 156 [ 304 | 304 | 302 [ 230 ; 229 [ 244

Table A.1: Objective performance of wavelets on audio signal processing.

structed sound was found excellent in all the cases. This is justified, since the high
valucs of SNR make the error in reconstruction well below the ATH2. The tabulation
shows that, for both wavelet and wavelet packet transforms, Haar and Biorl.x / 2.x
/ 9.x wavelets give better performance in respect of speech, music, instrumental tones,
male voice and female voice, irrespective of the sampling frequency. In all the cascs
Haar wavelet was found to be the best.

To probe in to the possibility of low complexity signal compression using wavelets,
simple thresholding technique was attempted. The signals were analyzed using the Haar
wavelet. The corresponding results are summarized in table A.2. It is observed that,
for fornale voice sampled at 8 kHz, very good quality audio is possible for a CR, of up to
5.5 and good quality is attainable for a value of even 10. Due to data redundancy, better
compression could be achieved for signals sampled at higher rates. For the same CR,
though the objective quality of the reconstructed male voice is better than the female
voice, the subjective quality is less.

Table A.3 gives a comparison on the effectiveness of different wavelets for speech
compression, based on simple thresholding. The signal under consideration is 'F'4’".
Though Haar wavelet was identified as the best for audio signal analysis, the above study

snggested that 'Db4" and 'Biorb.5’ wavelets arc more suitable for speech compression.

? Auditory Threshold of Hearing
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Signal Waveiet method WP method
and Threshold | Compression | SNR | MOS | Compression | SNR | MOS
sampling rate (%) Ratic {dB)} | (1-5) Ratio {dB) i (1-5)
0 1.0 308 5 1.0 305 5
Fl 1 1.3 31 5 1.3 32 5
3 2.0 20 5 2.1 20 5
8kHz 5 2.9 15 .5 3.0 15 5
7 3.8 13 4.7 4.0 13 4.7
10 5.5 10 4 5.8 10 3.5
15 9.5 7 3 9.8 7 2.7
0 1.0 305 5 1.0 305 5
F3 1 4.9 23 5 5.0 24 5
3 11.8 15 4.2 11.7 16 4.2
44 . 1kHz 5 19.0 12 3.2 18.8 12 3.2
7 26.0 10 2.5 26.0 10 2.3
10 37.0 5 2.2 36.7 8 22
0 1.0 305 ] 1.0 305 5
M1 1 2.3 22 4.5 2.3 22 4.5
3 4.9 13 3.5 3.1 13 3.5
8kHz 5 8.2 9 2.2 8.4 9 2.0
7 12.3 7 1.0 12.8 7 1.0
10 21.7 ] 1.0 22.3 5 1.0

Table A.2: Effect of simple thresholding on audio signal compression.

CR. and MOS obtained (Signal used: F4)
9
T
g S
2|
z | E
b= = haar db4 dbl0 sym5 coift bior3.9 bior5.5
T2 1 81a 81|82 8 =8 = 2
S1z|8j=|8|z|6|=2|6|2|8|=2|8]|=z
0 1.0 5 1.0 5 1.0 5 1.0 3 1.0 5 1.0 5 1.0 5]
1 2.7 3] 2.7 5 2.7 5 2.8 5 2.8 5 3.4 5 2.6 5
3 3.5 145 | 4.3 5 4.3 5 4.6 5 4.5 5 5.7 5 4.0 5
WT 5 49 [ 37 [ 69 [ 4558456244611 44177 4 b4 [ 4.6
7T 1633575342 (73 [40 |79 [36176 7135197 [32]70]44
1086 301 10 | 30962711 |25 ] 10 [ 25| 13 | 25 ] 96 ; 3.0
151 1425117 [ L7 16 { 1.7 19 1.7 | 17T [ 1.5 | 18 1.0 16 | 2.0
0 1.0 bl 1.0 5 A\ 5 1.0 5 1.0 5 1.0 ] 1.0 0
;__TT 2.6 5 2.8 5 2.9 5 3.0 5 3.0 5 4.3 [{] 2.9 53
3 [ 34 ] 45| 44 5 4.5 5 4.8 5 4.7 147 7.7 3.5 ] 4.6 3
WPT 5 45137594261 | 42]65 |42 64|40 11 25|64 [ 4.2
7 57136175 3777135184 ([32]82 30 14 1.8 1 84 [ 4.0
10 [ 79 ] 3.1 10 [ 28] 11 25 112 22| 12 | 22| 21 1.2 13 | 2.5
15 13 { 25 | 18 1.2 18 |10] 22 |10 20 {101l 44 1.0 22 1.0

