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(ABSTRACT)

The main purpose of this dissertation is to explore and develop better signal modeling
(decomposition) methods for nonstationary and/or nonlinear dynamic processes. Localization is the
main focus. The characteristics of a nonstationary or nonlinear signal are decomposed onto a set of
basis functions, either in the phase space spanned by time-frequency coordinates as Gabor
proposed, or in the phase space spanned by a set of derivatives of different degree as defined in
physics.

To deal with time-varying signals, a Multiresolution Parametric Spectral Estimator (MPSE) is
proposed together with its theory, techniques and applications. The resolution study provides the
characteristics of windowed Fourier transforms, wavelet transforms, fixed resolution parametric
spectral estimators, and the newly developed MPSE. Both the theoretical and the experimental
results show that, of the above techniques, MPSE is the best in resolution. Furthermore, with
proper a priori knowledge, MPSE can yield better resolution than the lower bound defined by the
Heisenberg uncertainty principle. The application examples demonstrate the great potential of the
MPSE method for tracking and analyzing time-varying processes.

To deal with the time-varying characteristics caused by linearization of nonlinear processes, the
Radial Basis Function Network (RBFN) is proposed for modeling nonlinear processes from a
‘local’ 10 a ‘global’ level. An equal distance sample rule is proposed for constructing the RBFN.
Experiments indicate that the RBFN is a promising method for modeling deterministic chaos as
well as stochastic processes, be it linear or nonlinear. The ‘local’ to ‘global’ approach of the
RBFN also provides great potential for structure adaptation and knowledge accumulation.
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1. SIGNAL DECOMPOSITION BACKGROUND

The main, combined purpose of this dissertation is to explore and develop better signal modeling
(decomposition) methods for nonstationary and/or nonlinear dynamic processes. To serve this goal,
this chapter first reviews the research in related fields. Different methods, such as parametric and
nonparametric decomposition methods, and globally and locally supported basis functions for
signal modeling in the phase space, are introduced in the first 5 sections serving as “Background.”
These are then compared in Section 1.6, the “Survey.” Based on the research survey the objectives
of this research are provided in Section 1.7, where the organization of the dissertation can be found

as well.

1.1  General signal decomposition forms

A signal is generally defined as “the result of measurements on a physical system under
observation [1].” The measurement results can be in different forms, such as numerical quantities,
signs, or symbols, which reflect information about the state of the physical system. Given a set of
observations, one often wants to condense and summarize that data by fitting a proper model 10 it.
That is, the observed data are assumed to express a process which can be represented by a set of
known mathematical functions, and the data and known functions are related by a set of adjustable
parameters. Signal modeling is thus equivalent to signal decomposition. The model functions are
known as basis functions in the decomposition, and are the fundamental components for

-constructing the observations. The adjustable parameters are often referred to as weighting

coefficients, which reflect a measure of the dependence between the data and the basis functions.

The selection of the model basis is not unique to the observed process. Sometimes, the model
basis is selected based on an underlying theory or physical law that the data are supposed to
satisfy, but most often the model basis is selected from convenient mathematical forms such as the
polynomials (Taylor series expansion), complex exponentials (the Fourier transform), Gaussians
(the radial basis functions), or the derivatives of the independent variable x (the differential or

state space models). The key to successfully modeling a signal lies in selecting the basis functions.



A good model not only fits the observations well, it also simplifies the underlying signal processing

problem.

According 1o the relation between the signal and the model parameter set, the decomposition can
be either linear or nonlinear. Quite often, the linear decomposition operation is much simpler than
any nonlinear one. The former allows the application of systematic procedures, while the latter is
case dependent. In many cases, a sophisticated nonlinear process can have a linear representation
in the decomposition model by selecting proper nonlinear functions as its basis functions. This

dissertation will focus mainly on the linear decomposition models.

The continuous form of a linear decomposition is defined by

y(x)= j a(Q)®(x,Q)dQ (1.12)
Q

where ®©(x,Q) is the basis function, and a(Q) is the weighting function; both of which are
continuous functions of .

The discrete form of a linear decomposition is defined by
M
Y=, (%) (1.1b)
k=1

where @, (x), D, (x),...P, (x) are the basis functions, and {g,,a,,...,ay} is the model parameter
set or the weighting coefficients. The relation between the function y(x) and the basis functions is
linear in (1.1a) and (1.1b), although both the function y(x) and the basis ®(x,€2) or ®,(x) can
be nonlinear functions of x. In this discussion linear refers to the model’s dependence on its

parameter set a(S2) or A={q,,qa,,...,a,},1.e. the models are linear-in-the-parameters.

The mathematical principles used for signal decomposition are found in functional analysis [1, 2,
3]. The signal and its components, the basis functions, are the elements in the metric space in

which a distance between any two elements is defined. This distance, called a metric, is a
functional that projects two functions onto the positive real number line, d:{x,y}— R*. The basic

approach in signal decomposition follows a two step approach. The first step is to choose a metric



which measures the agreement between the data and the model for a particular choice of parameter
set. The second step is to then adjust the model parameters in order to achieve the minimum

distance between the observation y(x) and its model representation y(x), yielding the best fit

parameters. Finding the best fit parameters is a problem of optimization, in which the metric is
called the merit function in optimization, or the error function in estimation. Different merit

functions can be used, such as [1]

&, (y(x) = 9(e) = [ [y(x) - 90o)lax (1.22)

d, (Y1) = $(x) = |y(x) - ()
(1.2b)

= [jxly(x)—f(x)lzdxF

dy(y(x) - $(x)) = sup{| y(x)-y(xfxe X } (1.2¢)

where X ={x,a < x<b}is the support region over which x is defined. Among these definitions,
the metric d, is a measurement of the absolute difference, the metric d, is referred to as the norm
of y(x)— y(x), and the metric d, is the maximum absolute difference. In optimization theory,
these merit functions define different optimization criteria, such as, d, for the absolute error
criterion, d, for the least squares error criterion, and d, for the minimax or Chebyshev error
criterion.

The model representation provides an approximation to the original signal. An important reason
for modeling, in many cases, is that there is no known function which precisely describes the
observations. The choice of basis functions is based on the assumption that the data can be
approximated by a set of known functions. One example would be to match an arbitrary curve by
using a polynomial, in which it is assumed that the unknown curve function can be extended by the

Taylor series. An imperfect fit of the model basis functions is not the only cause of error; there are



also errors caused by contaminated observations, by limitations in the number of basis functions

that can be chosen practically, and by numerical computation itself.

1.2  Characterization of decomposition models

There is a variety of ways to characterize the decomposition models. Depending on the
arguments of the basis functions, the decomposition operators can be classified as parametric or
nonparametric. For nonparametric decompositions, the basis functions are usually independent of
the observation data, for example when the arguments of the basis functions are time (space)
and/or frequency instead of the observation data. Examples of model functions for nonparametric
decomposition are the complex exponentials in the Fourier transform, or a class of wavelet

functions in the wavelet transform, for which the arguments are either frequency or time (space).

Unlike for nonparametric methods, the parametric decompositions usually use the observation
data as arguments of their basis functions. The incoming signal is assumed to be generated by
some linear or nonlinear dynamic system. The model is thus considered to be a representation of
the original dynamic system by which the signal is generated. The model equations are directly
linked to the differential or difference equation, or to the state space equations, of the observed

system.

The differences between the parametric and nonparametric decomposition methods are not only
reflected in the arguments of the basis functions, but also in the characteristics of these basis
functions. In nonparametric methods, the basis functions are a class of known time- (space-)
frequency functions, and each is an element or a point in L*(R™) space, where # is the number of
arguments (dimension) of the basis. There is an infinite number of basis functions, which uniformly
fill the entire LA R™) space. The decomposition coefficients are the inner products of the signal and
the basis functions, so that the result is a measure of the linear dependence between the signal and
the basis functions into which the signal is decomposed. If the signal is defined in a L’(R™ ) space,
where m is the dimension of the signal, the nonparametric decomposition maps the signal from
L*R™ ) into LY R™) space and, therefore, this kind of decomposition operation is also called a
transformation operation by which the signal is transformed from one domain into another [4]. The

reason for calling this a nonparametric decomposition is that the basis functions are independent of



the signal, and there is no dynamic model assumed to be involved in the operation. This is an
important feature of the nonparametric methods since they require the minimum a priori

knowledge of only the observation.

The basis functions in parametric decomposition methods, however, are the coordinates which
span the entire signal space. The number of basis functions is often related to the order of the
assumed underlying dynamic system, and finite. The coefficients of the decomposition are the
projections of the signal onto these coordinates. Therefore, the basis functions are always signal
dependent, and they are the representation of a specific dynamic model for the signal [5]. This kind
of modeling requires a priori knowledge of the signal process, such as the model structure, the

orders of the dynamics, etc.

The typical nonparametric methods are the Fourier Transform (FT), Windowed Fourier
Transform (WFT), Short Term Fourier Transform (STFT), Gabor Transform (GT), Wavelet
Transform (WT), and Wigner-Ville Distribution (WVD). These operators are referred to as time-
frequency analyzers. The popularly used linear parametric decomposition model for discrete time
series are the AutoRegressive models (AR), the Moving Average models (MA), and the
AutoRegressive Moving Average models (ARMA).

The decomposition operation can also be characterized, according to the support region of the
basis function, as locally or globally supported. The globally supported basis functions extend over
the entire R space, such as ¢’ and x(z). The locally defined basis functions are those locally
effective functions with effectively finite duration or bandwidth (to be defined later) such as the
Gaussian functions, and time window functions. Such basis functions are also called compactly
supported basis functions. The Fourier transform and the AR, MA, and ARMA models are
globally supported basis decompositions, while the WFT and the WT are examples of compactly
supported nonparametric decompositions. An important form of a compactly supported basis

function is known as the Radial Basis Function (RBF), which is of the form [6]
@,(|X-C,).XeR",i=12,-,m, (1.3)

where C, is the center location of the i-th basis function. ®; maps from R" to R.



There are three major reasons for compactly supported basis decomposition. The first reason is
that signals, in many applications, are generally constrained to a finite dynamic region. Any
modeling is then meaningful only within this feasible dynamic region. A locally fit model quite
often can simplify the problem. The second reason is that when the signal is time-varying or
nonstationary, the basis is no longer time-invariant, and in that case a time window can restrict the
effective region of the basis. The final reason, for a compactly supported basis, is that when the
relation between the basis and the signal is nonlinear, a locally defined basis function can be used
for the piecewise construction of an approximation to any sophisticated nonlinear manifold, which

can not be simply built by the linear combination of any known functions.

1.3  Time-frequency representations for nonstationary processes

One of the oldest and most effective techniques in signal processing is frequency analysis by
using the Fourier transform. The process underlying the Fourier transform is to decompose the
signal onto a set of known complex exponentials, that is, the signal is modeled as consisting of a
class of complex oscillations. The Fourier coefficients, the linear dependence measure between the
signal and the basis functions, are computed by taking the inner product of the signal and the basis

functions. The ideal form of Fourier decomposition is defined by:
Y(£)=(y@.e™)= [ yore ™t (1.42)

where y(t) is an arbitrary finite-energy signal, ¢/** is the basis function at frequency f, and
Y(f) is the Fourier transform coefficient or the frequency representation of y(t). The Fourier

transform maps the signal from the time (space) domain into the frequency domain. The inverse
Fourier transform maps the frequency representation back into the time representation, and has the

following general form

Y0 =(F(Fre )= [Y(p)e™af (1.4b)



The Fourier transform and its inverse establish a one to one relation between the time domain

(the signal y(t)) and the frequency domain (the spectrum Y(f)). These two domains constitute
two alternative ways of looking at the same signal.

The AutoCorrelation Function (ACF) is another form of time representation of the signal. It is a
self-similarity measure of the signal over time, which tells us how the information in the signal is
distributed over time, such as how long the same information lasts, whether there are any repeating
patterns (periodicity) or decaying repeating patterns. The Fourier transform of the ACF, by
definition, is the power spectrum of the signal, i.c.

Pulf)= Yratrexpl-jomk)  -Lesp<le (L.5)

=—co

where r,, (k) is the ACF of signal y(t), defined as
ra(k) = E[x" () x(n + k)] (1.6)

where x'(n) denotes the complex conjugate of the signal x(n) and E[] is the expectation

operator. From the definition, if the underlying statistical properties of the signal are known
exactly, its power spectrum can be computed from (1.5). The practical reality however, is that the
signal is an unknown stochastic process and its observations may have been contaminated by
measurement noise, so that only an estimate of the statistical description of the signal can be made
based on observations of-usually-short duration. As a result, in practice, spectral analysis is a

matter of statistical estimation from observations.
The Fourier transform pair of the signal y(z) is a linear time and frequency representation, while

the ACF and PSD are forms of quadratic time and frequency representations. These Fourier
transform pairs are basic to the study of the ever-expanding field of signal processing. In radar,
sonar, geophysics, astronomy, communications, and biomedical engineering, signal processing
plays a dominant role; hence the importance of spectral analysis. However, in many applications,
such as those listed above, the signal analyst is confronted with the task of processing a signal

whose statistical characteristics vary with time. These signals are referred to as time-varying or



nonstationary. An accurate spectral analysis of such signals cannot be accomplished by the simple
use of classical time domain representations, such as the ACF methods, or frequency domain
representations, methods based on the Fourier transform. Rather, it requires the use of analysis
methods that do not assume the condition of stationarity, as is done in classical spectral analysis
based on the Fourier transform. For such time-varying signals, a Time-Frequency Representation
(TFR) has to be used. The time and frequency dimensions form a new R* space referred to as
time-frequency space, and the TFR maps the signal (assumed for now t0 be one dimensional )
from R' into R*.

A variety of TFRs show up in the literature. There is the Windowed Fourier Transform (WFT)
(also called Short Term Fourier Transform (STFT)), the class of Wavelet Transforms (WT), and
the Wigner-Ville Distribution (WVD). The TFRs can be characterized as linear TFRs, such as
WEFT and WT, or quadratic TFRs such as the WVD, according to whether the time domain form
of the signal or its instantaneous power form is involved in the decomposition. The general form of

a linear TFR can be represented as [7-10]:

e(e,0) = (¥ 1o () = j GG .7

where ¢(t,v) is the transform coefficient, ki ,(¢) is the basis function, and y(¢) is the time
domain representation of the signal. For WFT, A, ,(¢)= w(t —1)e /™", which is a time-limited
complex oscillation at frequency v, where w(¢z—1) is the sliding window function centered at

t=1.For WT, h ()= —l—h(t;u’r-J , where h(t) is a basic wavelet prototype called the mother

%

wavelet, and h,,(t) is a set of basis functions called the daughter wavelets, resulting from

translation and scaling of the mother wavelet A(t). The argument T is the center of 4, (¢), or the

fo

time localization of the wavelet basis function, and v = is called the time scale, where f =%

is the frequency and f, is the center frequency of the Fourier transform of the daughter wavelet.

v~ is equivalent to frequency in WFT. The mother wavelet h(t) is selected such that it is the



impulse response of a bandpass filter centered at f, =vf . The main feature distinguishing WFT

from WT in the time domain is that the time window width in WFT is constant, so that the number
of oscillations of the basis increases with frequency, while the number of oscillations of the WT

basis is constant over frequency with a time-varying window width. Therefore, the scale v keeps

Af

the Q factor of the daughter wavelets constant, i.e. O =——=constant, where Af is the effective
0

bandwidth of the daughter wavelets. Unlike the conventional Fourier transform, which suffers from
fixed frequency and time resolutions, the wavelet transform is capable of trading off resolution
between frequency and time domains within different frequency bands. That is, it can zoom in in a
high frequency band to catch fast "local” events and zoom out in a low frequency band to observe
slow "global" changes. The associated resolution issue will be further discussed later.

The quadratic time-frequency representations give the signal power distribution in the time-
frequency domain. There are many different forms of quadratic TFRs; one of the most popular is
the Wigner-Ville Distribution (WVD) [8, 11-14], defined as:

W, f)= r 2t+1/2)z2 (=1 [ 2)e ™ dr (1.8)

where z(r) is the analytic signal, ie. z(t)=y(¢)+ jH[y(z)], in which H denotes the Hilbert
transform. If z(¢) = y(z) in (1.8) then the equation defines the Wigner Distribution.

The TFRs discussed above are all unrelated to dynamic models, and therefore nonparametric
methods. There are also parametric spectrum estimators (PSE), for example the AR model, the
MA model, and the ARMA model. These parametric methods can take advantage of a priori
knowledge about the signal, such as its dynamic model structure, which can then extract knowledge
from the observations and apply it beyond the observation time window. The latter feature can
yield higher frequency resolution for the parametric PSEs than is possible with nonparametric
ones. The higher frequency resolution is especially apparent in a high signal-to-noise ratio (SNR)
environment when using short observation windows. However, if the assumed model is invalid, the

results can be misleading.



To be able to estimate the statistical characteristics of the observations, the parametric methods
require stationarity of the signal. If the signal is nonstationary, a time window is applied to the data
to be processed. Pseudo stationarity is assumed inside the time window. This windowing produces
a trade-off between the time resolution and the variance of the estimator. With a short time window
the estimator can track fast changes, with large estimation error, while a long time window
smoothes out the changes of the signal in the window period, resulting in poor time resolution for

changing features and lower estimation error for stationary ones.

1.4  Radial basis function representations for nonstationary processes

The time varying characteristics of a signal can also be caused by the linearization of a nonlinear
dynamic system. The linearization is performed by expanding the nonlinear function into a power

series. If all the derivatives of a single variable nonlinear function f(x) exist, the function

J(x) can be written as the following infinite power series, expanded about x=x,),

dk

1d%*f 1
k! dx*

#l o ar+ L
dx|._ 2! dx?

x=xq

2

fx)=f(xy)+ Axt 4 (1.9)

x=xy x=xy

k
d { is the value of the k-th derivative of the nonlinear function f(x) with respect to x,

*=Xy

where

evaluated at the point x=x,, and Ax = (x —x,). Clearly, if |Ax| is small enough, or x is near x,,

then Ax* =0, for all £ >1. When, in (1.9), the sum of the terms of second and higher powers of

Ax are negligible compared with the sum of the first two terms, f(x) can be rewritten, in the

vicinity of x,, as:
af
F@)=fGo) A (x=x); for |Ax] =|x—xo| <3, (1.10)
x=xy
Equation (1.10) is a linear approximation of the nonlinear function f(x) in the vicinity of x,. The

first derivative K = %' , or the slope of the linear approximation of f(x), is a function of x,.

x=x,

10



If x is a function of time ¢, the linear approximation of f(x(¢)) is time dependent with a time-
varying slope K(x(t)) . If time is in discrete form, i.e. ¢ =nAt, n=0, 1, 2,---, and x, = x(nAt),

the dynamic trajectory y(t) = f(x,t), at t =(n+1)At, can be approximated as:

Yo = F(x,,nA)+ f'(x,,nAt)(x,,, —X,)

=yn+fn,xn+l +fn,xn

(1.11)

df (x,,nA1) . The derivative f,, in (1.11), is time dependent. Thus,

X=X,

where f, = f'(x,,nAt)=

¥, =f(x,nAt) can be treated as a first order time-varying autoregressive moving average

process, i.e. an ARMA(1,1) process. More generally, a time invariant nonlinear multivariate
dynamic equation Y(nAt) = F(X,nAt) can be approximated as a linear time-varying ARMA(p,q)
process. The stronger the nonlinearity is, the faster the slope changes. If the dynamic system is
nonlinear and time-varying, the tracking of its trajectory with a linear approximation is even more
difficult.

From the given example, it is obvious that if a nonlinear model can be used, instead of a linear
approximation, the time dependency of the model can be canceled out, or at least slowed down
greatly (this is equivalent to including some higher powers of Ax in (1.9)). However, conventional
nonlinear modeling suffers from many practical problems. To begin with, there is no systematic
way to select the basis functions such that the linear relation between the observation y(¢) and the
basis functions can still be preserved. Then, when this relation does not hold, the merit functions
for estimating the model parameters are no longer quadratic, so that the guarantee of a single
minimum is lost. The end result is a computationally intensive search for a global minimum, from

multiple local minima, for which final convergence is not guaranteed either.

One of the recent advances in nonlinear multivariate modeling is the development of Radial Basis
Function (RBF) models [6, 15-17]. The RBF representation has the general form of

N
y=£X)=Y 0,0,(X-C]) (1.12)

i=1

11



where X = {xl,xz,. ..,xn} is a vectorin R", y = f(X) is a nonlinear multivariate function which

maps from R” to R, where {o;: i=1.2,...,N} is the parameter set, ®;(|X - C;[)) is the i-th RBF

centered at C; ={c,;,¢;,....C,,; }» and [X - C;||= i'x! -cj,,-lz >0 is the norm (distance) from
j=

X to the center of the i-th basis function X, . Some examples of compactly supported RBFs are

1

o, (X-Cp=(x-C|* +c*) 2 (inverse multiquadrics) (1.13a)
4x-c.f

o(X-Cl)=e °° (Gaussians) (1.13b)

where ¢, and ¢ are arbitrary positive constants. The common characteristic of the given examples
is that these basis functions will be most effective only at the center C; and they will quickly die
out when |X —C,| increases. This important feature makes it possible to construct a nonlinear
function of any strangely shaped manifold by using RBFs of small dome-shaped pieces. Therefore,
the RBFs work as building blocks. Instead of searching for a global match of the model parameter
set, the model parameters of an RBF can be optimized relatively locally, which avoids the
problems with multiple local minima.

In selecting the RBFs, in addition to the functional form, there are two important parameters, i.c.
the dilation of the RBF, controlled by ¢ in (1.13b), and the center location C;. The first
parameter affects how localized the RBF will be, and the second one determines where to put these
building blocks.

A dynamic function, whether a differential or difference function, can also be written in the form

of an RBF representation (see Figure 1.1). For a differential equation, X is a vector of derivatives

of the system response and derivatives of the driving force, ie.

?

T, — ¢ - A differential equation, linear or nonlinear, can thus be
dr dt at’ adr - ar”

represented in the form of an RBF. In the case of a difference equation, X is a vector composed of /
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previous system outputs y,,; O0<k </, and the present and previous driving forces
Uy 5 0Sksm 1,06 X={y, (1 Vn01 s Ynoishpstyyse sty ). For a linear discrete dynamic

system, the difference equation can be represented as:

¥, =F(X)=(0,X)
i (1.14)

!
= zaiyn—i + ijun—j
=1 j=0

where © ={a,,a,,...,a;:b5,b,.....b,, } is the parameter set, and where (©,X) denotes the inner

product of ® and X. This is the well-known ARMAC( /, m ) model.

XO={ 1), ¥’ By ()5 0 (®)y ()00 u®™ (1)}

da{ )
dt

FX) ¥

memory Units

Network

Figure 1.1 RBF model for dynamic system approximation.
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The dynamic equation y = F(X) defines a projection from R‘*™ to R. In the linear case, the

funcion F(X) is a hyperplane in R“™ that is expanded by the vector

{dy d’y d'y dw d™u

. LR} » My "% ’ and n=1*Yn=29"""9 Y p- ;u,‘sun_ PRADY/ S for the
ar’ di? a' T d dt""l} {y 12 Yn20"""2 Vi 1 z}

continuous and discrete cases respectively. Given the coordinates of X(z) at time t, the value of

y(¢) can be determined from the hyperplane F(X). Figure 1.2a gives an example of a second

order linear dynamic system. In a nonlinear system, F(X) represents a hypersurface in R™™ 1f
this hypersurface is previously known, the output of the system y(t) can be determined from the

hypersurface (see Figure 1.2b for an example). If the hypersurface is relatively ‘flat’, it can be
approximated by a linear hyperplane, or equivalently one can say that the dynamic system can be
approximately modeled as a linear system. Therefore, the time-varying linearization of a nonlinear
system can be interpreted as using a tangential hyperplane to continuously approximate the
hypersurface of a nonlinear system. Although the dynamic hypersurface of a time-invariant system
is static, its linear approximation, i.e. the orientation of the tangent hyperplane, is time-varying as

the dynamic trajectory moves around on the hypersurface.

Most system identification or signal modeling problems can be treated as the reconstruction of
F(X) from observations on the hypersurface. Here our discussion was limited to a deterministic
dynamic system, where there is no observation noise involved in the model construction. In a
stochastic situation, the observations will form a Milky Way, where the dynamic hypersurface
F(X) represents the statistical ensemble properties of the Milky Way (see Figure 1.3 for an
example), and more data samples are required to estimate such a hypersurface than in the case of a

deterministic system.
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y(n) = 0.1y(n-1) + 0.8y(n-2)

y(n) = 1-1.4y(n-1)A2 + 0.3y(n-2)

Figure 1.2a,b Examples of linear (a) and nonlinear (b) dynamic manifolds.

y(n) = 0.1y(n-1) + 0.8y(n-2) +N(0,0.1)

y(n)

y(n-2) -1.5

y(n-1)

Figure 1.3 The Milky way and its statistical ensemble of dynamic manifold.
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1.5  Network representations for signal modeling and approximation

In signal modeling, the major task is to establish a proper mathematical representation called
Jfunction. The function maps a set of independent variables (input variables) to a set of dependent
variables (output variables). It defines a projection from the input domain to the output domain,
and thus can be equivalently represented as a network. In constructing the model one often uses a
set of input variable samples and a set of associated output variable samples to identify the
unknown function or the network. Based on some optimal criteria and constraints or a priori
knowledge, these samples will be linked by the function which gives the ‘best’ fit to these sample
input-output pairs and a ‘reasonable’ estimate for the region between the observations.

Mathematically, such a procedure is equivalent to interpolation.

The Artificial Neural Network (ANN) is a good example of a network representation for the
modeling of a signal or an unknown dynamic system. The ANN is simply a nonlinear network
which allows people to implement it for solving nonlinear problems without knowing the exact
mathematical function. The common form of the ANN is based on a topological network with
adjustable weighting functions, in which many simple common elements operate in parallel. The
nonlinear sigmoid functions implanted in each element are critical for a neural network to perform
nonlinearly. These elements are inspired by biological nervous systems. The ANN’s function is
determined largely by the connections between elements. Different structures, training rules, and
criteria have been developed for training the network. We distinguish between the Widrow-Hoff
learning rules [18-20], backpropagation [21-25], associative rules [26-28], and self-organizing
Hopfield networks [29-31].

Even with all these efforts however, ANN research is still in its infancy. There are many

problems associated with the conventional ANN, such as:

1. The first problem is the topological structure of the ANN. This kind of structure is usually
fragile. If one or more nodes and weighting coefficients in the network are modified slightly,
the function of the entire network can change dramatically. If one or more connections or nodes
in the network malfunction or break, the function of the network becomes unpredictable. This

certainly is not the case in a biological nervous system where neurons die frequently. Defects in
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the structure of the conventional ANN are the main obstruction for the network to ‘learn’, to

‘self-organize,” and later to ‘adapt’ to a sophisticated environment.

2. The ANN does not simulate biological neurons in function, merely in form. E.g. the sigmoid
function of the ANN elements is used to imitate the function of the axon of a real neuron. The
biological neuron fires randomly however, and only the associated statistical characteristics
carry information. The ANN, on the other hand, is a fixed function network where the
connections and elements work deterministically. The result is an imitation of the firing
mechanism of the real neuron without imitating its statistical properties. Thus, the ANN is not

a functional simulator per se.

3. The third problem is the existence of multiple local minima in solving for the best merit
function during the training period, especially where the number of distinct objects in the
training set is large. No method exists that can guarantee that the global minimum will be

reached without being trapped by a local minimum.

4. The final problem in the ANN is that the knowledge of the network can not be accumulated.
That is, the network can not learn things one after another. Due to its topological structure, any
modification in the structure or weighting coefficients will cause unpredictable results. Thus,
the ANN is not an adaptive network after it has been trained. Any modification or increase in
the knowledge base will necessitate retraining of the network. The more target events are to be
leamed simultaneously, the more local minimums will be encountered. This is the main

limitation to the learning of any complex problems by a conventional ANN.

In the literature, the radial basis function approach is also called Radial Basis Function Network
(RBFN) because they have been developed mostly by the ANN research community. An RBFN
can be treated as a two layer feed-forward ANN (See Figure 1.4) [32]. Since the first report of an
RBF network for predicting the nonlinear quadratic map equation in 1988 [32], publications on
theory and applications have increased dramatically. The main reason is that the RBFN partly

avoids the existing problems that the conventional ANN suffers from, such as:
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1.

The RBF network introduces a field representation and partly gets rid of the topological
structure of the conventional ANN. That is, the final form of the RBFN is equivalent to the
superposition of many local fields. Each field only affects a small local area and its immediate
neighbors (geometric neighbors). If one of these malfunctions, the result will be a hole in the
general manifold, and the tails of its immediate neighbors could help to fill part of the empty

space to reduce the error. In that sense, the RBFN is more robust than the conventional ANN.

The RBEN no longer imitates the firing mechanism of the real neuron. Instead, they directly
simulate the statistical characteristics of the neuron, i.e. the synaptodendritic receptive fields of
the axons. The receptive fields can be experimentally obtained by stimulating a receptor, or a
set of receptors, of an animal (such as the retina), while recording the density of the response
(units firing frequency) from the axons. When parameters of stimuli continuously vary, the
density of the response will follow the changes. The procedure produces the tuning feature of
neurons to their favorite parameter set of stimuli. In the experiment, each member of the
parameter set occupies an independent dimension of input space. The receptive field is, thus,
constructed by plotting the density of neuron responses against the associated parameter set in
the input space [33]. The tuning shape of the receptive field is a multidimensional ‘Gaussian’
or ‘Mexican hat’ like manifold mapping the input (parameters of the stimuli) to its output
(density of neuron responses). Therefore, understanding how to make the RBFN work, how to
train the network step by step, how to realize self-organization and adaptation, may inspire
neural scientists to understand the behavior and organization of real neural networks. The

RBFN may thus serve as a more realistic model for a biological system than the ANN.

As the basis functions are locally supported, any basis function is virtually orthogonal to all
others except for its immediate neighbors. When searching for a global minimum of the merit
function, only one dominant basis function and a few of its immediate neighbors will get
involved. This greatly reduces the search space and dimensions, as well as the risk of being

trapped by local minimums.

The RBFNs offer the possibility of training the network gradually. Due to its special structure,
the entire input space can be partitioned into segments. Each segment will be dominated by the
basis function defined in the corresponding region. Therefore, the RBFN can learn one bit of
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knowledge after the other without the necessity of retraining the entire network. Moreover, by
learning gradually, the RBFN can possibly be used as a structure-adaptive signal processor, in
which the center location and the radius of the basis functions could be updated dynamically,

i.e. as the system under observation changes.

Figure 1.4 The two-layer feed-forward ANN structure for RBFN.

RBFN research is in the preliminary stages. The theory and technology are more premature than
the signal decomposition or modeling methods in the previous sections. It is part of the dissertation
research goal to explore this new territory in modeling signals. The exciting problems associated
with RBFN work will be discussed in the research survey section.
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1.6  Survey of previous research

In the last two decades, signal decomposition methods have grown remarkably both in theory and
in applications. The approaches include the nonparametric time-frequency representation methods,
the parametric spectral estimation methods, and the nonlinear dynamic function approximations
such as Artificial Neural Networks (ANNs) and Radial Basis Functions (RBFs). During the
seventies and eighties, parametric modeling and spectral estimation received a lot of research
attention in many fields, such as communication, signal processing (adaptive filtering, smoothing
or predicting, as well as high resolution spectral estimation), system identification, and time series
analysis. Efforts and achievements made it one of the most productive research areas during that
period. From the middle eighties on, two new research territories began to emerge. One is the
wavelet transform for time frequency analysis and the other is the ANN for function
approximation. Since then, these have been widely explored in most scientific disciplines, and

become part of today’s hottest research areas.

The main focus of this brief survey is to point out what has been done and what remains
unsolved. We home in on the new promising directions by cross-comparison of the features of these

methods.

1.6.1 Research in linear time-frequency representation

Research efforts dealing with the localization of time and frequency characteristics of a signal
are primarily in two directions. One is to develop a better time and frequency resolution estimator,
so that a smaller time window can be used; the other is the development of multiresolution signal
processing methods, such as multiresolution coding and the wavelet transform. The multiresolution
techniques vary the time and frequency scale in different frequency bands, so that signals are

processed with a constant Q factor instead of with constant frequency bandwidth.

The idea of looking at a signal in various scales and analyzing it with various resolutions took
place as early as the beginning of this century. In 1910, Haar published the first complete
orthonormal system of compactly supported functions in his dissertation [34]. Based on the
mathematical principle developed by Heisenberg two decades earlier, Gabor discovered the
limitations of measuring signals in time-frequency phase space in 1946 [35]. He partitioned the

phase space into minimum information cells (units) named ‘logons’. The size of the cell, the
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product of time and frequency resolutions, is bounded below by 1/2, known as the Heisenberg
uncertainty principle. This principle “is at the root of the fundamental principles of communication
[35]".

The development of linear time-frequency signal representation has in fact emerged
independently in many different fields, such as in mathematics [36], engineering [37, 38], and
physics [39, 40]. The name “Ondelettes” (Wavelets) was first introduced in 1982, by the French
geophysicist Morlet when he applied wavelets with unbounded support to seismology data [39].
The numerical success of Morlet’s method prompted Grossmann o make a more detailed study of
the wavelet transform and build up a strong mathematical foundation for the wavelet transform
[40]. Their work initiated unification of the framework of different forms of wavelet transforms

and equivalent methods, under the theory of functional analysis.

In the discrete case, two methods were developed independently in the middle seventies and earty
eighties, in electrical engineering, where subband coding [37, 38] and multiresolution pyramid
decomposition [41] were proposed. Since then, the multiresolution TFR methods have been
successfully applied in many areas of signal processing, such as image processing [42-44], speech
processing [45-47], subband coding and data compression [48], stochastic and nonstationary signal
processing [49, 50], and multirate signal processing [51]. The work done by Smith and Bamwell
on Conjugate Quadrature Filters (CQF) not only avoided aliasing of the band splitting filter but
also provided asymptotically minimal computational complexity (O(n)) [52]. Later, Vetterli and
Vaidyanathan independently developed theories of the multi-rate digital signal processing filters
that generalize Quadrature Mirror Filters (QMF) and CQFs [53, 54]. Both CQFs and QMFs were
proved by Daubechies to be equivalent to the discrete wavelet transforms [55], which established
the connections between wavelet transform theory and the techniques in discrete signal processing.
Daubechies also contributed to the development of the theory for the generalized orthonormal
compactly supported wavelet transform and provided conditions for smoothness and polynomial
representation as well [55, 56].

Unlike the conventional Fourier transform, which suffers from fixed frequency and time
resolutions, the wavelet transform is capable of trading off resolution between frequency and time
domains within different frequency bands. That is, it can zoom-in in a high frequency band to catch

fast "local” events and zoom-out in a low frequency band to observe slow "global" changes.
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However, the wavelet transform is not a high resolution estimator. It has the same resolution
problem as Fourier transform based methods, which are bounded by the uncertainty principle. It
can be shown that the resolution of the Discrete Time Wavelet Series (DTWS), a popular discrete
version of the wavelet transform, is much poorer than the lower bound of 1/2 (see the resolution
study of DTWS in Sections 3.3 and 3.4). The DTWS also requires that the spectrum of the signal

satisfies octave distribution [57], which is an undesirable limitation for many applications.

Meanwhile, there is no publication providing a numerical study of the resolutions for different
forms of the WTs and the other equivalent TFR methods. In particular no comparison exists with

those parametric spectral estimators which have been known to be superior in frequency resolution.

1.6.2 Research in parametric spectral estimation

Parametric time series modeling and power spectral estimation (PSE) are old problems which
can be traced back to the eighteenth century, when Prony applied an exponential model to a set of
data representing pressure and volume relationships of gases in 1795 [58]. An important tuming
point for PSE is marked by the British statistician Yule who, in 1927, introduced a notable
alternative analysis method [59]. His idea was to model a time series with a linear regression
model, in order to find more accurate periodic components in sunspot data. The regression equation
of Yule can be regarded as a prediction of the time series by a linear combination of past samples
of the signal plus a Gaussian noise contribution. The least squares technique was, for the first time,
applied to solve the regression model. The solution is a set of damped sinusoids. Later, Walker
used the same regression method to investigate a damped sinusoidal time series [60]. The general
equations for solving the least squares regression parameters have been named the Yule-Walker

equations in honor of their pioneering research work.

There are many important discoveries and inventions in the research on PSE. For example, there
are the discovery of the Fourier transform pairs made up of the autocorrelation function and the
power spectral density function [61, 62], as well as the discovery of the special structure of the
Yule-Walker equations and the invention of the Levinson recursion algorithm [63]. The prime
motivator for the recent interest in high-resolution spectral estimation has been the work of Burg,

who introduced the theory of maximum entropy into PSE [64].
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For the last two decades, parametric spectrum estimation methods have attracted a lot of interest.
Theory and algorithms have developed rapidly. One of the advantages is the potential for better
frequency resolution than with Fourier based methods, in particular for short data window and high
Signal-to-Noise-Ratio (SNR) conditions [65, 66], which are very important in analyzing time-
varying signals. The AutoRegressive (AR) spectral estimator is popular because accurate AR
parameter estimates can be found by solving a set of linear equations, while for the Moving
Average (MA) and AutoRegressive Moving Average (ARMA) estimators a set of highly nonlinear
equations must be solved. A limitation of the AR spectral estimator is that it can be used only for
either narrowband or broadband signals, but does not perform very well when both are present
simultaneously. Therefore, the AR method is not a multiresolution one per se. The frequency and
time scales in different frequency bands are the same. Another limitation of the AR technique is
that the theory and algorithms for parametric spectral estimators assume a (wide sense) stationary
process. For nonstationary signals this assumption is violated. To overcome the nonstationarity, a
time window is applied. The window should be short enough to ensure pseudo-stationarity of the
input. In a high SNR situation, a short window suffices to estimate the AR parameters. In a low
SNR situation, the window must be long enough to yield acceptable variance of the estimator,
especially for a high order, multi-frequency process. As always, a trade off between the estimation

variance and the inference on nonstationarity is required.

As a result of the stationarity assumption, there has been no study of the time resolution of the
AR-PSE although its frequency resolution properties have been explored extensively [65, 66]. It
becomes essential to understand the time characteristics of PSE when operating in a nonstationary

environment.

1.6.3 Research in ANNs and RBFNs for function approximation

The development of artificial neural networks gained speed during the eighties although they
were first invented in the early sixties. Largely, during the last ten years, different theories and
network structures have been developed. ANNs have been successfully implemented in various
fields including applications in pattern recognition and classification [67-70], speech signal
processing [71-73], image processing [74-79], artificial intelligence [80, 81], radar and sonar
signal processing [82-85], and in nonlinear system identification, modeling and nonlinear control
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[86-91]. Such activity surely marks ANN as one of the fastest growing and productive research

arcas.

The radial basis function network was first proposed as the method of potential functions in
1964 [92, 93]. The description of the method can be found in the book “Pattern Classification and
Scene Analysis” by Duda and Hart [94]. In the later seventies and early eighties, mathematicians
used RBFs for interpolation of multivariate scattering data and for function approximation [95-
97]. The research goals at the time were to find good basis functions as interpolation spline
functions for scattering data, so that one could avoid to sample the unknown process on a grid as
required by most other spline functions. One of the important publications by Powell on RBFs for
function approximation initiated research interest in many scientific fields [6]. His later paper on
the approximation of polynomials with an RBF established the connection between these two
decomposition methods [16]. Soon, Broomhead and Lowe found the connections between RBF
approximation methods and feed-forward neural networks. They successfully implemented the
RBF as a feed-forward neural network model for the “EXOR” (classification) and chaotic time
series estimation problems (prediction of the trajectory of the quadratic map equation) [32]. This
implementation quickly caught the attention of the neural network society. Since then, publications
in both theory and applications have increased explosively. The main reason is that the RBFNs
may be capable of solving the problems that conventional ANNS suffer from.

The research history for RBFNSs is much shorter than for the conventional ANN. There are many
problems in constructing an RBFN. The main problem is the lack of an efficient and effective way
to select the parameters of the basis functions. There are more free parameters in an RBFN than in
a conventional ANN. These free parameters are the number of the basis functions and their center
locations, the dilation in different directions, and the weighting coefficients. Among these
parameters, the most important one is the number of basis functions to use for any given dynamic
system, together with their center locations. A popular method for selecting center locations is to
use all the input vectors in the training set as the center locations for the basis functions. Since
many input vectors in the training set are close to each other, using their location as the centers for
the basis functions will bring about a lot of redundancy in the network, and cause severe basis
function overlap problems. The result is that just as for the conventional ANN, the network hardly
converges because of the local minimums. A technique proposed by Chen et al. applies the
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Orthogonal Least Squares algorithm (OLS) to determine which input vector is suited to be a center
location [98]. After exhaustive recursion, the final set of the optimal number and locations of
centers for the RBFN is determined from the set of input vectors. This procedure is
computationally intensive, especially when the number of members in the training set is large.
There is almost no possibility t0 update the existing network later. As for the conventional ANN,
the RBFN has 10 be retrained each time some new knowledge needs to be incorporated. Vector
quantization has reportedly also been used to partition the input vector space and then the center
locations of basis functions were determined by the center of gravity of each partition. This method
has the same problems as the OLS, in that it is computationally intensive and lacks adaptation
capability. In addition, partitioning of the input vectors without consideration of the output is
unreasonable for many applications, where the dynamic manifold can have both ‘flat’ surfaces and

sharp edges.

1.7  Objectives of this effort

Localization is the main focus for this dissertation research. The characteristics of a
nonstationary or nonlinear signal are decomposed onto a set of basis functions, either in the phase
space composed by time-frequency coordinates as Gabor proposed, or in the phase space spanned
by a set of derivatives of different degree (or time delayed observations for a difference equation)
as defined in physics. The latter is also equivalent to the state space in linear and nonlinear system
theory.

Localization in time and frequency of a signal is of interest in, for example, filtering, detection,
and enhancement; it also facilitates reduction of signal information for the purpose of transmission
or storage. As mentioned in the previous section, over the last several decades, many researchers
have worked on finding improvements in the theory and technology for signal analysis and
synthesis, especially under time-varying conditions. To track the changes in a signal, a sliding
window is usually applied to the time series, based on the assumption that the signal properties are
nearly constant during this window period. A better method is thought to produce better time and

frequency resolution.
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Research efforts dealing with the localization of time and frequency characteristics of a signal
are primarily in two directions. One is to develop a better time and frequency resolution estimator,
so that a smaller time window can be used; the other is the development of multiresolution signal

processing methods, such as multiresolution coding and the wavelet transform.