Table A.3: Effect of change of wavelet on speech compression using simple thresholding.
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A.4 Conclusion

‘I'he application of different wavelets for audio signal processing has been explored. It
was found that the Haar wavelet is best suited for general time-frequency analysis of
audio signals, irrespective of the sampling frequency. But for compression applications
based on simple thresholding techniques, Db{ and Biord.5 wavelets were found to be
even better.

Simple thresholding strategy could be efficiently applied for audio compression cm-
ploying wavelet-based decomposition. For speech signals sampled at 8kHz, good quality
speech output was obtained at a compression ratio of the order of 10. The value went
cven above 50 for a sampling rate of 44.1kHz, still maintaining the same audio quality.
Compression achieved for male voice is comparatively less.

Though wavelet packets decompose the signal in both high frequency and low fre-
quency bands with better resolution, noticeable difference is not, perceived in comparison
with wavelet transform. However, since wavelet packets are computationally more in-

tensive, for audio signal processing applications the WT method is preferred over WIPT.



Appendix B

WT based Signal Segmentation

B.1 Introduction

Accurate segmentation of signals into different distinguishable regions like pseudo-periodic,
random, transition etc. is very important in signal processing and compression applica-
tions in particular, as the processing methods and strategy is highly dependent on the
signal characteristics. Most of the classification methods that exist today [230], [231],
[232], [233] as applicable tor 1D signals are pertaining to speech as it has tremendous
application in entertainment electronics. Moreover, these methods classify speech sig-
nals into unvoiced /voiced, or unvoiced /voiced / silent regions only. The regions of
transition between any of the above have distinct characteristics when compared with
voiced, unvoiced and silent regions [29], [224]. The characteristics of the transition
region depend on the nature of the preceding and succeeding segments. Work has been
recently reported [214] about a novel method of classification of speech signals into the
above four distinet regions, in which the autocorrelation method was employed for pitch
identification. It has been proved that codecs based on such a classification has better
cfficiency compared to other state of the art codecs [234]. Even though the features of
mnusic signals are quite different from that of speech signals {235], a classification of inu-

sic signals into Voiced, Unvoiced, Silent and Transition regions exploiting the exclusive

161
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characteristic features of music is not yet seen attempted. Segmentation and classifica-
tion of audio signals could be made using moderately simple parameters derived from
the audio signal such as RMS energy or ZCR!. But such a method can achieve only
limited accuracy. The voiced/ unvoiced/ silent classification is traditionally tied to the
determination of periodicity (pitch period) [236]. Audio sigrals being quasi-periodic,
accurate determination of periodicity always raised problems resulting in wrong classifi-
cation. Threshold based classifiers like the conventional Cepstrum and autocorrelation

methods [153] are typically used for voicing decisions.

Although encouraging results have been obtained for speech, the autocorrelation-
based method of pitch determination is not often satisfactory when applied to music
signals  [157], [110]. This is primarily because of the large range of fundamental fre-
quency and the variety of spectra encountered in music signals. It may be noted that
a musical signal is a logarithmic organization of pitch based on the octave, which is
the periodic dilation between two pitches, when one is twice the frequency of the other.
Hence wavelet based pitch estimation [154], [156] is found to be a more natural choice

for musical applications.

In this appendix, a WT based method for audio signal classification and segmenta-
tion in which signals are classified into Transition regions also in addition to the conven-
tional classification into Voiced, Unvoiced and Silent regions, is presented. Appropriate
threshold values for the statistical features such as SZR?, STE3, the ZEP?, and the
pitch correlation factor are utilized in the classification process. The UDWT techniques
are employed for period estimation. The proposed method is made computationally

attractive by restricting the WT computation only to a few selected levels.