Frequency resolution is known to be inversely proportional to the length of the time window
used, i.e. a short time window results in poor frequency resolution and vice versa. The Heisenberg
uncertainty principle gives a lower bound for the product of the time and frequency resolutions,
known as the resolution cell size. Wavelet transforms are important since they can trade off the
time and frequency resolutions in different frequency bands. Their resolution cell size, however,
remains the same as for other Fourier transform based methods. For short records at higher signal-
to-noise ratios, the model-based parametric methods have better frequency resolution than those
that are Fourier transform based. Still, they rely on an assumption of stationarity or wide sense
stationarity, and their time characteristics have remained unknown. The parametric methods are

not multiresolution methods either.

To use the superior frequency estimation characteristics of parametric estimation techniques, and
also have the flexibility of changing the resolution scale in time-frequency space, the
Multiresolution Parametric Spectral Estimator (MPSE) is proposed. It is a hybrid of a parametric
spectral estimator and a multiresolution signal processor. Meanwhile, the time characteristics of
the parametric spectral estimators are studied in order to derive their time resolution. The
resolutions of the conventional parametric methods and the proposed MPSE will be compared with
Fourier transform-based nonparametric methods, such as wavelet transforms, especially those for
which the lower bound is given by the uncertainty principle. It is also important to know whether or
not this bound can be exceeded. If it can, then what are the conditions, and is there any trade-off
involved. Finding applications for MPSE is another important part of the research.

In the past, most research efforts concentrated on developing the theory and technology for linear
systems and models. The main reason is that in a linear system the local properties reflect its global
properties, so that there are general methods to systematically solve a linear problem, and there are
universal laws which can be used for analyzing and modeling the behavior of the system. However,
the theory and techniques for nonlinear systems were neglected by most of the scientific and
engineering society because of the lack of general applicability. To use the linear model and
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technology in a nonlinear environment, researchers have studied how to model a nonlinear system
as a piecewise linear system, or a linear time-varying system. However, these kinds of
approximation can make a simple nonlinear problem become too complicated. With the increase in
computational power, it is time for researchers to find a more general mathematical representation
which can fit both the linear and nonlinear model.

RBFs have shown promise in constructing an unknown dynamic manifold, from a local one to a
global one. However, RBF research is still in a very early stage, and the theory and techniques are
immature, as discussed in the survey. There are more free parameters in an RBF network than in
other modeling methods and, in particular, there is no good method to determine the number of
basis functions and their center locations. The other challenge for RBF realization is an adaptive
learning or self-organization feature. Instead of training the RBF network with all of the
observations simultaneously, we like the network to learn gradually, i.e. its knowledge accumulates

and refreshes during operation without the necessity to retrain from scratch.

Therefore, part of this research is to seek possible effective ways to determine the center location
of the RBFs. The performance of the RBFN in modeling both linear and nonlinear dynamic
processes (deterministic or stochastic processes) will be compared with those of linear parametric
methods. Itis important for us to understand the benefits and costs for both the nonlinear modeling
method and the piecewise linear modeling method. Adaptive learning and knowledge accumulation
is also a partial goal for this research. The purpose here is t0 design experiments which can
demonstrate the idea of adaptive learning, and to explore the issue in order to understand what

difficulties may be encountered in future research.

The dissertation is composed of two parts, the first, or main part is to present the Multiresolution
Parametric Spectral Estimator (MPSE) decomposition method and its applications, as well as to
study the time and frequency resolutions of different signal decomposition methods. There are five
chapters in this part. Chapter 2 provides the overview of the MPSE and technical issues regarding
the design of the MPSE. Chapter 3 focuses on the resolution of MPSE. The theoretical and
experimental results are then compared with those for Fourier transform based methods. The
generality of the lower bound on resolution cell size given by the Heisenberg uncertainty principle
is discussed as well. Three applications of MPSE are proposed in the next three consecutive
chapters. The first application is to use the MPSE for optimal Wiener filter parameter adaptation
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(Chapter 4). The second one is the time-frequency analysis of the EEG signals using MPSE
(Chapter 5). The third application is optima! wavelet design via MPSE (Chapter 6).

The second part of the dissertation is to develop the technique for the Radial Basis Function
(RBF) decomposition method. An equal distance sample rule is developed for constructing the RBF
in Section 7.2. Experiments are presented in Section 7.3 and 7.4 for modeling deterministic chaos
as well as stochastic processes, be it linear or nonlinear. Meanwhile, Section 7.5 initiates the idea

of structure adaptation, selflearning, and knowledge accumulation for RBF neural networks.

The author feels that the most exciting aspect of this dissertation research is that the newly
developed methods open new avenues towards overcoming difficulties in the processing of
nonstationary signals. Although these methods may be still immature in different respects, they all
have great potential in future research in theory, technique, and applications. The research work is
concluded in Chapter 8. Some future research directions are listed in this chapter and serve as

minnows for catching a whale.
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2. MULTIRESOLUTION PARAMETRIC SPECTRAL
ESTIMATION (MPSE)

Multiresolution techniques were initially developed for subband coding and multiresolution
signal processing [37, 52]. The main idea is to split the entire signal frequency band into multiple
subbands with a series of filtering and resampling processes. The method has been successfully
implemented in speech compression and image pyramid coding, and is equivalent to the discrete
time wavelet series (DTWS), a discrete form of the wavelet transform [55, 42]. Multiresolution
signal processing is concemed with the issues of signal decomposition and signal reconstruction.
The Muliiresolution Parametric Spectral Estimation (MPSE) algorithm is developed based on
multiresolution signal decomposition.

2.1 Overview of MPSE

Like the discrete wavelet transform, the MPSE method divides the signal frequency band into
multiple octave bands. In addition to the band-splitting, MPSE uses an AR spectral estimator in
each octave band to estimate the spectral shape of the signal components, such that both the energy
of the signal components and their spectral shapes (via the AR parameters) are preserved in this
decomposition process [99, 100].

The MPSE process starts by splitting the signal frequency band into the lower halfband and the
upper halfband using a lowpass filter and a highpass filter. The output of the highpass filter is
forwarded to an AR spectral estimator with a sliding window, such as the Burg algorithm [64] or
the Windowed Recursive Least Squares Algorithm (WRLS) [101]. The result is the first octave
band spectrum. The output of the lowpass filter is decimated by a factor of two, and sent to the
next processing block. Analogous to the first stage, the second processing block consists of
highpass and lowpass filters, which filter the decimated signal from the first stage into another set
of lower and upper halfbands. The output of the highpass filter is used to estimate the second
octave band spectrum, while the output of the lowpass filter is decimated and sent to the
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subsequent stage. The processor recursively divides the entire frequency band from high to low
frequency into multiple octave bands (Figure 2.1). This "splitting" process reaches its end when
one of two conditions is met. The first condition is whether or not the output of the lowpass filter
contains only a low order simple spectrum. This condition indicates that the remaining signal can
be modeled well by a low order AR process. The second condition is whether or not the output
energy of the lowpass filter falls below some minimal energy threshold. If so, all the signal
components are accounted for in previous operating stages. After the final stage is thus reached,

the signal has been completely decomposed.
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Figure 2.1 System diagram for MPSE.

In applications, the signal often occupies only a few of the octave bands. Computational savings
result when only subbands with significant signal power are actually used for spectral estimation.
A below-energy-threshold subband signal can be treated as a zero-th order process.

The output rate of each subband signal is different. The first octave band has the highest rate,
equal to the sample rate of the original signal. The second octave band has an output rate one half
that of the first octave band, and its time scale doubles compared with the first octave band. The
composite spectrum plotted in time-frequency space shows a multiresolution time-varying
spectrum with a logarithmic scale between octave frequency bands, and a linear scale within each

octave frequency band. Figure 2.2 provides an example of the phase space for MPSE.
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Figure 2.2 Example of MPSE phase space, where the entire frequency band is split
into four octave bands, F,(®), i =1, 2, 3, 4, with a sampling frequency f;, = 500 Hz.

2.2 Octave band-splitting filter design for MPSE

Although the highpass and lowpass filters are identical in each processing stage for frequency
band-splitting, there is a variety ways of designing the octave band-splitting filters. As filter forms
the band-splitting filters can be characterized as FIR or IIR realizations. From the occupation of
the frequency band the filters can be characterized as symmetric or asymmetric forms. Sometimes
a third auxiliary bandpass filter is introduced to improve the performance of the octave band-
splitting, especially to reduce information loss on the edges of the band-splitting filters. In this
section we will provide the design of symmetric and asymmetric band-splitting filters, as well as of
the auxiliary bandpass filter for edge compensation. The performance of these filters and the IIR

and FIR realizations are compared and discussed here as well.

31



2.2.1 Symmetric band-splitting filter design

One of the important features of the symmetric band-splitting filter is that the poles and zeros of
the highpass and lowpass filters are mirror symmetric about the imaginary axis in the z-plane.
Thus, the parameters of the lowpass filter can be directly transformed from those for the highpass
filter by modulating the parameters with f,/2 or, equivalently, by multiplying the highpass

parameters by (—1)". For instance, for an FIR realization, the filter parameters h(n) of the

highpass filters and /(n) of the lowpass filters, for a filter length L, are related by

I(n)=(=1)"h(n) n=0,1.2,...L-1 @n

In an IIR realization, the parameters of the lowpass filter, b, (n) and g, (n), and those for the

highpass filter, b, (n) and a, (n), are related by

{bL (n)=(=1D"by(n) n=0.1..M (2.2)

a,(m)=(=D"ay(n)

where M is the order of the IIR filters.

It is well known that FIR filters can preserve linear phase or constant group delay
characteristics, while IIR filters do not [102]. When studying MPSE resolution properties, it was
observed that an FIR filter produces better time resolution than an IIR filter, given comparable
magnitude characteristics and frequency resolution. The linear phase property and better time
resolution are important for applications where accurate time localization is required. However, an
IIR filter offers much shorter group delay in most of its passband than an FIR filter. This
particular feature is extremely important for on-line signal detection.

Figure 2.3 provides an example of the simultaneous FIR realization of both of the symmetric
band-splitting filters. From the diagram, one can easily discover the computational advantage of
the symmetric design of the band-splitting filter. That is, the highpass and the lowpass filters can
share the same tap-weight array. The only difference is in the linear summation. The output of the
highpass filter can be computed by summing the tap-weighted incoming signal directly while the
output of the lowpass filter can be obtained by summing the tap-weighted incoming signal with
alternated signs as in (2.1). When FIR filters satisfy the linear phase property, their coefficients are
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symmetric about 0.5L. That is, each incoming signal will be multiplied by the same coefficient
twice during the operation. Another half of the computation can be saved by using a bank of tap-

delay register arrays.

Unlike the filters used in subband coding or the orthonormal discrete wavelet transform, which
require the filter impulse responses to form an orthonormal set [55], the filters used for symmetric
band-splitting only require that their passbands be broad enough to cover the frequency halfband
with a "reasonable" transition band. Here the term "reasonable" reflects the considerations of
trading off between energy leakage and time resolution, as well as group delay. The detriment of a
too broad passband and transition band may cause signal energy to leak from one octave band into
another, and thereby lower the SNR. However, the high frequency resolution characteristics of AR-
PSE will greatly reduce such interference, especially when the energy leakage from an adjacent
band is not significant. It is important to keep in mind that the closer these filters are to ideal filters,
the longer their impulse response length. A longer impulse response length causes poorer time

resolution as well as a larger group delay relative to shorter impulse response length.

x(n)

(_1 )L—l

Lowpass output ~ *2(n)
—l

highpass output X (1)

Figure 2.3 FIR realization of octave band-splitting filters specifications.
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2.2.2 Asymmetric band-splitting filter design

In subband coding, if the Quadrature Mirror Filters (QMF) satisfy certain conditions, the
magnitude distortion and aliasing caused by the band-splitting can be canceled out later in the
composition process [54]. The combined decomposition and composition operations can be a
lossless process. Since MPSE is a spectral estimator, the magnitude distortion and aliasing will
affect the representation of the signal in terms of frequency components. Therefore the design of
the band-splitting filter requires minimization of the distortion caused by the filtering operation.
The distortion caused by the characteristics of the passbands and stopbands of the band-splitting
filters can be easily controlled, while the signal energy leakage and distortion at the edges of the

octave bands are hard to overcome.

The advantage of the symmetric band-splitting filter design is the associated computational
simplicity, while the disadvantage of this design is the unavoidable signal loss at the edges of the
band-splitting filters. To prevent aliasing, the passbands of the highpass and lowpass filters do not
overlap. There is always a gap between two octave bands, so that the signal frequency components
located in or moving across that gap will be seriously attenuated by the roll-off of the band-
splitting filters. This edge signal loss can not be reduced by increasing the order or the length of the
filters, to make them closer to the ideal filter shapes. Instead, increasing the order or the length of
the filter will increase its transient and the group delay, which brings about extra loss caused by
poor time resolution. Especially when signal components are moving from one octave band to
another, the long transient of high order IIR or long FIR filters will severely attenuate signal power

in the edge area.

To prevent edge signal loss in the band-splitting operation, we introduce the design of
asymmetric band-splitting filters (see Figure 2.4). The idea of the asymmetric filter design is to
make the passbands of the highpass and lowpass filters overlap. That is, the cutoff frequency of the
highpass filter f,,, is designed to be lower than that of the lowpass filter f,,,, . Since the output of
the lowpass filter will be decimated later, its highest cutoff frequency is required to fall below 0.25
(fraction of sample frequency) to prevent aliasing. The difference between the two cutoff
frequencies, Af = f,,,, — [y » is the frequency band shared by both filters. This overlap area helps
to reduce the signal loss caused by the filter’s edge attenuation and the filter transient when the

signal component is moving from one octave band to another. That is, the overlap in the frequency
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bands provides a buffer zone that gives extra time for the filter to warm up. Although the highpass
filter will occupy more of the low frequency band than the symmetric design, the spectral estimator
after the highpass filter will only estimate the frequency components from f,,, t0 f, (Figure 2.4),

where f4, = (fiw + fie)/2 and fy =2f,,,. , except in the first and last of the frequency bands.

The first octave band covers from f,,,, t0 0.5, and the last octave band covers from Oto f,,.

highpass filter cutoff
frequency £ ‘\ /_ lowpass filter cutoff

A frequency f,,

highpass filter

0 ; ‘ : f
low frequency band \ : 0.25 high frequency band : :
f— . —>

Figure 2.4 Asymmetric band-splitting filter design specifications.

Two experiments are designed to test and compare the performance of the symmetric and
asymmetric band-splitting filters. In the symmetric design, the cutoff frequency for the highpass
filter is 0.26 (fraction of sample frequency). In the asymmetric design, the cutoff frequencies for
the highpass and lowpass filters are chosen as f,,, =02 and f,, =024 for both experiments.

The related f,,

ge

=022 and f, =044. Both the symmetric and asymmetric filters are of the 6th

order elliptic IR form. Figure 2.5 a-f shows the pole-zero plots and the frequency characteristics
of symmetric band-splitting filters, and Figure 2.6 a-f provides the same information for the
asymmetric band-splitting filter.
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Figure 2.5 Frequency characteristics for symmetric band-splitting filters
(2.5a,b,c in the first column, and 2.5d,e,f in the second column).

36



1.5
1 9
0.5
N
@ 0
o
-0.5
-1
-1.5
-2 -1 0 1 2
Im(z)
0
-20
@
©
£ -40
T -60
-80
0 01 02 03 04
fraction of sample frequency
- 05 ............................................
B
= (0] “CCRE (EREERE (N1 B U0 POUOr DR
T
2
< —0.5F e NE
0 0.1 0.2 0.3 0.

Pole/Zero diagram

fraction of sample frequency

Pole/Zero diagram

-2 -1 0 1 2

0 0.1 02 03 04
fraction of sample frequency

08 AN J
z
f 0 .........................................
2
<_0_5 NG

0 0.1 02 03 04
fraction of sample frequency

Figure 2.6 Frequency characteristics for asymmetric band-splitting filters
(2.6a,b,c in the first column, and 2.6d,e,f in the second column).
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The test signal in the first experiment is composed of two chirp signals. The central frequency of
these two signal components changes in an opposite direction, one varies from low to high
frequency and the other changes from high to low frequency (Figure 2.7a). In Figure 2.7a, the
bending of the frequency traces at the boundaries between the first and the second octave bands;
and between the second and third octave bands is the result of decimation and frequency rescaling.
Since the sub-sampling frequencies in the last two octave bands, the third and the fourth, are the
same, there is no bending of the frequency trace between them. Figure 2.7b,c provides the MPSE
estimates based on symmetric and asymmetric band-splitting filters respectively. From the
graphics, one can easily see that there are frequency gaps between each octave band in the
symmetric filter design, while the asymmetric band-splitting filters have overcome this problem.
However, there is a visible frequency banding between the last two octave bands which is caused
by the nonlinear phase characteristics of the IIR filters. The group delay of the nonlinear phase IIR
filter is not constant, especially at the edges of its passband, where the group delay is larger than in
the middle of the passband. This frequency bending can be corrected after knowing the phase
characteristics of the IIR filters, or can be avoided by using FIR filter designs.

time (in seconds)
n
N n

T T

-
o
T

frequency octave bands

Figure 2.7a Two chirp signals used for testing symmetric and asymmetric filters.
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Figure 2.7b,c Performance of the symmetric (top) and asymmetric (bottom) band-splitting filters.
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The test signal in the second experiment consists of two FM signals modulated by sinusoids
(Figure 2.8a). The carrier frequencies are chosen such that one is located at the edge between the
first and second octave bands while the other is located at the boundary of the third and fourth
octave bands. Since the signal energies are concentrated in the boundary area, the symmetric band-
splitting filters suffer significant signal information loss (Figure 2.8b). The asymmetric band-
splitting filters avoid such edge information loss (Figure 2.8¢) and provide excellent estimates of

the test signal.
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Figure 2.8a Two FM signals used for testing symmetric and asymmetric filters.
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Figure 2.8b,c Performance of the symmetric (top) and asymmetric (bottom) band-splitting filters.
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2.2.3 Auxiliary band-splitting filter design

Designing symmetric band-splitting filters gives the advantage of computational simplicity, while
the use of asymmetric band-splitting filters largely overcomes the energy leakage at the boundaries
of the octave bands. However, to prevent aliasing and to minimize the bandwidths of the filters
without making gaps between the octave bands, these two kinds of band-splitting filters are
designed to have as small a transition band as possible. That is, the frequency responses of the
filters are close to the ideal filter, and thus they are filters of relatively high order (or long length).
In Sections 3.3 and 3.4 we will see that the time resolution and the resolution cell size of such high
order filters are usually poorer than for low order ones. When the time resolution and the resolution
cell size of the band-splitting filter is the main concem, an auxiliary bandpass filter can be used to

reduce the requirement on the transition bands.

The auxiliary bandpass filter is placed between the highpass and lowpass band-splitting filters.
In each of the band-splitting stages the signal is filtered into three frequency bands. Instead of
making the cutoff frequencies of the highpass and lowpass filters, in the two band design, as nearly
the same as possible, the auxiliary band-splitting filter design allows a large gap between the main
band-splitting filters. Therefore, the transition bands of the highpass and lowpass filters can be
broader than those in the two band design. The large gap is then occupied by the third, or auxiliary,
bandpass filter with a slow rolloff in its transition bands as well. The slow rolloff or broad
transition band provides the possibility of using lower order, or shorter length, band-splitting
filters, which results in better resolutions. Figure 2.9 shows the specifications for an auxiliary
band-splitting filter design. Since there is a large overlap in the boundary areas, the signal energy
loss in the auxiliary band-splitting filter design is less than with the asymmetric design. Another
advantage of the auxiliary band-splitting filter design is the improvement in signal-to-noise ratio
within every frequency band; since the bandwidths of the band-splitting filters are narrower than in
two band designs, the spectral estimators can be focused on a smaller frequency region. On the
other hand, these improvements are paid for by an almost doubling of the computations in
performing the MPSE, since a middle frequency band is introduced in every band-splitting stage,

requiring extra filtering and spectral estimation.

In the auxiliary band-splitting filter design, the outputs of the high and middle band are
forwarded to AR spectral estimators, and the output of the lowpass filter is forwarded to the next
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band-splitting stage. Except in the first octave band, the spectral estimator of the highpass filter
analyzes the frequency region from fp, to 2f;, where the lower bound fy, = (f,4 + f.u,)/2 and the
upper bound is rescaled from the upper bound, f; = (f, + f,.)/2), of the lowpass filter in the
last band-splitting operation (see Figure 2.9). The spectral estimator of the auxiliary filter analyzes
the frequency band from fp; to fi; (see Figure 2.9). The frequency band of the AR estimator for the
highpass filter of the first octave band is from fj, to 0.5 (as a fraction of the sampling frequency),
and the frequency band of the AR estimator for the lowpass filter in the last octave band is from 0
to fp1- Since the cutoff frequencies of the main band-splitting filters, highpass and lowpass, do not
overlap, they can be designed to be symmetric, which leads to identical filter coefficients with
alternating signs. Such a design can reduce the computational load.

auxiliary filter
rolloff

? fom1 fo fan fome

0 fn 025  fp 0.5

Figure 2.9 Auxiliary band-splitting filter design specifications.

To compare the resolution characteristics of the three band-splitting filter designs, the resolutions
of these filters are evaluated. The computational details for these resolutions will be discussed in
Section 3.1. The parameters of the symmetric and asymmetric band-splitting filters are the same as
those used in Section 2.2.2. They are all 6th order elliptic IIR filters. In the auxiliary band-splitting
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filter design, the cutoff frequency of the highpass filter is 0.3 (as a fraction of the sampling
frequency); the cutoff frequency of the low pass filter is 0.2; the cutoff frequencies of the auxiliary
filter are 0.18 and 0.32. The highpass and lowpass band-splitting filters are now fourth order
elliptic IIR filters while the auxiliary bandpass filter is a sixth order elliptic IIR filter. Figure 2.10
provides pole/zero plots and frequency characteristics for these filters. The results of the evaluation
of the resolutions for the three band-splitting filter designs are given in Table 2.1.

Table 2.1 Resolutions of three different designs of band-splitting filters.

Augxiliary band-splitting filter Symmetric design Asymmetric design
design
Resolution Lowpass | Bandpass | Highpass | Lowpass | Highpass | Lowpass | Highpass
At (samples) 6.3721 4.8040 4.8040 11.2019 | 11.2019 | 11.4519 | 11.0866
Af (cycles/sample) | 0.1384 0.3300 0.3300 0.3875 0.3875 0.3583 0.4448
Ac 0.8821 1.5855 1.5855 4.3410 43410 4.1030 49314

The time resolutions and the resolution cell sizes for the symmetric and asymmetric band-
splitting filter design approaches are almost three times as large as for the auxiliary approach. The
frequency resolutions of the main band-splitting filters in all three designs are closely matched. The

auxiliary bandpass filter has the best time resolution, frequency resolution, and resolution cell size
of all the band-splitting filters.
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Figure 2.10a,b Frequency characteristics for main band-splitting filters in auxiliary band-
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2.3 Realization of AR-PSE in MPSE

2.3.1 Overview

Theory and algorithms for AR-PSE assume a (wide sense) stationary process. However, signals
to be processed by MPSE are assumed to have time-varying characteristics. To overcome the
nonstationarity, a time window is applied. The window should be short enough to ensure pseudo-
stationarity of the input. In a high SNR situation, a short window suffices to estimate the AR
parameters. In a low SNR situation, the window must be long enough to yield acceptable variance
of the estimator. As always, a trade off between estimation variance and nonstationarity inference
is required.

There are two basic approaches to AR-PSE. One is the block estimation approach, such as in the
Burg and Covariance algorithms. The incoming data are divided into individual blocks of length
N.. The parameters are estimated according to information within each block, and typically vary
from one block to another. The output rate of the estimator is one N,-th of its input rate, if the
blocks are non-overlapping. To observe a continuous change in the spectrum, spectral estimation
can alternatively be approached recursively, such as in the Recursive Least Squares (RLS)
algorithm, where a sliding window is applied to the incoming data. The advantage of a block
algorithm is the flexibility of selecting different time windows to improve performance in a
nonstationary environment. However, block algorithms usually require more computation and
storage space than recursive algorithms. The computational complexity of a block algorithm is

O(NZ). The recursive algorithm can update its parameter estimates more efficiently. Its
computational complexity is O(p?), where p is the AR model order (p <<N,). However, the

recursive algorithm has a limitation working in a nonstationary environment, in that it can only
apply an exponential window to the time series, controlled by the forgetting factor, which not only
has an infinitely long tail but also penalizes near present data too much (see Figure 2.11a,b). To
keep the computational simplicity of RLS, and improve its window function, we use a Windowed
Recursive Least Squares (WRLS) algorithm for MPSE. WRLS applies an additional rectangular
window to the exponential window to "forget" past data completely (see Figure 2.11). The

computational complexity for WRLS is still O(p?).

47



penalizes near
present data too
much

S RLS window

window function

long tail

—
0 n
time (in iterations)
A A<l
© (=N, +1)<i<n
g WRLS window
]
E J‘/ function
g
>
0 n-N,+1 n

time (in iterations)

Figure 2.11a,b The window functions of RLS (top) and WRLS (bottom).
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The limitations of the exponential window in the RLS have been well known and studied [103].
It is an essential problem for all those algorithms based on RLS with the exponential forgetting
coefficient as the only way of handling nonstationarity. Therefore, the importance of the newly
developed WRLS algorithm is not only for improving the performance of MPSE but also for the
general purposes of nonstationary adaptive filtering, time-varying system identification, and
nonstationary signal spectral estimation. Since the RLS algorithm is the basic core for many fast
adaptive filtering algorithms [104] and system identification algorithms [105], as well as for array
processing algorithms such as the systolic array algorithms [104, 106], there will exist equivalent
algorithms for the WRLS.

The WRLS algorithm was first derived as part of this dissertation research. Later I found the
same approach in the literature [101], but the only publication that I found provides no detail about
the algorithm and its derivation. Thus, in this section a complete derivation is provided. A
summary and a signal flow graph of the algorithm can be found in Table 2.2 and Figure 2.13
respectively. Meanwhile, in this section the performance of the RLS and WRLS algorithms will be
compared under nonstationary conditions; the special issue of how to properly initialize the WRLS
algorithm will also be discussed.

2.3.2 Derivation of the WRLS algorithm

The recursive least squares algorithm provides a systematic method for updating of the adaptive
transversal filter and to estimate the desired signal d(n) based on the least squares criterion. At time
n the desired signal d(n) is estimated by an adaptive transversal filter using a linear combination of
the present observation u(n) and m previous observations u(n-i), i= 1, 2,..., m, as in Figure 2.12.

That is, the estimate y(n) of the desired signal can be represented as:
y(n)=w" (n)yu(n) 2.3)

where the superscript H denotes the Hermitian transpose, u(n) is the observation vector, and w(n)

is the tap-weight vector of the transversal filter at time n, which are defined as

u(i) = [u(@), uGi = 1),...,u — p + ] fori=0,1,2..,n (2.42)
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w(i) = [wo (), Wy (m)s..cowy ()] (2.4b)

The superscript T in above equations denotes the transpose and p is the order or the length of the

transversal filter.

As in Figure 2.11a, the cost function &(n) in the RLS algorithm is minimized over the entire

observation interval, [0, n], weighted by the forgetting coefficient A, 0<A <1, i.e.

n 2
E(m)=Y A"|dG) -y (i) @2.5)

i=0

u(n) 4 u(n-1) u(n—p+2) un—p+1)

Figure 2.12 Transversal filter.

The optimum value of the tap-weight vector, w(n), is thus defined by the normal equations, in

matrix form [104]:
@(n)W(n) =p(n) 2.6)

where ®(n) is the p X p exponentially weighted correlation matrix defined by

D(n) = ik"‘iu(n)u"(n) (2.72)

i=0
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and where p(n) is the p X1 exponentially weighted cross-correlation vector defined by

p(n)= Z A u(m)d” (n) (2.7b)
i=0
The asterisk denotes complex conjugation.

The new WRLS algorithm introduces a rectangular window in addition to the exponential
window of the RLS algorithm. The rectangular window cuts the past information abruptly while
the exponential window is used only to penalize the near present information. The cost function for
the WRLS algorithm is defined by

n 2
Em= Y Ad@)- y(i)| (2.8)

i=n—N,,+1

where N,, is the rectangular window width (see Figure 2.11b), and N, >> p . The optimum value

of the tap-weight vector, w(n), has the same matrix form as in (2.6). Howeyver, the correlation

matrix in (2.6) is redefined by
Q(m)= D A u(@u’ () (2.9a)
i=n=N,+1

and the cross-correlation vector is redefined by

p(ny= ) A u(i)d" (i) (2.9b)
i=n—N,+1
From (2.9a) the correlation matrix ®(n) can be rewritten in terms of ®(n—1) and the new

observation vector u(n), i.e.

n—1

O(m)=1 Y A" u@u” @)~ A"u(n-N,)u” (n-N,)+umu” (n)
i=nN, (2.10)

=A®(n—-1)-A"u(n—- N, u? (n—N,)+u@u(n)
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From (2.9b) the cross-correlation vector p(n) can also be represented in terms of p(n—1) and the

new observation vector u(n) and desired signal d(n), i.e.

n—1
p(my=A Y A u(md* ()= A u(n—N,)d"(n—N,)+u(n)d"(n)
i=n—N,, (2.11)
=Ap(n-1)—-A¥"u(n—N,)d*(n—-N,)+u(n)d" (n)
The derivation of the WRLS algorithm makes use of the matrix inversion lemma which can be

represented as follows [107]:
A=B"' +CDC" (2.12a)
A7 =B-BC(D+CH*BC)'C¥B (2.12b)
First we define the first two terms of (2.10) as the matrix inverse of ¥(a),i.e.
Y (n)=A®(n-1)-A"u(n-N Ju?(n-N,) (2.13)

Since the correlation matrix ©(#—1) and w(n—N w)uH (n—N,,) are positive definite, the p X p

matrix ¥(n) can be solved by letting

A =¥1n)

Bl =A®(n-1)

N (2.14)

C =A2u(n-N,)
D =-1

Then, substituting (2.14) into the matrix inverse lemma of (2.12b), we obtain the inverse of (2.13)

Y(n)=A"!

A2 (n—Du(n—N,Ju" (n=N,)®" (n-1) (2.15)
AN (n-N )@ (n-Du(n-N, ) -1

=20 (n-1)
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For simplicity let
P(n)=®(n) (2.16a)

A TP(n—u(r-N,)
A (n—N,)P(n—Du(n-N,)—1

h(n) = (2.16b)

Thus, (2.15) can be rewritten as:

¥(n)=A"P(n-1)—A"h(n)u? (n-N,,)P(n-1)
(2.17)
= A" [I-h(mu” (n-N,)]P(n~1)

where I is the identity matrix of size p X p . Using (2.10) and (2.13), we have

®(n) =¥ (n)+u(mu? (n) (2.18)
Letting

A =®(n)

B =¥(n)

(2.19)
C=u(n)

D=1

we obtain the inverse of the correlation matrix by applying the matrix inversion lemma to (2.18):

P(n)=0'(n)=A"

" (2.20)
= () LU (¥ ()
u” (n)¥(nu(n)+1
Let
¥(n)u(n)
Km= 2.21
= T P mu(m+1 2.21)

Equation (2.20) can then be rewritten as:
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P(n)=¥(n)-k(n)u? (n)¥(n)

=[1-k(mu® (¥ ()
From (2.21) we have
k(n)[1+u” (n)¥(nyu(n)] = ¥(n)u(n)
Using (2.22), we can rewrite k(#) as follows:

k(n)=¥(n)u(n)-k(n)u? (n)¥(n)u(n)
= [‘P(n)— k(n)u? (n)‘I‘(n)]u(n)

= P(n)u(n)
Equation (2.16b) can be rewritten as:
h(m{A* v (- N,)P(n~Du(n—N,)-1]|=A""P(n-Du(r—N,,)
Using (2.17), h(n) can be reorganized as
h(n)=-A"[A"P(n) - A "h(mu” (n- N,,)P(n-1) ju(n - N,,)
=-A™¥mumn-N,)
Using (2.6) and (2.11), we can estimate the optimal tap-weight vector from

W(n)=®7'(n)p(n)

=P(n)Ap(n—1)=A"u(n-N,)d"(n=N,)+u(md"(n)

=AP(n)p(n—1)—= A¥P(n)u(n—N,)d*(n— N,,)+ P(n)u(n)d" (n)

From (2.22) and (2.17) the first term of (2.26) can be written as;

(2.22)

(2.23)

(2.24)

(2.253)

(2.25b)

(2.26)
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A P(mp(n—1) = [I-k(mu" (m) | [T-h(mu” (n- N,,) [¥(n—1)
=w(n-1)-k(mu” (nyWn-1)—anu? (n- N, )W(n-1) (2.27a)

+k(nu? (Wh(mu? (n-N,)Wn-1)
From (2.22) and (2.25b) the second term of (2.26) can be rewritten as: ‘

—A"™P(mu(n—-N,)d*(n— N, )=-A" [1 - k(n)u”(n)] Y(nu(n—N,)d" (n—N,,)
(2.27b)
= [I-k(myu” (n)]h(md* (n - N,,)

Using (2.24) the last term of (2.26) can be represented as:
P(n)u(n)d*(n)=k(n)d"*(n) (2.27¢)

Substituting  (2.27a), (2.27b), and (2.27c) back into (2.26), we can reorganize (2.26) in the

following form:

W(n)=W(n—1)+k(m)[d" (n)—u” (yW(n—1]+h(m)d" (n-N,,)

(2.28)
—u?(n—-N_)W(n-1)]- k(n)u”(n)h(n)[d*(n -N,)-u(n=N,)W(n-1)]
or
W(n) = W(n-1)+k(n)[d" (n)—u” (W)W (n-1)]
_ (2.29)
+HI-k(mu” ()| h(n) [d*(r-N,,)—u” (1= N, )¥(n—1)]
We define:
o, (n)=d" (n)—u? (NW(r-1)
a,(m)y=d (n—-N,)-u(n-N,)W(n-1)
(2.30)

k;(n)=k(n)

k, (n)=[T-k(m)u" ()| h(n)
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Substituting (2.30) into (2.29), we obtain the following recursive equation for the tap-weight

veCtor:
W(n)=w(n—1)+0,(n)k,(n) + 0, (mk,(n) (2.31)

Figure 2.13 provides the signal flow graph and Table 2.2 provides the summary for the WRLS
algorithm.

u?(n)W(n-1)

L A 0(n) o (mk,(n)
k,(n)

d"(n:

k,(n)

"X o,(n) o, (mk 5 ()

u?(n-N,)Ww(n-1)

Figure 2.13 Signal flow graph of WRLS.

There is logical meaning associated with each of the newly defined variables in (2.30). The
scalar o,(n) is the estimation error generated by using the inner product u? (n)w(n-1) to
estimate the desired signal d(n). Since the estimation uses the old tap-weight vector w(z —1) and
the desired signal d(n) is at the right end of the sliding window, the estimation error ¢, (n) is called
the a priori forward estimation error. The scalar o,(n) is the a priori backward estimation
error, since it is the estimation error produced when estimating the desired signal at d(n—N ) by
using the observation vectors u(i), fori=n—-1,n,--,n—N,_ +1. k,(n) is the forward error

feedback gain vector, and k,(n) is the backward error feedback gain vector.
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Table 2.2 Summary of the WRLS Algorithm.

Initialization
starts from n =0 after padding N,, zeros to the observation at beginning,

P(O)=8""1
u(0)= [u(0),0,-,0] and u()=0,i=-1,-2,---,— N, +1
w(0)= 0

For each instant of time, n=1, 2, 3,--- compute

AYIP(n-Du(n—-N,)

hi(n)=
) AN uf (n—N )P(n—-Du(n-N,)-1

¥(n)=A"P(n—-1)-Ah(mu?(n—N,_)P(n—1)

Y(n)u(n)
1+ u? (n)¥(n)u(n)

k,(n)=

k,(n)=h(n) -k, (n)u” (n)h(n)
P(n)="¥(n)—k,(mu (n)¥(n)

o, (n)y=d"(n)—u? (n)W(n-1)

a,(n)y=d (n=N,)-u?(n—N, ¥ (n-1)
W(n)=Ww(n—1)+k,(n)o,(n)+k,(n)o,(n)
y(n)=Ww" (myu(n)

e(n)=d(n)—y(n)
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The transversal adaptive filter output, the a posteriori estimate y(n), can be computed from
y(n)=w" (n)u(n) (2.32a)
and the a posteriori estimation error e(n) can be computed from

e(n)=d(n)-w" (n)u(n) (2.32b)

2.3.3 Initialization of the WRLS algorithm

The initialization of WRLS is an important step in the algorithm. Unlike for RLS, where the
initialization condition only affects the initial performance of the adaptive filter, the initialization
condition affects the performance of WRLS at all times if it is not started properly. The general
initialization procedure for WRLS is similar to that for RLS. First, pad N,, -1 zeros to the

observation such that u(i)=0, i=-1,~2,---,—N,, +1, and u(0)=[u(0),0,--,0]" , where the 0 is
a px1 zero vector. Then, choose a small number & to build an initial correlation matrix and

initialize the tap-weight vector at time n =0, i.e.
P(0)=56"1I (2.33a)

w(0)= 0 (2.33b)

The special consideration that needs to be taken with WRLS is to choose the initial correlation
matrix ®(0)=351. In the RLS algorithm, if the forgetting coefficient A =1, the effect of the initial
correlation matrix will die out quickly as the power of the correlation matrix @®(zn) accumulates
with iterations. However, the power of the correlation matrix ®(n) in WRLS will not accumulate
with iteration after n> N, . Thus, the initialization matrix §I will remain in the correlation
matrix, which can produce biased estimates. Figure 2.14 provides examples of initialization with
different combinations of & and forgetting coefficient A. The signal is a single sine wave of
amplitude A=1 whose frequency is modulated by a square wave (Figure 2.14a), such that the signal
frequency changes between 25 Hz and 75 Hz, with a period of 200 ms (Figure 2.14b). A real sine
wave can be represented by a complex conjugate pair of poles on the unit circle, with
corresponding AR parameters
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0 0.2 04 0.6 0.8 4] 0.2 04 0.6 0.8 1
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Figure 2.14 (a,b top row) Modulation and Modulated signals; (c-f)
Estimates a,(1), a,(t) (solid lines) & true values a,(t), a,(r) (dotted lines).
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{l, —~19020, 1} for f =25Hz

a,al= 2.34
1%, 4, ) {{1, —11755, 1} forf =75Hz 234

Zero-mean white noise of variance ¢ 2 is added to the sine wave to yield 40 dB SNR, defined as

A? /262 . The time window used in WRLS is 10 sample points. In Figure 2.14c with 8 =1 and
A=1, the model parameter estimates a,(¢)and d,(¢) (solid lines) have a large bias compared with
the true values of the parameters (dotted lines). In Figure 2.14d with & =0.1 and A=1, the estimates
a,(t)and a,(¢) (solid lines) have a smaller bias than in the previous case. In Figure 2.14e with
6=0.0001 and A = 1, the estimation bias is invisible. Figure 2.14f provides an example with & =1
and A = 0.95, where the estimation bias dies out exponentially. Therefore, to prevent estimation

bias from occurring, special care is needed, such as setting the forgetting coefficient A to less than

1 in the initialization period, and/or making & small enough.



2.3.4 Performance of WRLS in a nonstationary environment
The experiment is designed to compare the performance, under noisy conditions, of the WRLS
and conventional RLS algorithms for AR estimation. The signal is the same as that in the

initialization experiment (Figure 2.14a,b). Zero-mean white noise of variance ¢ 2 is added to
the sine wave to yield either 40 or 20 dB SNR, defined as A* /262. The time window

used in WRLS is 10 sample points and the forgetting factor for RLS is 0.5, chosen so that
both have the same transient time (Figure 2.15). The experimental results in Figure 2.16
suggest that WRLS has better noise immunity, for lower SNR conditions, than RLS.

WRLS transient

_3 | 1

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
time (s)
RLS transient

1 1 I 1

—4 1 i 1 i i
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 04 0.45 0.5
time (s)

Figure 2.15a,b Transients of WRLS with ~, =10, =1 (top), and RLS with A =0.5 (bottom).
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) RLS (8 =0.0001, A=0.5, SNR=40 dB)

-3

ey

0.2 04 0.6 0.8 1
time (s)

) WRLS (8 =0.0001, A=0.5, SNR= 40dB)

[y

-3

YT Yy

— —
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Figure 2.16a-d RLS (top) and WRLS (bottom) estimates (solid
lines) and true values of a,(t), a,(¢) (dotted lines).

Magnitude estimation with auxiliary minimum variance spectral estimator

Although the Parametric Spectral Estimator (PSE) is known to yield high frequency resolution,

its signal component amplitude estimation performance is relatively poor. Usually the estimates
exhibit large variance. Since the PSE is based on the all-pole model for the signal, the amplitude of
the signal component is inversely proportional to the distance from the poles of the AR model to
the unit circle. The error in the estimated radius of each pole will be significantly magnified when

62



the poles are close to the unit circle. The closer the pole is to the unit circle, the larger the
magnification is. When the i-th signal frequency component is close to the unit circle, the amplitude

of this frequency component is mainly determined by the dominant pole at this frequency, i.e.

(2.35)

where 7, is the estimated radius of the dominant pole. The sensitivity of the amplitude estimation of

the PSE to an error in 7, can be approximated as

0A; -2
S;=5te(1-n) (2.36)

[

Assuming that 7, =09, we find that S; =100; ie. the error in 7 is magnified 100 times in
estimating the amplitude of the frequency component. Therefore, when the signal components are

sinusoids in background noise, magnitude estimation using PSE will incur large variance.

In many practical cases, the error in the estimated amplitude of the frequency components is not
critical, such as in the situation where the main concern is to detect or track the signal components.
In some applications, the magnitude or the power of the signal components plays an important role.
To improve the amplitude estimation in PSE, an auxiliary amplitude estimator can be used in
conjunction with the parametric spectral estimator; an example is the Minimum Variance Spectral
Estimator (MVSE) [108], which has been successfully used to estimate the signal power from
narrow band filters [109].