'Zero Crossing Rate
?Short-Time Zero Crossing Rate
3Short-Time Energy
47cro-Crossing-Energy Product
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B.2 The Classification Algorithm

The first step in the classification process is the statistical feature extraction. The signals
under study are normalized and segmented into blocks of size corresponding to 20 ms
of data approximately. It is assumed that the pitch of vocal music has a dynamic range
of five octaves. Following statistical parameters are estimated for each segment of the

signal.
B.2.1 Short-Time Energy

A measure of the energy for each segment is a convenient parameter that reflects the
variations of the amplitude of the signal and has been widely used in classification

problems. The STFE of the i** block of the signal, z;(n), is defined as:

N-1
STE; =) _ |ai(n)]” (B.1)
n=0

where N is the block size.

B.2.2 Short-Time Zero Crossing Rate

A zero crossing occurs in a discrete time signal if successive samples have different
algebraic signs. Although the procedure needs only a comparison of the signs of two
successive samples, the signal has to be preprocessed to eliminate noise, offset, ete. to
ensure accurate measurement. The sampling frequency of the signal also determines the
time-resolution of the zero-crossing measurements. The SZR corresponding to the "

segiment is:

N
SZR; = Y Isgnlzi(n)] - sgnlzi(n — 1) (B.2)

n=1
If the SZR exceeds a given threshold, the corresponding segment is likely to be

unvoiced, and it is too low a value for silent regions. It is observed that the median of
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the SZR is an appropriate value to be used as a signal-dependent threshold.

B.2.3 Short-Time Zero-Crossing Energy Product

Since different classes of music segments may have comparable values of STE or SZR,
their product ZEP has been defined as yet another discriminating parametcr in the

classification process. The ZEP of the i** block is computed as:

ZEP, = STE; - SZR; (B.3)

The value of ZEP will be considerably high for Transition from/to Voiced segments.

For other Transition regions, its value is comparatively less.

B.2.4 Pitch Correlation Factor

The Pitch Correlation Factor 8 will be of use in the detection of Transition from
Voiced /Unvoiced regions giving a marked discrimination when the signal energy is rea-

sonably high giving a wrong notion of the block to be Voiced/Unvoiced. The 3 parameter

i”t

for the ' block is computed using the equation:

Sorp, +1 Tilm)zi(n — Py)
fi = N

n=>1; +1 [CE,(T’? - JPil )]

(B.4)

where P, is the value of the first pitch period of the i** segment. For highly voiced
segments, 3 approaches unity as evident from equation B.4. During voicing Transitions
also, especially in the case of vocal music, the value of 8 will be reasonably high and
hence ample care should be taken to fix up the threshold of 8 in the decision making
process. Moreover, during Transition phase from Voiced to Unvoiced/Silent regions,
the successive pitch periods will show a gradual change which is strongly dependent on
the Thala (Rhythm) of the music. The pitch identification is performed using UDW'T

cocficients as described in section 4.2.1.2.
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The overall flowchart used for the segmentation followed by classification is given in

figure B.1.

B.3 Results and Discussions

The proposed classification scheme has been applied on a wide range of classical music
signals sung by a group of artists inclﬁding both maie and female. The sampling rates
for the test signals were 8 kHz and 22.05 kHz. Using the experimentally selected values
of the statistical parameters, accurate classification of the signals into Voiced, Unvoiced,
Silent and Transition regions could be achieved. The results were verified by mannal
classification of the signals. The validity of the classifier was also tested with different
test signals mutilated by noise. Except in occasions where the transition region is
insignificant, the algorithm resulted in the exact segmentation of the signals. One typical

case is illustrated in figure B.2.

B.4 Conclusions

An efficient scheme for classification of audio signals into Voiced, Unvoiced, Silent and
Transition regions after segmenting into blocks of fixed frame size, has been developed.
The conventional classification method based on audio features such as Short-Time
Energy, Zero-Crossing Rate, measure of pericdicity etc. are combined with the state-
of-the art Wavelet Transform methods. The proposed method gives better recognition
score for classical vocal music when compared to auto-correlation based classification
methods. The statistical parameters used for the classification process is required to
be adapted to the signal properties. The classifier works well with wavelets, which
are the first derivative of smooth functions. All the drawbacks of classical methods in
classification of vocal music due to discriminative characteristics of music, are well taken

carc of in this method.
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Figure B.1: Flow chart showing segmentation and classification of vocal music using W'I'
techniques. V,U.S and T stands for Voiced, Unvoiced , Silent and Transition regions

respectively
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_1 : 1
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Figure B.2: Classification of a piece of Classical music sung by a female artist (a) Original
Signal (b) Classifier Output
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