The MVSE can be introduced from a simple signal model in which the observed signal is a

complex sinusoid in background noise [66], i.e.

x(n) = Aexp(j2nfyn At + jo)+N(n) n=0,1,--,M—-1 (2.37)

where A is the amplitude of the complex sinusoid, ¢ is the initial phase, and N(») is the background

noise with zero mean and covariance matrix Ry, . Among the parameters in (2.37), the frequency

for the sinusoid is a known parameter, while the amplitude A and the initial phase @ of the sinusoid
are unknown parameters. To simplify the notation, we define the complex amplitude A, as
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A, = Aexp(j) (2.382)
We also define the observation vector x and the normalized sinusoid vector s as

x =[x(0), x(1),---, x(M - 1)}" (2.38b)

s =[1, exp[2nf,At], exp[2nf, 2At),- -+, exp[ 2nf, (M —1)At]" (2.38¢)

It has been proved that the Maximum Likelihood Estimate (MLE) of the complex amplitude has
the following form [66]:

H
. §"R
A ="t (2.39)
S RyyS

This MLE has also been proved to be the Linear Minimum Variance Unbiased (LMVU) estimate
of A,. When the background noise in (2.37) is a white Gaussian process of zero mean and variance

o4, the covariance matrix of the background noise Ry, can be simplified as:
Ry =631 (2.40)

Then (2.39) can be represented as:

M-1
" Zs*(n)x(n)

A =K== (2.41a)

Zs’ (n)s(n)

n=0

An important factor in (2.41a) is that the estimate of A, does not require additional information
about the background noise other than the white noise and zero mean assumptions. Under the white
noise model, the MLE in (2.41a) is also equivalent to the Least Squares estimate. Note that the s(#n)
are samples of a normalized complex sinusoid and that s*(n)s(n)=1, so that (2.41a) can be
simplified as

N 1 M-1

A = ¢ FH N () (2.41b)
n=0



Examining (2.41b), one will recognize the equation for the Discrete Fourier transform of the
data samples at frequency f,. That is, knowing the exact frequency of the signal, the Discrete
Fourier transform yields the ‘best’ estimate of the signal amplitude under the signal model that the
observation consists of a sinusoid in a white noise background. Equation (2.41b) can also be
interpreted as a linear FIR filtering operation with s*(n)/M as filter coefficients. The frequency
response of s(n) is a narrow bandpass filter. The bandwidth is controlled by the data window width
M. Different window functions can be used to help reduce the sidelobe effects. Equation (2.41b)
can be interpreted as a similarity measure as well. It measures the similarity between the

observation and the basis function, the normalized complex sinusoid at the signal frequency.

The MVSE can be used in conjunction with the PSE. The operation consists of two steps. First
the PSE estimates the frequencies of the signal components and then MVSE is used to determine
the complex amplitudes of the signal components. The second step helps to reduce the variance in
estimated signal component amplitudes. To demonstrate this idea, a test signal was designed,
composed of 2 sinusoids with frequencies of 80 Hz and 90 Hz respectively. Both sinusoids are unit
amplitude. White noise is added to yield a 20 dB signal-to-noise ratio. The frequencies of the test
signal were estimated with the RLS-PSE algorithm. The amplitudes of the signal components were
estimated by applying (2.41b) at the estimated frequencies with a Hamming window of 100
samples. Figure 2.17 provides the experimental results. The WRLS algorithm produces high
resolution with a small variation in frequency (Figure2.17a), but its magnitude estimates show
relatively large variance (Figure 2.17b). The amplitudes estimated by the auxiliary MVSE are all
equal to unity, without visible variations (Figure 2.17c). This example indicates that the auxiliary
magnitude estimator can help to improve the performance of the PSE.
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However, the MVSE in (2.39) or (2.41b) is derived based on the assumption that the signal and
the background noise are stationary or time-invariant. When the signal is time-varying, the
estimator in (2.41b) can bring about serious distortion. Good amplitude estimation by MVSE
requires a relatively large time window (large M) to produce a narrow bandpass filter and to reduce
the sidelobe energy leakage. Since the MVSE is time-invariant, it can not follow the changes in the
signal frequency. When the signal component moves in and out of the passband of the MVSE
filter, the estimated magnitude will be modulated. Figure 2.18 provides a time-varying example.
The signal used is a Frequency Modulated (FM) signal which is modulated by a 2 Hz sinusoid on a
unit amplitude 80 Hz carrier with a modulation depth of +5Hz (dotted line in Figure 2.18a). After
addition of white noise, the SNR of the FM signal is 20dB. The time varying frequency of the
signal is tracked by the WRLS algorithm. The estimated frequency (solid line in Figure 2.18a)
shows a close match with the original, while the estimated amplitude from WRLS reveals a large
variation (solid line in Figure 2.18b). Using (2.41b) the time-invariant MVSE with a 40 sample
Hamming window can not follow the changes in signal frequency, so that its amplitude estimate is
modulated by the frequency changes (dotted line in Figure 2.18b). The variations in both estimates
in Figure 2.18b are of the same order of magnitude. This example indicates that the conventional
time-invariant MVSE can not perform well in a nonstationary environment.

The reason that the time-invariant MVSE can not work well in a nonstationary environment is
that the frequency of the basis function, fp in s(n) =e’*™™, is time-invariant. Since (2.41b)
provides a similarity measure between the observation and the basis function, the similarity
between a fixed frequency basis function and the time-varying signal varies depending on the time-
averaged result. Therefore a statistically consistent decomposition requires that the frequency of

the basis function has the same time-varying pattern as the signal component, i.e.
s(6) = exp(JO (1)) (242)

where the time-varying phase of the normalized complex sinusoid is defined by

0(r) = [ 2nf, (x)dv (2.43a)
0
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Or the instantaneous frequency of the basis function is defined by

1 ao()
2R dt

= fo® (2.43b)

where f,(t) is the time-varying frequency of the signal component, which can be estimated by
using PSE or, in our design, by using MPSE.

The continuous form of (2.42) and (2.43) can be easily modified into discrete form by
substituting for the time s(¢) with s(nAt) (simply written as s(n)) and replacing the integration

with summation. That is,

$(n) = exp(jO(n)) (2.44a)

fo (k)

2.44b
3 (2.44b)

6(m)=Y 2n
k=0
where f; is the sampling frequency. The time-invariant MVSE in (2.41b) can thus be modified to a
time-varying MVSE in the following form (assuming M is even):

. M-l
A (n= % Y e Px(n—M/2) 245)

k=0

Equation (2.45) is still a representation of an FIR filtering operation, but with the time-varying

coefficients s*(n)= e ®™ . The passband of the time-varying MVSE follows the changes in the
signal component to be decomposed. To demonstrate the performance of the time-varying MVSE
in conjunction with WRLS, we applied (2.45) to the signal in Figure 2.18a. The frequency of the
signal used is the estimate from WRLS shown as the dotted line in Figure 2.18a. The amplitude
estimate from the time-varying MVSE is provided as the dotted line in Figure 2.18c¢, while the solid
line is the original amplitude estimate from the time-invariant MVSE and WRLS. Comparing the
time-varying and time-invariant amplitude estimates (dotted lines in Figure 2-18b,c, the time-
varying MVSE yields a better estimate than its time-invariant version, in spite of the estimation

errorin f,(¢) used for constructing the basis function s*(n) =e ™
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2.5 Some MPSE realization issues

A peculiar issue in the MPSE implementation is the selection of the time window width for the
AR-PSE. There are two major considerations here. The first consideration is the trade-off between
time resolution and frequency resolution. A long time window offers good frequency localization
and frequency resolution, but results in poor time localization and time resolution, and vice versa.
The other consideration is the trade-off between the statistical consistency of the estimates and the
stationarity of the signal. A more consistent estimate requires more data, especially in a noisy
environment. However, a long window will smooth out all the time-varying information within the
window. One of the advantages of MPSE is that the time windows in different frequency bands can
be selected independently. That is, a long time window can be applied to a noisy frequency band,
while a short window can be used in a subband where the signal is strongly nonstationary.
Therefore, the designer has to balance resolution and statistical consistency according to the
resolution requirements and signal conditions of the application at hand. This issue will be

discussed further in the next section.

The AR-PSE estimates are sensitive to the initial phase of a signal consisting of sinusoids [110,
66]. In computer simulations to detect the time-varying spectrum of an FM signal, it was observed
that the modulation frequency estimates exhibited large variations correlated with the position of
the sliding window. That is, the estimated frequency had a sinusoid-like bias as a function of the
initial phase of the carrier frequency. When the time window slides along the data record, the bias
varies with the change of initial phase. These variations can be as much as 16% of 1/(N_T,)
[111]. However, the modified covariance AR-PSE method is known to be less sensitive than most
other AR-PSE algorithms [112]. The spectrum of the estimated modulation frequency variations in
our computer experiment shows that its power is concentrated around the carrier frequency, which
is usually much higher than the modulation frequency. Thus, the variations can be removed by a
post-smoothing filter, such as an FIR filter or a simple boxcar moving average filter. In the next
section, a 40 point FIR lowpass filter with cutoff at f = 0.2 cycles/sample is used in all the
resolution studies of MPSE. In the later computer simulations, all the MPSE results involve boxcar
moving average smoothing filters of half the lengths of the sliding windows.
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3. MPSE RESOLUTION ANALYSIS

One of the important characteristics of a signal processor is its resolution in time-frequency
space, which measures how close two signal components can be located in the phase space so that
the processor can still produce the time and the frequency of each individual component. Basically
there are three resolution measures, i.e. the time (space) resolution, the frequency resolution, and

the product of the time and frequency resolution called the resolution cell size.

Frequency resolution is known to be inversely proportional to the length of the time window
used, i.e. a short time window results in poor frequency resolution and vice versa. The product of
the time and frequency resolution, the resolution cell size, of a signal processor is bounded below
by 1/2, known as the Heisenberg uncertainty principle, "which is at the root of the fundamental
principles of communication [35]."

In this chapter, the resolutions of the MPSE are analyzed in detail. The results are compared
with the fixed resolution AutoRegressive Parametric Spectral Estimators (AR-PSE) and with the
Fourier transform based methods. Both the analytical and experimental resulis show that, in many
situations, the MPSE resolves at higher resolution than the conventional fixed resolution AR-PSE
and the Fourier transform based methods. MPSE can even break the resolution lower bound of the
Heisenberg uncertainty principle. The explanations are provided in Section 3.5, in terms of trading

off between the different resolutions and the proper use of a priori knowledge.

3.1 Computation of the resolutions in time-frequency space

The computation of time and frequency resolution requires integration [35]. To numerically
compute these resolutions, we replace integrations with summations in the original definitions. The
time resolution is defined as the effective (r.m.s.) duration or window width of an operator in the
time domain. This is a measure of how close two signal components can be spaced in time, and still
be correctly separated in time by the operator. For an operator with a time representation h(n),
such as the unit pulse response of a filter or the window function of a spectral estimator, the
normmalized time resolution An is then defined by:
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N-1
2 (n=m) h*(n)
An= |2 2=l (in samples) (3.1a)

N-1
D hm)
n=0

where 7 is the normalized center of A(n). If the unit pulse response 4(n) has a finite length N, the

nomalized center 7 is defined as

N-1
Y nh*(n)
=20 —— (in samples) (3.1b)
PN AO
n=0

For non-finite length A(n), N is selected as the smallest time # such that |A(n)l<d =0 for all
n2 N . When the sample period is T, the center and the time resolution of A(n) can be written as

follows:

t=nT, (in seconds) (3.1¢0)

At =AnT, (in seconds) G.1d)

The frequency resolution proposed by Gabor [35] is the effective (r.m.s.) bandwidth of an
operator in the frequency domain. In our study, we propose the frequency resolution to be the
minimum frequency separation, of two equi-amplitude sinusoids embedded in white noise, for
which the two sinusoids can be discemed. The difference between the latter definition and Gabor's
definition for a windowed Fourier transform is that Gabor's frequency resolution is computed over
the entire frequency range while for our definition the computation is over the mainlobe of the

spectral window function only.

Let H(f,) be the Fourier transform of h(n). The nommalized frequency resolution A_f,,- is
defined by
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’12 —
> (f - FHG
Af, = [2n =2 - (in cycles/sample) (3.2a)
S HC

n=n,

where n, and n, are the limits of summation, and f—,l is the normalized center frequency of

H(f,) defined by

G
fn — n=n

e

LAk

n=n

(in cycles/sample) (3.2b)

When the sampling frequency is f, =1/T,, the frequency resolution Af and its center f, can be

written as follows:

N =K f, (in Hz) (3.2c)

fo=1ats (in Hz) (3.2d)

In computing the frequency resolution, zero padding will smooth the spectrum H(f,), and
reduce the numerical error caused by replacing integration with summation.

The resolution cell size in time-frequency space, Ac, is defined as the product of the time

resolution At and the frequency resolution Af ,i.e.

Ac = At Af

— AnEF (3.3)

Note that he resolution cell size Ac is not a function of the sampling frequency.
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3.2  Frequency resolution

In MPSE the frequency resolution is equal to the frequency resolution of the spectral estimator,
which for an AR spectral estimator is approximately [65]

— 1.03

A ap o3 B4

~ pm(p+1)]

for pn >10, where p is the order of the AR estimator, and 7 is the SNR of one sinusoid.

For Windowed Fourier Transform (WFT) based methods, the frequency resolution is the
effective frequency bandwidth computed over the mainlobe of H(f,), instead of being computed
over [-05f,,05f,] as for Gabor's definition. Table 3.1 gives some examples of the frequency
resolution of the WFT, in which Af,; denotes Gabor's frequency resolution, and Af,,, denotes

the mainlobe-based frequency resolution. Among all the given resolutions, the rectangular window

has the best Af,;, . while Af,,, for the Gaussian window is the worst. Comparing Afg; with
Af s » We note that they are approximately equal, unless the spectral window sidelobes are very
large, in which case Afgp >> Afy,p. It is also shown in Table 3.1 that Af,,; is inversely

proportional to the window width Ny, , a relationship that holds for different Ny, .

Table 3.1 The time and frequency resolutions of windowed Fourier transform.

window Yo | Yus | af V) | A (Vy) | Aces | Acus
in Hz in Hz
Gaussian 0.0245 0.0245 2.45/Ny, 0.2045 Ny, 0.5003 0.5003

Rectangular 0.0665 0.0084 0.84/Ny, 0.7239 N, | 2.1481 | 0.6079

Bartlett 00139 | 00129 | 1.29/N, | 03925 N, | 05425 | 0.5093
Hamming 00156 | 00133 | 133N, | 0379 N, | 05170 | 0.5038
Hanning 0.0143 0.0143 1.43/Ny, 0.3583 Ny, 0.5136 0.5110
. N, =100 samples
dit, i '
conaitions padded with 1900 tested for different Ny,
zeros, T,=1s.

74



33 Time resolution

As the AR-PSE is based on the assumption of stationarity, the properties derived on that basis
are the properties of the steady state response of the AR-PSE. In using MPSE, the stationarity
assumption presumably no longer holds. It becomes imperative to know the temporal

characteristics of the AR-PSE in order to formulate its time resolution.

To study the temporal characteristics of the AR-PSE, a virtual transfer function is introduced, as
belonging to the system with the true time-varying spectrum of a signal as its input and the
corresponding estimate as its output (Figure 3.1). The temporal characteristics are analyzed by
studying both the impulse response and the frequency response of this virtual transfer function.

m(t) AR-PSE m(r)
H(f)

Y
\

Figure 3.1 Virtual transformation function.

A nonstationary test signal x(z) is designed to derive a model of the virtual transfer function in
the frequency domain. The signal x(z) is an FM signal with a carrier frequency of 160 Hz. The

modulation signal m(t) is a single frequency sinusoid, i.e.
m(t) = 8sin(2nf .t) (3.5a3)
The FM signal x(¢), which can be approximated as a second order time-varying AR process, is
:
x(r) =sin(2n [ 160 + m(t)dr)
0

(3.5b)
=sin[2n160r — }E—;— cos(2nf,.1)]

m
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The time-varying spectrum of x(#) has a peak located at 160+m(t) Hz, which is also the
instantaneous frequency f;(¢). Using AR-PSE, the time-varying part of the spectrum is reflected

in the AR parameter estimates

A1) ={1,G,(1),d, (1)}

A (3.63)
= {1,-27(z) cos[2nf; (1) / f,),7*(1)}
where |[F(r) <1 and |#(s)] = 1. These, in turn, lead to 77(t), the following estimate of m(z),
A f.r —&1(t) .
= —==|-160 Hz 3.6b
m(z) - arc:cos{2 \/52_(1?—):] (in Hz) (3.6b)

By scanning the modulation frequency f,, from low to high, the virtual transfer function in the

frequency domain can be constructed experimentally from

M(f,)

HAR-—PSE(fm)= M(f )

3.7

where M(f, ) is the Fourier transform of m(t) at f,, and A7I( f») is the Fourier transform of
m(t) at f,.. Inourstudy, f,, scans from 0.5 Hz to 25 Hz with a step size of 0.5 Hz. Figures 3.2a
and 3.2b show the magnitude and phase responses of H ,z_pg (f,) using WRLS for various
window widths N . Figures 3.2c and 3.2d show the magnitude and phase responses of
H 4z ps (f,,) using the Burg algorithm for various window widths N ,. These figures suggest
that H 4, _pe: (f,,) is a SINC function, i.e. its time representation h,,_pg: (¢) acts as a boxcar

moving average filter.
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Figure 3.2 Frequency responses of the virtual transformation
functions of WRLS (a,b) and Burg (c,d) algorithms.
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To explore the transient response of the virtual transfer function, a square wave modulation
signal m(t) is used. The frequency of the testing signal x(z) is switching instantaneously between
150 Hz and 170 Hz, with a period of 1 second. The sampling rate is S00 Hz. The AR estimators
used are the second-order WRLS and Burg algorithms for different window widths. Examples of
m(t) (solid lines) and m(¢) (dotted lines) are given in Figure 3.3a-b for WRLS and Burg
algorithms respectively, in which the window width N, for these AR estimators equals 100
samples. The transient behaviors of both algorithms are boxcar moving average filters. However,
the estimates with the Burg algorithm show larger variance than with the WRLS algorithm. The

estimation variance is caused by the fact that the Burg algorithm is sensitive to the initial phase of
the windowed sinusoidal signal [110, 66].

(@)

time (s)

180 T T T T T T | — T T
175 r -
170

-
[=.]
(3]
T
s
e
e
o
w,
{

m{t) and m(t)

155} « l | ©

140‘ | 1 | S I _1 _1 | |
0 0.2 04 0.6 0.8 1 1.2 14 1.6 1.8 2
time (s)

Figure 3.3 Temporal characteristics of the Virtual transformation
functions of WRLS (3.3a) and Burg algorithms (3.3b).
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The results in Figure 3.2, and Figure 3.3 thus indicate that the AR-PSE acts as a boxcar moving

average filter in the time domain, i.e.,

-
Wbazw —

1
22 3=k for evenW,
W,

boxcar

oxcar

k= Wbaxmr

hag_pse (1) = (3.82)

Woorear —1

2. d(n—k)
Z T for oddW,

oxcar

fe me -1 oxcar

\

and in the frequency domain

sino(nfW,, . T.)e ™ forevenW,, .,
Hoyppp ()= (3.8b)
SinC(ﬂ:fW boxcarT:v ) f or odd Wboxcar

where W, .. is the length of the boxcar filter, which relates to the window length Ny, and the AR

order p as follows

Ny -1 for the Burg algorithm

Wboxcar = . (38C)
Ny =1+ p forthe WRLS algorithm

Using (3.1a-d) the time resolution An,, pq , for the AR estimator, can now be represented as

follows:

Anpp_pg =0.7236W,,, . (3.9a)
or, alternatively,

At jp_psg =0.7236W,,. .. T, (3.9b)

The time resolution of MPSE is determined by both the band-splitting filters and the time

windows used in parametric spectral estimation. At each stage, filtering and spectral estimation are
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cascaded operations, so that the total temporal characteristics of MPSE are determined by the
convolution of the impulse responses of the frequency band-splitting filter 4(n) and the AR-PSE
hur_pse(n). Figures 3.4 give examples of time resolutions, frequency resolutions and resolution
cell size of IIR (Figure 3.4a-c) and FIR (Figure 3.4d-f) band-splitting filters. To simplify the
discussion, only the highpass filter will be considered. Figure 3.5 shows the time resolutions of
MPSE for different lengths of the FIR band-splitting filters. Note that the time resolution An,pg,
has little to do with the length of the band-splitting filter, for it is almost exclusively proportional to

the window width of AR estimation, i.e.
Anypeg = 125W,, 0 (3.10)

For comparison, some time resolutions of the WFT are given in Table 3.1. The time resolution
for MPSE is poorer than that for the WFT under the same window width condition. However, the
AR-PSE has better frequency resolution and localization than Fourier transform-based methods,
especially in a short data window environment. Meanwhile, lowering the order of the AR process,
by means of the band-splitting in MPSE, can reduce the required data window width. The loss in

time resolution is relatively small compared with the improvement in frequency resolution.
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Figure 3.4 Time and frequency resolutions for IIR (a,b) and FIR (c,d) band-splitting filters.
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Figure 3.5 Time resolutions of the AR-PSE for FIR band-splitting filters of various lengths.

3.4  Resolution cell size in time-frequency space

Using (3.4) and (3.10) in (3.3), the resolution cell size of MPSE can be represented as:

Acypsy = Aypee Af ypse
_ 12875N,, (.11
p(+ p)**!

For example, if the signal-to-noise ratio 1 equals 10,000 (40 dB), the window width N, used
for the AR-PSE equals 20 samples, and the minimum order p used for the AR-PSE to separate two
real frequencies equals 4, then the frequency resolution of MPSE is 0.009 cycles/sample, the time
resolution is 25 samples, and the resolution cell size is 0.2249. Note that Acypge is smaller than

0.5, the Heisenberg lower bound.

Table 3.1 gives examples of WFT resolution cell sizes, in which the Gaussian window has the

best resolution in time-frequency space. As derived by Gabor [35], Acg,ugias = 0.5, which is at the

Heisenberg lower bound. The other windows all produce resolution cell sizes greater than 0.5.

Figure 3.6 provides examples of resolution cell sizes for the IIR and FIR filters.
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Figure 2.6 Resolution cell sizes for IIR (a) and FIR (b) filters.

3.5 Interpretation of MPSE in terms of the wavelet transform

A popular technique in multiresolution digital signal processing is the Discrete Time Wavelet
Series (DTWS), or Discrete Wavelet Transform (DWT), a discrete form of the wavelet transform
[42, 55]. The DTWS decomposes the signal into multi-octave bands by means of sequential
processing blocks, each with the same structure consisting of both a lowpass halfband filter and a
highpass halfband filter. The output of each filter is decimated by a factor of 2. The lowpass filters
act as scaling operations; their output is sent to the next processing block for further frequency
band-splitting and decimation. The highpass filters act as the mother wavelet matching operation;

their outputs are the wavelet coefficients of the wavelet at a particular scale.

The advantage of the DTWS is its simplicity. The multiresolution techniques developed in
subband coding make it easy to implement. The first disadvantage of the DTWS is that it assumes
that the elementary signals in each subband have a simple bandpass-shape spectrum. If the
subband signal has a sophisticated spectrum, with very sharp peaks or peaky shapes, that

information can not be retrieved correctly by a simple bandpass-shaped mother wavelet. A more
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sophisticated mother wavelet is then required to properly decompose the signal [57]. Secondly,
each simple wavelet represents a unit of information, which is a windowed tone centered in each of
the octave bands. In most applications the signal does not appear naturally as an octave
distribution, requiring additional fine scale steps for a proper decomposition into unit information,
i.e. a wavelet representation.

The MPSE method is, thus, motivated by the desire to construct the optimal wavelet
(sophisticated form) for each frequency band by estimating the subband spectra. Instead of being
used as a single DTWS coefficient, the output of each highpass filter is passed to a spectral
estimator. The latter gives more detail of the signal in each subband than a single DTWS
coefficient. Therefore, MPSE results in higher frequency resolution than the DTWS.

In the DTWS both the time and frequency resolutions are determined mainly by the highpass
band-splitting filter (FIR). That is, its frequency resolution Afp.ws iS equal to the effective

mainlobe bandwidth of each octave band, and its time resolution equals the effective duration, i.e.

A prws = 27D fsEMLB

Atprys = 2" T, Anger

(3.12)

where n is the octave band index, n 21, numbered from high to low frequency, and E g and
Angpr are the normalized resolutions for the highpass filter (See (3.2a) and Table 3.1). Similarly,

the time resolution of the DTWS equals the effective length of the unit pulse response of the
highpass filter (See (3.1a), and Table 3.1). Figures 3.7a-c¢ show examples of resolutions for
DTWS.

The time resolution (Figure 3.7a, solid line) is approximately proportional to the length of the
filter. Using a least squares polynomial fitting method, the time resolution can be approximated
(dotted line) as:

Angpr (L) = 21508 + 0.02L (in samples) (3.13)

The frequency resolution (Figure 3.7b, solid line) exponentially approaches the frequency
resolution of an ideal filter, which can be fitted to an exponential form (dotted line).
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Figure 3.7 Time resolution (a), frequency resolution (b), and resolution cell size (c) of the DTWS
(The solid lines are the actual value and the dashed lines are their polynomial approximations).
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Af vin(L) = (Af s (10)=AF ) 0O1KL-10) L A7
. Vs e = (in cycles/sample) (3.14)

= 03614 — 0.02946¢ 00194E

where L is the filter length, for 10< L <500. Note in Figure 3.7b that the frequency resolution

becomes insensitive to the filter length L, and can then be approximated as the constant 0.3614.

The resolution cell size (Figure 3.7c, solid line) of the DTWS can also be approximately fitted to
a linear function of L, i.e.,

Ac 5 (L) = 0.7033+00077L (3.15)

Note that L is relatively large, so that Ac,, z(L)>> 05, which indicates that the DTWS is not a

high resolution operator.

3.6  Computer simulations for MPSE

Three computer experiments were executed to explore the performance of MPSE compared with
other methods, such as the fixed resolution AR spectral estimator and the wavelet transform. The
performance of the WRLS, RLS, and Burg algorithms in the MPSE method have been compared
as well. For all experiments, the signal sample interval T, is 0.002 s, since f is 500 Hz.

The first experiment is designed to compare the performance of MPSE with either the WRLS
realization or the Burg realization, as well as with a conventional fixed resolution AR spectral
estimator. The signal for this experiment consists of four frequency components, which can be

represented as:

y(t) = sin(2nf,£) + sin(2nf, t) + sin[2nf, ()] + sin[B 4 ()] (3.16)

where f, =20 Hz, f, =22 Hz, f,(1)=155+103 (-1)*U(:-01k), and

k=0

64(t)=2n50t—&in4t—),
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or, in frequency terms,

t)=——=
Fal®) on dt

=50+ sin(2r 4¢)

Thatis, f; is 20 Hz, f, is 22 Hz, f; is switching instantaneously between 155 and 165 Hz with a
period of 0.2 second, and f, is changing sinusoidally between 49 and 51 Hz with a period of 0.25
seconds (Figure 3.8a). Zero-mean white noise is added to yield SNR equal to 40 dB. The frequency

components f; and f, are used to test the frequency resolution of the estimator; f, is for testing

the time resolution; and £, is for testing both time and frequency resolution in the middle band.

In MPSE, the whole frequency band is divided into subbands 1, 2, 3, and 4, whose frequency
regions are: 250 to 125 Hz, 125 to 62.5 Hz, 62.5 to 31.25 Hz, and 31.25 to O Hz, respectively.
The AR parameter estimators used in the experiment are WRLS and Burg with orders 2, 0, 2, and
4 in the respective subbands. The time windows used are 20, 40, 15, and 40 data points of the
subband outputs. To be comparable to the results of WRLS, the Burg algorithm operates in a
sliding window approach instead of on a block-by-block basis. The composite MPSE spectrum
plotted in time-frequency space shows a multiresolution time-varying spectrum with a logarithmic
scale between octave frequency bands, and a linear scale within each octave frequency band. For
all images the top 70 dB of the dynamic range is shown. Resolution cell sizes have been computed,
and superimposed on the test signal as solid rectangles; for MPSE these are based on local SNR
and an order p of 4. The simulation results in Figures 3.8b and 3.8c show that all four frequency
components are correctly estimated by MPSE, and both the WRLS results and the Burg results
demonstrate the capability of MPSE to track the frequencies of a time-varying signal. Note that
MPSE-Burg shows more phase sensitivity than MPSE-WRLS. In addition, the computational
complexity for Burg is much higher than for WRLS, making WRLS more attractive for use in the
MPSE method.
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Figure 3.8 Testing signal (a, top), and the performance of MPSE-WRLS (b, bottom).
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Figure 3.8¢ The performance of MPSE-Burg.

The fixed resolution AR spectral estimator used is the Burg algorithm. An 8th order AR model is
chosen, and the sliding time windows used are 25, 50, 100, and 150 data points long respectively.
For the longer window lengths, N,, > 50, we observed that the frequency estimates were some
average of the constituent frequencies, with the time variations of the signal having been smoothed
out. For the short window, N,,=25, all the frequency estimates show the switching pattern of f;.
In all 4 cases, the frequency resolutions of the estimator are too low to distinguish frequency
components f; and f,, and none of the results retrieve the detail of f,. Figure 3.9b gives an

example where Ny, equals 50.
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Figure 3.9 The testing signal (a, top), and the performance of AR-PSE (b, bottom).

90



In the second experiment the same test signal, represented by (3.2), is used. The performance of
the wavelet transform will be compared with that of MPSE. To get the best resolution, the mother
wavelet used is the Morlet wavelet, which is a Gaussian windowed complex tone. The parameter of

Morlet's mother wavelet is the number of significant cycles N, [113]. The number of samples in

the daughter wavelet, Ny, (f), at a particular frequency f , can be defined as a function of N,

N ()= }f : 3.17)

The resolutions for Morlet's mother wavelet are the same as for the Gaussian windowed Fourier

transform, which were defined in Section 3.5 as:

Ay = ?\‘145 (in cycles/sample) (3.182)
Any_ = 02045N,, (in samples) (3.19b)

The condition for detecting signal components f; and f, is that the frequency resolution between
J; and £, has to be smaller than the difference of f; and f,, i.e.

max{Af 5, Af 5,1 < 72- =4x107 (in cycles/sample) (3.202)

s

Using the inequality Ezz >h720 in (3.5a), substituting in (3.4a), the f,, f, resolution condition

becomes Ny, (22) > 612 samples, which via (3.3) can be represented as:
N,227 (in mother wavelet cycles) (3.20b)

Some examples of frequency resolutions at 22 Hz, for different numbers of mother wavelet

cycles N, are shown in Table 3.2. Note that for N, equal to 25 the above frequency resolution

condition is not satisfied, while for N, equal to 35, 45, or 125 it is.
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The signal component with f, is associated with a time-varying spectrum. To detect f, both the

time and frequency resolutions have to satisfy certain requirements. The conditions for frequency

and time resolution are, respectively

max{Kf_lss ,Ems }< lfq =20x107 (in cycles/sample) (3.21a)

max{An, s, An i} << 01x f, =50 (in samples) (3.21b)

which, analogous to the f,, f, component frequency resolution, becomes N, (165)> 122 for the
frequency resolution requirement, while the time resolution requirement leads to N, (155) <<244.

These respective requirements can be expressed equivalently as:
N, 241 (in mother wavelet cycles) (3.21¢)
N, <<75 (in mother wavelet cycles) (3.21d)

Note in Table 3.2 that the areas where the time and the frequency resolutions at 155 and 165 Hz
are satisfied, barely overlap for N, equal 45.

The signal component f, varies continuously from 49 to 51 Hz. To retrieve the information of

the variation, the frequency resolution must be much smaller than 51 - 49 = 2 Hz, so that

max{Af ,,Af 5} << —;‘— =4x1073 (in cycles/sample) (3.22a)

s

Also, the time resolution must be much smaller than the period of the variationin f, . Therefore,
max{An,y,Ang } << f, /4=125 (in samples) (3.22b)

If both the frequency difference and the variation period are discretized to the minimal two

resolution bins, the frequency resolution condition is N, (51)>1,225 samples, and the time

resolution condition is N, (49) < 306 samples. These conditions become, respectively,
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N, 2125 (in mother wavelet cycles) (3.22¢)
N,.<30 (in mother wavelet cycles) (3.22d)

As both the time and frequency resolutions must be satisfied, both (3.22¢) and (3.22d) must hold.
It is clear that the f, component cannot be resolved satisfactorily, in both time and frequency, even
at the above minimal requirements. No number of mother wavelet cycles, N, is satisfactory; there
is no overlap in Table 3.2 for the areas where the frequency resolution is satisfied and where the
time resolution is satisfied for all the signal components.

Figure 3.10a,b shows an example of the Morlet wavelet transform scalogram with N, equal to

40, which gets the "best" resolutions in time-frequency space for the given signal. The window
width of the wavelet transform, the scale, varies from 80 to 1200 data points. The equivalent
frequency region is from 16.67 Hz to 250 Hz (7, = 0.002 s). Comparison with the MPSE results,
in Figure 3.8, shows that both methods exhibit multiresolution tracking capability. However,
MPSE shows better resolution, both in time and in frequency, than the Morlet wavelet transform.

In Figure 3.10b, the f; component exhibits poor time and frequency resolutions, while no detail of

the f, component is retrieved with the Morlet wavelet transform.

Table 3.2 The computations of the resolutions for Morlet wavelets.

frequency f Ny, (f) Aan
N, (in Hz) (in samples) (in samples)
22 568 116 |
25 155 | 49 81 255
165 51 76 245
22 795 163
35 155 | 49 113 357
165 51 106 343
22 1023 209
45 155 | 49 145 | 459
165 | 51 136 | 441
22 2841 | 581
125 155 | 49 403 | 1276 | .1 824 | 261
165 51 379 | 1225 | | 6.5 775 | 251
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Figure 3.10 The testing signal (a, top), and the performance of the Morlet WT (b, bottom).
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In addition, the computational requirements for the Morlet wavelet transform are much higher
than for the MPSE method, because each Morlet wavelet decomposition is equivalent to a bank of
FIR filter operations with the parameters of the Morlet wavelets. The final resulis of the wavelet
transform required 1120 FIR filter operations with 80 to 1200 filter parameters, while the MPSE
method uses only 4 adaptive WRLS filters to estimate the spectra. Just to give an indication: the
MPSE computation for Figure 3.8b took 14.56 Mflops in Matlab, while those for the Morlet
wavelet transform in Figure 3.10b took 9,483.6 Mflops.

The last experiment is designed to further explore the resolution characteristics of MPSE and the
Fourier transform based methods. Here the MPSE is WRLS based and the Fourier transform based
method used is still the Morlet wavelet transform since it reaches the lower bound defined by
uncertainty principle. The testing signals are FM signals modulated by a sinusoid with different
modulation depth and modulation frequencys, i.e.

s(¢) =sin[B(1)] (3.23)

where

0(2) = 21 507 — Am 28 F S ul)

m

and its instantaneous frequency

_1do
Fn= 2n dt

=50+ Amsin(2x £, t)

The parameter Am is the modulation depth and f, is the modulation frequency. These

parameters are chosen to test the limits of the time and frequency resolutions of the processor.
Zero-mean white noise is added to yield SNR equal to 40 dB. To detect the modulation signal, the

estimator needs to satisfy required time and frequency resolutions; i.e. the time resolution of the

estimator is better than the period of the modulation frequency, or At < fL and the frequency

m

resolution is better than the modulation depth, or Af < Am. Table 3.3 provides 4 different sets of

test signal parameters.
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Table 3.3 Required estimator resolutions for the test signals.

Parameter set Am Af fn At Ac=At X Af
S +02Hz | <02Hz | 6Hz | At<0167s Ac<0.033
Sz 15 Hz | <02Hz | 3Hz | At<0333s | Ac<0.066
S3 +02Hz | <15Hz | 6Hz | At<0167 s | Ac<0250
Sa +15Hz | <15Hz | 3Hz | At<0333s | Ac<0500

From Table 3.3 we sce that to resolve the first three test signals the product of the required time
and frequency resolutions must be all smaller than the resolution lower bound, while to resolve the

test signal s, the product of Af and Az equals 0.5. In estimating all four test signals, the

parameters of the estimators, the WRLS-based MPSE and the Morlet wavelet transform, are all
kept the same. For MPSE the entire frequency band is divided into 4 octave bands. The order for
octave band 1, 2, 4 is 0 since they are ‘empty.’ The order for the third octave band is 2. The time
window width used is 10 data points after decimation by a factor of 4. In the Morlet wavelet
transform, the number of significant cycles N, in the time window is 40, which is chosen in favor
of better time resolution. Figure 11 provides the results of the Morlet wavelet transform, and
Figure 12 provides the results of WRLS-MPSE. In estimating s;, since the time and frequency
resolution requirements can not be satisfied, the Morlet estimate (Figure 3.11a, top left) can only
provide a broad band trace of the signal without any time variation information. In estimating s,
(Figure 3.11b, bottom left), although the requirement for the time resolution has been reduced, the
estimate from the Morlet wavelet transform still can not provide any temporal information as the
result of poor frequency resolution. Again, in estimating s3 (Figure 3.11c, top right), reducing the
frequency resolution requirement does not help to recover the temporal information when the time
resolution is too low. The time variation pattern does show in estimation for s after the
requirements for both time and frequency resolution are reduced. Notice the thickness of the
spectral trace in all 4 cases, which reflects the frequency resolution of the Morlet wavelet
transform. For the given N, the related frequency resolution is about 3 Hz, as computed from
(3.17) and (3.18a), with N, =40.
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Figure 11a-d. Performance of the Morlet wavelet transform
(arranged from top left, bottom left, top right to bottom right).
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Figure 12a-d. Performance of the WRLS-MPSE (arranged from
top left, bottom left, top right to bottom right).
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The performance of WRLS-MPSE is demonstrated in Figure 12. All four test signals are
correctly estimated by MPSE. There are transients of about 0.2 seconds at the beginning of each
estimation. Meanwhile, the spectral traces are much thinner than for the wavelet estimates. This
experiment again shows that MPSE has better time and frequency resolution than Fourier
transform based methods. MPSE can also outperform the lower bound on resolution given by the
Heisenberg uncertainty principle. This gives MPSE great potential in processing nonstationary
signals.

3.7  Heisenberg uncertainty principle lower bound and resolution issues

Comparing the resolution of MPSE and the Fourier transform-based methods, one is bound to
ask why MPSE can have a resolution cell size below the lower bound given by the Heisenberg
uncertainty principle. Reviewing the performance of the AR-PSE, we note that the AR-PSE
methods emphasize the poles of the spectrum in order to produce better frequency localization and
resolution than the WFT. However, the estimated magnitude at those poles usually exhibits a larger
variance than for the WFT. In other words, the AR-PSE method trades off its magnitude resolution

with frequency and time resolution.

There are three major characteristics which define a signal component. They are “time,”
“frequency,” and “energy,” or sometimes the absolute value of the magnitude associated with the
signal component. The Heisenberg uncertainty principle defines a boundary which preserves a low
energy or magnitude estimation error. The definition of frequency resolution given in this study
certainly does not preserve a low magnitude estimation error. Characteristically, for many
applications, such as in signal detection, the more important information in the signal is not its
magnitude or energy but the time and frequency characteristics, i.e. when and at what frequency

does the signal appear.

Meanwhile, in conjunction with other magnitude estimation methods, the MPSE approach can
give good time and frequency localization and resolution, while some other magnitude estimator
can give good energy information based on the known [66] time and frequency information
provided by MPSE. In that case, MPSE can obtain good time and frequency resolution without

causing significant loss of magnitude resolution.
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An interesting question, however, is raised. That is, whether or not the lower bound of resolution
given by the Heisenberg uncertainty principle can be exceeded. If this lower bound is an
insurmountable barrier, the trade-off in the magnitude resolution with the time and frequency
resolutions in MPSE can not be recovered by any conjoint method; the efforts of seeking a conjoint
magnitude estimator will then certainly be futile. If the resolution can go beyond this lower bound,
then the following, more important, questions have to be answered. How general is the Heisenberg
uncertainty principle? What is the scope of its application? How can we get maximum information
from given samples? It is extremely important to understand these questions for the future direction

of this research project.

To answer these questions, we have to first understand the real meaning of ‘uncertainty.” In
signal estimation, ‘uncertainty’ reflects how much can not be known about an object. The more
that is known, the less that has to be estimated, and the less uncertainty in estimation there is. The
uncertainty principle gives a lower bound which is the maximum information that can be retrieved

based on what has been given. This lower bound varies with the a priori knowledge of the object.

The nonparametric estimation methods, such as the Fourier transform-based methods, rely on
minimum knowledge of the object; that is, these methods make minor assumptions about the signal,
and there is no specific model involved in the estimation process. The only assumption required for
suitable nonparametric estimation is the stationarity of the signal, i.e. the unknown signal is at least
wide sense stationary, or it has reached its stable state. However, parametric estimation methods
are usually based on certain signal models, for example the AR, MA, or ARMA models.
Parametric methods take advantage of the knowledge of the signal model in the estimation process.
The quality of the final estimation result is, thus, strongly dependent on how well the selected
model fits the unknown signal. If the model structure and its order are properly selected, the
estimation can match the characteristics of the signal perfectly, and the resolution of estimation will
certainly be better than for the nonparametric methods. If the selected model structure and/or its
order are not correct, this leads to poorer estimation, and results are biased or otherwise mis-
leading. In that case, no information can be retrieved from the given samples, the resolution of the

estimator is non-existent.

The Heisenberg uncertainty principle is derived on the basis of knowing nothing about the object,
so that the lower bound given by the Heisenberg uncertainty principle reflects the resolution limit
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only for nonparametric estimation methods, not for parametric methods. Therefore, it is possible
for a parametric estimator to outperform the nonparametric methods and to get a finer resolution
than that indicated by the Heisenberg uncertainty principle. The key in successfully estimating the
signal is to take maximum advantage of a priori knowledge with a minimum risk. If no knowledge
about the object is available during the estimation stage, no assumption should be made in the
estimation process since any erroneous assumption will generate false results. On the other hand,
when some knowledge about the object is available, but the estimator can not make use of it to
improve its performance, such an estimator is not considered a good or efficient one (in the sense of
information usage). Therefore, the Fourier transform-based methods are more robust (or more risk-
free) than the parametric methods as they are based on minimal assumptions about the objects
under estimation. Also, Fourier transform-based estimators are low in efficiency, while the

parametric methods are usually efficient but not robust.

3.8  Summary

The advantages of MPSE over Fourier transform-based methods are its capability to trade off
magnitude resolution with time-frequency resolution, as well as time resolution with frequency
resolution. Moreover, MPSE can take advantage of a priori knowledge to further improve its

resolutions.

The advantages of MPSE over conventional fixed resolution AR-PSE is that MPSE can reduce
the order of the AR process to that adequate for each subband. The required data length for
estimating the power spectral density can thus be reduced, as the rule of thumb for the minimum
data length to estimate AR parameters is “at least 3 times the order of the process [66].” MPSE
also improves SNR by splitting the frequency band into multi-octave bands, which in turn

increases the frequency resolution as shown in the next chapter.
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4. DESIGN OF TIME-VARYING OPTIMAL
FILTERS VIA MPSE

The optimal linear filter commonly known as the Wiener filter is the best estimator based on the
minimum mean-square error criterion. That is, given the spectral characteristics of signal and
noise, it provides the optimal estimate of the signal in the sense of minimum mean-square €rror.
Optimal filtering has played an important role in SNR enhancement, signal detection and tracking,
spectral estimation and system identification. Its theory and techniques have been successfully
applied in such diverse fields as communication, control, radar, sonar, seismology, image

processing, and biomedical engineering.

In this chapter, we study the special case of nonstationary signal recovery via time-varying
Wiener filtering. The signal considered is a multi-frequency component nonstationary process,
which can be modeled as a time-varying multi-pole (high order) AR(p) process. Contaminated with
white noise, the observed data can be modeled as a nonstationary ARMA(p, p) process [66, 114].
Such a data model can be found in many practical situations, for instance, speech, multi-target
radar or sonar signals, mechanical vibrations, and some electro-biological signals. The time-
varying pattern of the signal components can be different, i.e. some may change continuously with
time such as AM and/or FM signals, and some may exhibit on-off patterns.

The design of a Wiener filter requires knowledge of the statistics of the data to be processed.
When the design information does not match the actual conditions, severe deterioration of the
filtering process may result. Conventional estimators for contaminated AR processes are fixed
resolution based, and thus mostly suitable for the stationary situation in which time resolution is
not required. In nonstationary applications, the estimator must not only locate the signal
components in frequency but also in time. A new method is proposed for realizing the time-varying
Wiener filter, based on the multiresolution parametric spectral estimator (MPSE) [115, 116].

This chapter is organized as follows. Section 4.1 briefly reviews the background of optimal
filtering for recovery of white noise contaminated signals. Section 4.2 covers the realizations of
time-varying optimal Wiener filters, such as the causal and noncausal IIR forms and the FIR
realization, all corresponding to the estimated time-varying model parameters. Section 4.3 provides
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the implementation of MPSE for time-varying optimal Wiener filtering. In Section 4.4 and 4.5 we
report on two computer experiments designed to test the performance of the MPSE-based optimal
Wiener filter and compare it with using a conventional fixed resolution AR estimation technique.
The resulting SNR improvements of these suboptimal forms are then compared with the SNR
improvement from the noncausal IIR realization based on perfect (rather than estimated)
knowledge.

4.1  Optimal Wiener filtering background

Consider a real AR(p) process s, , represented as:
P
52 == i X, @.1)
i=1

where {a;: i=12,..,p} are the AR parameters, and x, is the normally distributed white noise

excitation with zero mean and variance oi . The Power Spectral Density function (PSD) of the

time series s, is defined by:

G2

BT}

4.2)
P
A=Y az"; ay=1
i=0

Complex conjugation is denoted by *, and  indicates taking the reciprocal. Since s, is real, the AR

parameters are also real, and the roots of A(z) are either real or occur in complex conjugate pairs.

We assume that the signal process is stable, with the roots of A(z) located inside the unit circle.

The observed time series y, can be written as:

Ypn=8,te, 4.3)
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where e, is the observation noise, which is a normally distributed white process with zero mean

and variance 2. Under the assumption that the processes e, and x, are independent, the PSD of

¥, is defined by:

P(2)=P(2)+o>

_O2+GlA(A(Z) 4.4)
A)A'(z7)
Using the optimal Wiener filter [117] we can write
P,(z) P
Hopt(z) =X _ _& “.5)

P(2) P,

where P, (z) is the cross-PSD between y, and s, . The second equality results from e, and x,

being independent, so that P, (z) equals P,(z).

Several difficulties arise in applying optimal filtering defined in (4.5) to signal estimation. The
major difficulty is that the design of a Wiener filter requires a priori knowledge of the statistics of
the data to be processed, such as the spectral density or correlation functions. Since such statistical
characteristics of signal and noise are usually unknown before they have been separated, it
becomes impossible in many practical cases to design and implement the optimal Wiener filter.
Moreover, the performance of the filter depends greatly on the accuracy of the information on
which the design of the filter is based. The filter is optimum only when the statistical
characteristics of the signal and noise match the information used for design. When this
information is contaminated by estimation errors, the design is no longer optimal. The estimation
error could bring about serious distortion in the estimated signal. Therefore, the key to successful
optimal filter design is to properly estimate the spectral or statistical characteristics of the input
data.

The theory of Wiener filtering is not restricted to stationary environments. If the signal or noise
is nonstationary, a time-varying optimal filter can be derived according to the time-varying
characteristics of the input data [117]. Unlike the time invariant optimal Wiener filter, when the
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signal s, is a nonstationary process, its AR parameters and its spectrum are also time-varying.

The general form of the Wiener filter presented in (4.5) is then a function of time, i.e.

P, (z,n)
P, (z,n)

HDP, (z,n)= 4.6)

It requires the continuous availability of the time-varying information or estimates of the time-
varying cross-PSD P, (z,n) and the PSD of the observation P, (z,n). This makes the design of the

time-varying Wiener filter difficult. However, the time-varying characteristics of the signal can be
tracked by a spectral estimator with a proper time window. Within the window, the signal is
considered to be pseudo-stationary. The time-varying characteristics of the signal are updated in
each sample interval while the time window slides along the time axis. The window should be short
enough to ensure pseudo-stationarity. In a high SNR situation, a short window suffices to estimate
the AR parameters. In a low SNR situation, the window must be long enough to yield acceptable
variance of the estimator. As always, a trade-off between estimation variance and nonstationarity
inference is required.

Several techniques have been proposed to estimate the model parameters for a contaminated AR
process, such as the noise compensation method [114], general ARMA estimators, high order AR
modeling [66], or prefiltering of the data to reduce the observation noise [118]. The noise
compensation approach requires estimation of the autocorrelation function matrix and is sensitive
to errors in the estimated noise variance, which could result in ill-conditioned correlation matrix
estimates. General ARMA estimators require the solution of highly nonlinear equations, which will
seldom be practical in a time-varying situation. The high order AR estimator suffers from large
estimation variance and spurious poles. The prefiltering method is also seldom practical in the
nonstationary situation, as it requires the application of a time-varying filter to track the changes in
the signal. Moreover, as the original signal is a high order AR process, statistically consistent
estimation of the model parameters requires a relatively long time window for all of the above

methods. Consequently, this implies poor time resolution or tracking capability.

A new approach to time-varying Wiener filtering is presented here. The process consists of a

two-stage procedure. The first stage is to estimate the statistical characteristics of the nonstationary
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data by using the Multiresolution Parametric Spectral Estimator (MPSE) [99, 100] in conjunction
with a noise compensation method. The second stage is to design the Wiener filter based on the
estimated MPSE parameters, for subsequent filtering of the contaminated data. These two stages

can run concurrently, so that an adaptive Wiener filtering operation is established.

4.2  Optimal Wiener filter realizations

The theoretical form of the optimal Wiener filter requires the spectral information of the signal
and the noise. The spectral information can be estimated by some statistical estimators such as the
AutoRegressive Parametric Spectral Estimators (AR-PSE). When the model parameters of the
signal and the noise have been estimated, the coefficients of the optimal filter can thus be
determined correspondingly. However, the ideal optimal filter is a noncausal IIR filter which is
physically unrealizable. To perform the optimal filtering some approximations have to be made to
make the filter practically feasible. There are different approximate realizations of the optimal
Wiener filter, such as the Noncausal IIR realization, the time delayed Causal IIR realization, and
the time delayed FIR realization. These realizations will be developed in this section. The

derivations are mainly based on references [117, 119]

4.2.1 Noncausal IIR approximation of the optimal Wiener filter
Substituting (4.2) and (4.4) into (4.5), the optimal Wiener filter can be written as:

2

(o)
H (2)= x 4.7
on(2) 62 +02A(2)A(z™) @
Note from (4.4) that the denominator of (4.7) can be spectrally factored.
62 +62A(2)A*(z")=B(z)B'(z™) (4.8)

Using (4.8), the optimal Wiener filter can be rewritten as:
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Equation (4.9) is the ideal optimal Wiener filter for recovering a white noise contaminated AR(p)

Hop,(z)
“4.9)

process. Since the filter is a noncausal IIR filter, it is not physically realizable. However, if a block
of observations {y,:n=0,1,--+,N —1} is available, and the block length N is much longer than the
transient of ¢ ,/B(z), the noncausal IIR filter in (4.9) can be approximated well by an off-line
procedure.

The procedure consists of two steps. First the observations {y,,:n =01---,N— 1} are filtered by
the causal filter 6, /B(z), and the output denoted v, . Next, the anticausal filter ¢ ,/B*(z™") is
implemented by filtering V,, the time-reverse of the sequence v,, with 6 /B(z), creating §,, and
finally time reversing §,. The latter creates §,, the optimal Wiener filter estimate. Figure 4.1

provides the system diagram for the noncausal IIR approximation of the optimal Wiener filter,
where W(-) denotes the time-reversing operation. Approximation errors are caused by the

transients at both ends of the filtered data. Using (4.8) the filter parameters of 6 ,/B(z) can be

computed from A(z), © i , andoz‘ , Or their estimates.

C, " O,
™ B — ¥() ™ B > ¥() —

Figure 4.1 System diagram for the noncausal IIR optimal Wiener filter.

4.2.2 Causal IIR approximation of the optimal Wiener filter
The noncausal IIR approximation of the Wiener filter can only be implemented off-line. To
operate in real time, the anticausal part of the Wiener filter must be eliminated and/or replaced by
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its causal approximation. Time delay is commonly used to reasonably compensate for

approximation of the anticausal part of the filter.

From (4.4), (4.5), and (4.8), the optimal Wiener filter with a time delay D, i.e. using the

observations {yi:i =0,1,.--, n} for estimating x,_,, rather than x,, can be represented as:

Dy= 5@ gty ,oD
H,,(z;D)= B(Z)B*(Z_*)A(z)A (z7)z 4.10)

H,,(z; D) in (4.10) can be factored as follows

MERPRETY SO

B(z) || B*(z7) 4.11)

AlH,,(2)]H,,(z;D)]

where H,(z) is causal, and H,,(z;D) is noncausal. It has been proved that the causal IIR

Wiener filter has the form [117]

H®(2;D) = H, ()| HE (23 D)) @.12)

opt op

where [H e (z;D)]+ represents the z-transform of the impulse response h(k) of H,,(z;D)

opt opi

restricted to its causal part.

Using (4.2) and (4.11), H:,(z; D) can be rewritten as:

opt

O.ZZ—D
iD)y=—""1—0
(z:D) A(2)B*(z™)

_[ﬁ@+ G(2) ]62 LD

ne
H opt

(4.13)

- x

A(z) B*'(z™)

p-1 ) -1 .
where F(z)= 2 fiz™ and G(z) = Z g.z™,and where F(z), G(z), A(z), and B*(z™") are related
=0

i=-p

by the following equation
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F(2)B*(z)+G(2)A(z) =1 4.14)

The parameters of F(z) and G(z) can be determined by comparing the coefficients of similar
powers of z on both sides of (4.14). That is,

B, 0 - 0 a 0 - O0)( fi) (O
b, b, . a a . fi 0
. . 0 : 0 . .
by b e B, a4y, o4 || fpu | |0 (4.15)
by, b, bopn a, a,, a 8- 1
0 : 0 oo T 8—p+1 0
P b by P e, ey || ;
\ 0 e 0 by 0 e 0 a, J\ &4 0
If the time delay D =0, we see from (4.13) that
nc . + _ F(Z) 2
[Hap,(z,O)] =20 (4.16)
and the causal IIR Wiener filter in (4.12) can be represented as
F(2)
H™R(7.0)= o2 4.17
opt (250) B2 “4.17)
For atime delay D >0, we find from (4.13)
+
[H2 (D) = @ 2,0 ,| S@_») 52 (4.18)
A(z) B'(z7)

-1
Let W(z;D)= ZY 2%, where {y;:i=—,...,~1} is the noncausal impulse response of

i=-D
G(z) . )
B The causal IIR Wiener filter in (4.12) can then be represented as
¥4
-D .
H”R(Z',D)z F(Z)z +W(Z’D)A(Z)62 (4.19)

B(z) *
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4.2.3 FIR approximation of the optimal Wiener filter
The ideal Wiener filter can also be approximated by an FIR filter. Figure 4.2 provides the system
diagram for an FIR realization of the Wiener filter. In the diagram, the estimate of the signal at

time n— D is a linear combination of the observations {y;:i=n,---n—L+1},i.e.

L-1

$0-0= D MYuci (4.20)

k=0
where L is the filter length. The estimation error is

§ 4.21)

en—D = sn—D - sn—D

-1

Yn

Figure 4.2 System diagram for the FIR approximation to the Wiener filter.

The weighting coefficients of the linear summation, the FIR Wiener filter parameters, can be

determined using the least mean square criterion. Based on that criterion, e, , is statistically

independent of the observations {y;:i =n,---,n—L+1},1ie.,
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E{y;—len—D }= E{y;—lsn—D }_ E{)’;-l Lz_lhk yn—k}
k=0

(4.22a)
=0 for/=0,---,L—1
or
L-1
rys(l—D)-—.Ehkry(l—k); for!=0,---,L-1 ' (4.22b)
k=0
Note that r,, (k) =r,(k), and that (4.22b) can be written in matrix form
r,(0) =D e n(=L+D\( hy r.(-D)
r.(1 r,(0 - r(=L+2 ~-D+1
® 5O LD || DD @23
r,(L=1) r(L=-2) -- r,(0) hy r.(L-1-D)
or
Rh=r, (4.23b)

where R, is the autocorrelation matrix of y,, h=[hy k..., | is the FIR Wiener filter impulse

response, and 7, =[r,(-D) r,(-D+1)...r,(L-1- D)]T is part of the autocorrelation of s,. The
optimal Wiener filter parameters can be solved from (4.23). Since s, is an AR(p) process, there is
a one-to-one relation between the autocorrelation function of s, and its AR parameters. The

autocorrelation function of s, can be computed according to the following relation.

14
=Y air,(k—i) fork>1
=1

r(k)= 4.24)
P
Y ar(-i)+c2  fork=0
i=1
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When the AR parameters and the variance of the excitation noise or their estimates are known, the

autocorrelation function r,(k) in (4.24) can be solved for by using the efficient Step-Down
algorithm [66].

Since y, is a white noise contaminated observation of s, ,

r,(k) fork#0
r, (k) = 4.25)
r.(0)+c2 fork=0

The autocorrelation function matrix of y, can be represented as:
R =R +0ll (4.26)

where I is the identity matrix. Using (4.23)-(4.26), the FIR Wiener filter parameters can be
determined based on estimates of the AR parameters, the power of the excitation process and the
power of the white contaminating noise.

4.3  Time-varying MPSE Wiener filtering

The MPSE parameters are the parameters of the noise-contaminated observation y, . To improve
the corrupted estimates, a noise compensation technique [114] can be used in conjunction with
MPSE. The noise compensation method is based on the relation between the autocorrelation

functions of y, and s,. That is, the estimated autocorrelation function of the signal can be
determined using R, = ﬁy —G21. The autocorrelation functions can be used either directly, to

construct an FIR type Wiener filter, or indirectly, to determine the signal component parameters for
constructing an IIR type Wiener filter or to estimate the time-varying spectrum of the signal

component.

In situations where the SNR is extremely low, a two step estimation stage can help to reduce the
noise level in the final results (Figure 4.3). The first step is to prefilter the noise-contaminated
signal component in each non-empty octave band using an FIR type Wiener filter at the subband

level. This estimation-step optimal filter is constructed from the autocorrelation functions estimated
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by MPSE with noise compensation. The output from the first step, §%, an estimate of the signal

component, is then used to re-estimate the AR parameters of the subband signal component. Since
the SNR condition has been improved by the prefiltering step, the re-estimated signal parameters
are less corrupted by noise than without the prefiltering step. However, extra distortion can be
caused by prefiltering, which usually produces over-smoothed estimates. The choice of a one or
two step estimation stage is based on the trade-off between further noise reduction and extra
distortion. Under high SNR conditions, a one step estimation stage yields better results than a two
step estimation stage. The experimental results presented in the next section were produced by two
stage optimal filtering when SNR is about 0 dB and with the one stage approach when SNR
exceeds 20 dB. The two stage approach performs better than the one stage realization under low
SNR conditions while the one stage approach produces better results than the two stage approach
under high SNR conditions.
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Figure 4.3 Structure for the MPSE procedure,

If the time-varying characteristics of the signal components are of major interest, the optimal
Wiener filiering operation can be performed independently in each octave band. The filter
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parameters can be determined according to the estimation process in each octave band. The final
result is a set of decomposed signal components or their spectral estimates from a bank of lower
order optimal filters. Performing the optimal filtering in each subband can provide ‘optimal’
conditions for the different frequency components. Lower order filters are also more stable, with

shorter transients than higher order filters.
If the waveform of the signal s, is of major interest, the optimal filtering has to be performed

over the entire frequency band to prevent waveform distortion caused by different group delays.
After the signal has been decomposed into the multi-frequency components in each octave band,
the AR polynomial A;(z), for the j-th octave band can be represented as :

Pj
A=]Ja-p;z" j=1l..M (4.28)
i=1

where p; is the order of the signal component in the j-th octave band, and M is the total number of
octave bands.
The collection of all roots p; is exactly the set of roots for the overall AR polynomial A(z),

except that the root positions have been changed due to decimation. To reconstruct A(z), the roots
in each octave band need to be projected from its octave band to the entire frequency band. Writing

the roots in (4.2) in polar form:
Py =Y ;exp(jo;) (4.29)

the projection from the octave band to the entire frequency band is reflected in

0
Pj =Yy exp(j=5) (4.30)

2/

ﬁ(z) can then be approximated as

M P
A(z)= HH(I— pjz ) 4.31)

j=1 =1
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From (4.1) and (4.3) we see

iaiy,,_i =x,+ iaie,,_i 4.32)
i=0

=0

Taking the variance on both sides of (4.32) yields

i=0
where we used the condition that the excitation process and the observation noise are zero mean

2
]=o§ +02Yaf (4.33)
i=0

white and independent processes. Finally, the excitation noise of the signal process can be

approximated as

P
4y
0 i=0

Ny 1
6x=—]\7[2

i:p 1=

2
}— 5 3i|ai|2 (4.34)

where N is the number of data points in the time window. After the estimates ﬁ(z) ) 6'3 and 6&
have been determined, the Wiener filter for the entire frequency band can be constructed.

Equations (4.31) and (4.34) provide approximations for constructing the second stage optimal
Wiener filter for the entire frequency band, or global Wiener filter, based on the estimates in each
subband, as obtained in the first stage. When the poles of the signal components are located close
to the unit circle, the approximation is a good representation of the actual signal model; otherwise,
some error in the estimation of excitation noise power may result. Fortunately, the performance of
the global Wiener filter depends much more on correct pole positions than on correct noise powers.
If the spectral estimator can track the changes of the signal components and provide correct pole
positions over time, the signal components will pass the filter. A filter constructed from incorrect
pole information can cause serious distortion, even filter out the actual signal. The gains and
bandwidths centered at each pole are controlled largely by the excitation noise and the observation
noise. With noise compensation, over-estimation of the observation noise power will produce over-

smoothed results (narrower passband). It may also cause ?y(O) —6‘3 <0 (negative PSD), which
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could cause serious distortion in the filtering. To prevent the negative PSD a threshold 6 >0 can

be used, such that the constraint 7,(0)~&2 28 is valid, by reducing G? as necessary.

4.4  Examples of optimal filtering of noise contaminated nonstationary signal

The experiment designed in this section provides examples of optimal filtering of noise
contaminated nonstationary signals. In the experiment a time-varying AR(4) process in wideband
noise is used, with SNR equal to 0 dB (Figure 4.4a). The poles of the AR(4) process are defined
by:

P12(n)=099 exp[i 72100625 + 00375cos(001 12n)]
(cycles/sample) 4.35)
P3.4(n)=099exp[+/2m(00313— 00188 cos(0.0112n)]

The excitation noise o2 of the AR process is a nommally distributed process with zero mean and

variance 10™. The global Wiener filter realizations used are all noncausal IIR approximations.
Given the true time-varying parameters, the ideal Wiener filter provides 10.46 dB of noise
reduction (Figure 4.4b). The Wiener filter updated from a conventional fixed resolution windowed
RLS algorithm [101], a special form of the Kalman filter, achieved 4.09 dB of noise reduction
(Figure 4.4c), whereas the MPSE-based Wiener filter realized 8.73 dB of noise reduction (Figure
4.4d). The MPSE Wiener filter is constructed by projecting the estimated parameters for each sub-
process from its own octave band to the global frequency band.

The same signals were also used to test the performance of different realizations of the time-
varying Wiener filter, i.e. the non-causal IIR filter (NC-IIR), the causal IIR filter (C-IIR), and the
FIR filter. The results are listed in Table 4.1. The experiments are grouped into two groups based
on the condition of whether the time-varying AR parameters for designing the optimal filter are
assumed to be known a priori or not. The measurement of performance is based on the mean

square error P, between the signal s, and the optimal filter estimate §,, as well as the SNR of the

optimal filter estimate. Here the mean square error P, is estimated by:
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Figure 4.4a Signal x(n) (solid) and noise-contaminated observation y(n) (dotted).
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Figure 4.4b Signal (solid) and estimate based on the Wiener filter
associated with perfect knowledge (dotted).
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SNR=4.09 dB
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Figure 4.4¢ Signal (solid) and estimate based on the Wiener filter
associated with knowledge based on direct AR estimation (dotted).
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Figure 4.4d The signal (solid), and the estimate (dotted) based on the
Wiener filter associated with knowledge based on MPSE estimation.
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N-1 2

~ 1 A
P =— s -5 ) 4.36
=y = 5) (4.36)
where N is the total number of samples in the estimate; the SNR is defined as:

P.
SNR =10 log,, [—Ig—’] daB (4.37a)

€
where P, is the cross covariance between the signal s, and its estimate §, , which is estimated by:

N-1

A 1 ~

P, = F;snsn (4.37b)
Since in this experiment the SNR of the observation is about zero dB, the SNR of the estimate is
also the SNR improvement of the optimal Wiener filter. The total data length N used in this
experiment is 1000, after 100 data points of transient having been removed from both ends of the
estimated sequence. The time delay D used for the causal IIR and FIR Wiener filters is 20 samples.
The length L of the FIR Wiener filter is 40 samples.

Table 4.1 shows that when the time-varying AR parameters are known a priori, the NC-IIR
provides the best performance; the FIR performs in second place; while the C-IIR filter
performance is the worst among all three forms. However, when the time-varying AR parameters
are unknown and have to be estimated from the observations, the performance ranking is reversed.
That is, the performance of the C-IIR filter is best; the FIR filter is next; and the NC-IIR filter is
ranked last among three filter forms. To explain the performance ranking under different
conditions, we executed the same test for 50 trials for all three optimal filter forms under the
condition that the signal AR parameters were known a priori. Figure 4.5a, b provides the SNRs
and the mean square errors for 50 trials of all three filter forms. This figure shows that the
performance ranking of the optimal filters is consistent for each trial. Table 4.2 provides the mean
values of the SNRs and their standard deviation. For comparison, the table also provides the
performance ranking under time-invariant conditions by freezing the AR parameters at the values

for n equal 0.
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Figure 4.5a Mean square errors for the NC-IIR (dotted), C-IIR (dashed), and FIR Wiener filters.
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Figure 4.5b SNRs for the NC-IIR (dotted), C-IIR (dashed), and FIR Wiener filters.
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Table 4.1 Performance of the optimal Wiener filter realizations,

. Conditions A priori known AR parameters Estimated AR parameters

Filter forms

Pe=47x107? Pe=71x1073
Non-causal /IR

SNR =10.46dB SNR =8.73dB

Pe=59x107 Pe=70x1073
Causal IIR with D =20

SNR =9.41dB SNR = 893dB

Pe=54%107 Pe=71x10"
FIR with D=20; L =40

SNR =9.80dB SNR =8.874B

Table 4.2 SNRs of the optimal Wiener filters under time-varying and time-invariant conditions.

Conditions ___ Time varying L Time invariant
Filter forms SNR = standard deviation SNR + standard deviation
Non-causal IR 9.44+098 dB 10.60+0.85 dB
Causal IIR with D =20 8.43+0.88 4B 10.34+0.814dB
FIR with D=20; L=40 8.70£0914dB 10.05+0.79 4B

As we expected, under time-invariant conditions the NC-IIR filter yields best performance since
there is no approximation made in this filter form; the C-IIR filter produces the second best SNR,
the reduction in the SNR being caused by the approximation of the anti-causal part of the NC-IIR
with a finite time delay impulse response; the FIR provides the lowest SNR since both the causal
and anticausal parts of the NC-IIR are approximated by delayed finite impulse responses. When
the signal is nonstationary, the performance of the NC-IIR filter is still ranked first since its
optimal form does not depend on the stationarity of the signal. However, its delayed approximate
versions, the C-IIR and FIR depend on the stationarity of the signal. The longer the filter impulse
responses are, the larger the influence of the nonstationarity. There exists an optimal filter length at
which the improvement in SNR, obtained by increasing the filter length, is canceled by
nonstationarity. Therefore in the given example, the FIR filter produced better performance in
general than the C-IIR filter.
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The standard deviations in SNR of the different optimal filters provide another characteristic of
the optimal filter, i.e. the sensitivity of the filter performance to the match between the filter
parameters and the signal parameters. The more optimal the filter is, the more sensitive it is to its
parameters. Thus the NC-IIR filter is most sensitive to the match in parameters, and the causal IIR
is the least sensitive among the three forms. When the signal parameters have to be estimated from
noise contaminated observations, the sensitivity of the filters plays an important role in the
performance. That is why the performance ranking among the three forms is reversed when the
parameters of the optimal filters are obtained based on estimation.

4.5 Tracking noise contaminated nonstationary signals in the phase space

The second experiment is designed to test the performance in tracking of the time-varying
spectral components of a noise contaminated signal. The test signal consists of four equal
amplitude sinusoidal frequency components with differently time-varying patterns, which is an
AR(8) process. We have f| at 20 Hz, f, at 22 Hz, f, switching instantaneously between 155 and
165 Hz with a period of 0.3 second, and f, changing sinusoidally between 48 and 52 Hz with a
period of 0.25 second (See the solid lines in Figure 4.6a). Zero-mean white noise is added to
achieve various SNR. The spectral estimates, based on the observed noisy signal, are then used to
evaluate the performance of the associated Wiener filters. The Wiener filter updated from a
conventional fixed resolution WRLS algorithm can not track the changes in the frequency
components, even at high SNR (Figure 4.6a, b). The Wiener filter updated from MPSE shows a
good match between the actual and estimated time-varying spectra (Figure 4.6¢, d). The MPSE
estimated spectrum follows the temporal changes for SNR as low as 0 dB (Figure 4.6¢). The
improved estimation process again translates to better performance for the MPSE-based optimal

Wiener filter.

The given experiments show that the performance of the MPSE-based Wiener filter lies much
closer to the ideally possible performance than for one based on conventional fixed resolution AR
modeling. They also demonstrate that MPSE can outperform the conventional fixed resolution AR-
PSE; not only in a high SNR environment, but also in a low SNR environment. That is, MPSE has
better noise immunity than the conventional AR-PSE methods.
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Figure 4.6¢c Spectral peaks of the signal estimated by the MPSE-based Wiener filter (SNR = 0 dB).
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Figure 4.6d Spectral peaks of the signal estimated by the MPSE-based Wiener filter (SNR = 20 dB).

124



4.6  Summary

The Wiener filter based on MPSE can zoom in a high frequency band, to catch fast "local"
events, and zoom out in a low frequency band, to match the slow "global” changes. Compared with
conventional fixed resolution parametric estimators, the MPSE method also offers better time
resolution. The frequency band-splitting procedure used in MPSE can reduce the necessary model
orders and improve signal-to-noise ratios, and thus reduce estimation errors. Three realizations of
the optimal Wiener filter are given; for each the MPSE parameters are shown to relate directly to
the Wiener filter coefficients, readily providing updates of the time-varying Wiener filter.
Experiments show that the performance of the MPSE-based Wiener filter lies much closer to the
ideally possible performance than for one based on the usual AR modeling.

The MPSE Wiener filtering can be performed either independently in each octave band, when
recovering the signal components is of major interest, or in the entire frequency band, to prevent
the waveform distortion caused by different group delays. Precautions need to be taken when using
the noise compensation method. Over-estimation of the background noise level can cause over-
smoothing of the signal, or even produce a negative PSD, which can bring about serious distortion

of the waveform.
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S. TIME-FREQUENCY ANALYSIS OF EEG SIGNALS

51 Introduction

The Electroencephalograph (EEG) of the brain reflects, over time, a dynamic interplay between
excitatory and inhibitory processes. Specific frequency bands that can be associated with different
states of arousal, ranging from coma to heightened attention, have been identified from the study of
the Fourier spectrum of the EEG [120]. Recently more attention has been given to specific
oscillatory activity generated either cortically or subcortically as indicators of ongoing reciprocal
interactions between excitatory and inhibitory mechanisms either within neurons or by neuronal
networks, within or across brain structures and regions. For example, lower frequencies
(f <4 Hz) may involve the entire neocortex and are associated with lowered arousal within sleep
or pathological states [121], while higher frequencies appear to originate from localized assemblies
of neurons in specific structures and are associated with cognitive processes that change rapidly
[122]. However, much less work has examined the fluctuating waxing and waning of the activity,
in terms of both frequency and amplitude, over real time periods. Almost no work has examined the
interrelationships between oscillatory activity between different frequency bands at the same

recording site or across sites, let alone across time.

The EEG signals or brain waves are characterized as nonstationary stochastic signals. Unlike the
electrocardiograph (ECG), there is no particular wave form that can be associated precisely with
the EEG. Only the oscillation rhythm and its amplitude are considered to carry information. Thus,
the estimation of the time-varying spectrum of the EEG is critical in studying brain waves and the
associated brain functions. The oscillation thythms of the EEG are commonly defined into different
waves, such as 8, 6, o, B, and y waves (see the second column of Table 5.1) or it can be defined
into finer frequency bands (as listed in the third column of Table 5.1). Still, the frequency
resolution corresponding to the bandwidth of each of the above rhythms is coarse.

Defining the EEG signal components according to their oscillation frequency may potentially
hide the time-varying characteristics of the frequencies of these signal components; that is not only
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the magnitude of the signal component is time-varying but also is its frequency. When the
frequency of a brain wave varies continuously from one defined frequency band into another, e.g.
from the « frequency band into the B frequency band, one can not distinguish whether an old o
wave vanishes and a new § wave emerges or a single signal component varies its frequency from a
low frequency to a high frequency. On the other hand, when monitoring the EEG in a certain
frequency band with a bandpass filter, the change in intensity of the output of the filter can not
distinguish the causes of the change, that is, the change in intensity may be caused by a change in
the magnitude of the signal component, and/or caused by the change of the frequency of the signal
component when the frequency shifts in and out of the filter passband.

Table 5.1 Definitions of different EEG waves.

rhythmic waves | (in Hz) (in Hz)
o 0.5-3.5 0.5-3.5
0 3.5-7.5 low 0 (3.5-5.5) & high 6 (5.5-7.5)
o 7.5-13 | low a (7.5-9.5), middle o (9.5-11.5), high o (11.5-13.5)
B 13-38 low B (13.5-20), high B (20-38),
Y 38-42 38-42

Although EEG signals are nonstationary, their time-varying characteristics have most of the time
been neglected in data analysis. Due to limited technology, most studies of scalp-recorded
oscillatory activity in the time domain and in the frequency domain are two separate processes. The
analysis in the time domain is mainly focused on statistical waveform measurements and waveform
decomposition, such as in principal component analysis, by which the spectral information in the
signal components is lost during data processing, which then frequently results in statistical
inconsistency. The analysis in the frequency domain is mostly done by employing Fourier

transform based methods. The result is a time-invariant spectrum which only provides an average,
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over the processed window period, of the activities in the frequency band. There is no temporal
information left in the Fourier spectrum of the brain wave. For instance, when a broad band
spectrum is produced by Fourier analysis, one can not tell whether the broad band spectrum is
generated by a narrowband time-varying frequency component or whether it is a sign of the

coexistence of multi-frequency components.

Therefore, in the rapidly expanding field of research involving EEG signal processing, there is a
need for new techniques to analyze the spectral and temporal aspects of dynamic brain activity in
the time-frequency space, since it is a nonstationary process that has a time varying spectrum. The
Multiresolution Parametric Spectral Estimation (MPSE) method is proposed as a new approach for
time-frequency analysis of brain waves. The goal is to provide not only the temporal information
(waveform) or spectral information (Fourier spectrum), but the combined information in the time-

frequency phase space.

5.2  Time-frequency analysis of EEGs

Time-frequency analysis of signals provides a decomposition into frequency components as
functions of time. This allows one to see whether a particular frequency component exists, as well
as its time-varying patterns. Such time-dependent behavior can then be correlated with timed
events, such as evoked potentials, and thus produce new avenues for analysis and interpretation of
neurological signals. Another feature of accurate time-frequency analysis is that it can show the
simultaneous - in time - occurrence of different frequency components, especially when some are
weak and others are strong. Again this provides additional information for analysis and
interpretation. In addition, the time-varying patterns of each spectral component in both magnitude
and frequency, together with their geometric distribution on the scalp, are important for identifying

specific brain activities and for distinguishing noise from brain waves.

Most recent emphasis in time-frequency analysis methods has concentrated on the wavelet
transform, a Fourier transform based method. While the wavelet transform produces a time-
frequency analysis of a signal, there are limitations to the accuracy with which time and frequency
can be determined. As studied in Chapters 1 and 3, the product of the time and frequency
resolution is limited by the Heisenberg uncertainty principle; this is the well-known fundamental
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limit of frequency resolution for any Fourier transform based method using a finite data sample.
The frequency resolution is inherent in the procedure because a finite window of data is analyzed
for its frequency content as the window moves in time. As the window is short, time localization is
more accurate, while frequency localization is less accurate. As the window is made longer, time
localization worsens and frequency resolution gets better; the latter assumes however that the
behavior in frequency is stationary over the analysis window. Since the EEG signals are time-
varying and some of its frequency components are short lasting, with various temporal pattermns,
both time and frequency resolution are essential for catching these phenomena. The resolution limit

for Fourier transform based methods is not desirable in the processing of EEG signals.

In practice, due to computational complexity considerations, the popularly used wavelet
transforms are discrete wavelet transforms whose basis functions are in the class of orthonormal
bases of compactly supported wavelets [55]. With the multiplier a = 2, the daughter wavelets of
the discrete wavelet transform act as FIR octave bandpass filters (for details see Chapter 6). These
filters continuously estimate the signal energy within each octave band, such that the signal is
decomposed into multi-octave band components. Since the shape of the signal components is
determined by the associated daughter wavelets in the corresponding octave bands, the discrete
wavelet transform requires the nonzero signal components to be located at the centers of the octave
bands with the same symmetric shape as the spectrum of the daughter wavelets. Otherwise, the
decomposition can suffer from serious information loss or distortion in later reconstruction, The

requirement of octave distributed spectra is hardly acceptable in processing EEG signal.

In modem spectral estimation methods, the data are used to develop a model for the signal under
analysis, and the spectral characteristics ascribed to the data are in fact the spectral characteristics
of the model. Under the assumption of stationarity the modeled spectral characteristics are not
subject to the finite analysis window, and the frequency resolution can exceed the resolution lower
bound associated with Fourier analysis. This is not to say that there are no limitations on the
frequency resolution, for now the accuracy of the spectral characterization depends on the model
parameters, which in turn depends on the model choice and how well one can estimate its
parameters from the available data. The most popular of the modem spectral estimation methods
are based on the autoregressive (AR) model; this is undoubtedly due to the fact that efficient
algorithms exist for AR parameter estimation. Under high signal-to-noise ratios, the AR modeling
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procedures can outperform Fourier-based methods in terms of frequency resolution, especially for
short data windows [65, 66]. The problems associated with AR-PSE are that the EEG signals are
usually multifrequency components, which results in a high order AR model being needed. To
estimate the high order AR parameters, a large time window is required to produce statistically
consistent results, which yields low time resolution. The other problem of AR-PSE is its sensitivity

to signal-to-noise ratio. These problems have limited its use in processing EEGs.

To use the superior frequency estimation characteristics of parametric estimation techniques, and
also have the flexibility of changing the resolution scale in time-frequency space, we propose to
process EEGs with our MPSE. As demonstrated in Chapters 3 and 4, MPSE has excellent
frequency and time tracking capabilities, and outperforms the Morlet wavelet transform. It also

shows better noise immunity than the fixed resolution parametric spectral estimation methods.

There are two different kinds of EEG records. One is the running EEG which is collected
continuously from the subject under a design condition, such as sleeping, counting, or sitting
relaxed. The other is the evoked potential. During data collection, a stimulus is repeatedly
presented to the subject, which could be visual, auditory, or tactile. Finally, an average brain wave
response to the stimuli is composed by summing all the trial responses such that the noise and brain
waves activities which are uncorrelated with the stimuli cancel each other out. The results are the

averaged brain responses to the stimuli. The summation operation enhances the signal to noise ratio

by about +/total - number - of - trials times.

The difference between the two EEG records, from a signal processing point of view, is that the
running EEG consists usually of relatively long data records (30 seconds or more, or more than
6,000 samples for each channel). As the brain is a multi-tasking processor, brain waves are a
superposition of many different components associated with different brain activities. The
nonstationarity of the running EEG is stronger than for the evoked potential. The record length for
evoked potentials is usually short (about 1 to 2 seconds, or less than S00 samples for each
channel). After averaging, the signal-to-noise ratio and nonstationarity are improved. Meanwhile,
the high frequency components in the evoked potential have also been reduced significantly by the

averaging process. The signal energy is thus concentrated in the lower frequency bands.
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The high resolution and tracking capability of MPSE is essential for analyzing evoked potentials
as they last less than a second. It requires high time and frequency resolutions to follow the
changes of the evoked brain activities from before stimulus to after stimulus. As mentioned earlier,
the conventional Fourier transform suffers from fixed frequency and time resolutions, while
discrete time wavelet transforms require the spectrum of the signal to satisfy octave distribution.
Both the Fourier transform and the discrete wavelet transform have poor resolution as well. By
contrast, MPSE has been shown to overcome these major difficulties and to have excellent

frequency and time tracking capabilities in computer simulations [99, 100].

53 Experimental results

To demonstrate the performance of MPSE in EEG data analysis, two different kinds of EEG
records were used'. The first EEG signal is a three second running EEG from a subject with high
sustained attentional abilities, obtained while listening closely to an information auditory passage
with eyes closed. The second kind of EEG data are evoked potentials collected from a half second
before the stimulus until one and a half seconds thereafter. The stimulus is an electrical 150 Volt
pulse of 0.5 msec duration, which is applied to one of the subject’s fingers. During this recording,
the subject was under hypnosis and instructed to either pay attention to the stimuli or to not pay
attention to them. The EEG data were recorded using a 19 electrode placement system (Figure 5.1)
[123]. All channels were simultaneously recorded at a sampling rate of 256 samples/second for the
running EEG and 200 samples/second for the evoked potentials. All EEG signals were prefiltered
by a bandpass filter (built into the amplifiers) from 0.3 to 50 Hz. In the experiment, the Windowed
Recursive Least Squares (WRLS) algorithm was used for the AR spectrum estimation, and the
sliding window width used was 20 samples after decimation. The orders of the AR estimators were

2, 4, and 6 for octave bands 2 to 4 respectively.

The EEG data were provided by Dr. Helen Crawford from the Psychology department at Virginia Tech, and by Dr.
Karl Pribram from the Center for Brain Research and Information Sciences at Radford University.
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Figure 5.1 Nineteen electrode EEG system.

5.3.1 Examples of time-frequency analysis of running EEG

For processing the running EEG, MPSE was designed to split the frequency band into four
octave bands. Using asymmetric designs of the band-splitting filters, the first octave band is from
56.32 to 128 Hz; the second octave band is from 28.16 to 56.32 Hz; the third octave band is from
14.08 to 28.16 Hz; and the last one is from 0 to 14.08 Hz. Decimation was applied in each band-
splitting operation except the last one. That is, the sampling rate in the first octave band is 256
samples/second and 128 samples/second in the second octave band. The third and fourth octave
bands shared the same sub-sampling rate of 64 samples/second. Since the frequency components of
EEG signals are usually below 50 Hz (Table 5.1), the first octave band is considered an ‘empty
signal band’ and its output was not used in this study. Figure 5.2 gives the original three second
EEG records. For later comparison, a rectangular windowed Fourier transform was applied to the
data. The FFT-spectrums in Figure 5.3 show frequency components averaged over the three second
interval (768 samples). No time history of these components can be provided in such FFT results.

132



The observer can not tell whether these frequency components exist simultaneously or if they
change from one frequency to another, or if there is any on/off pattern. The MPSE results (Figure
5.4) however, not only show the existing frequencies, but also provide the time history of each
frequency component. “Due to the non-overlapping of frequencies one can see clearly the
presence of several dominant individual frequency bands that are associated with traditionally
identified rhythmic oscillations within the 0.3 to 56.32 Hz range. Differences in the anterior and
posterior regions of the brain support the view that there are two major attentional regions that

have differential EEG patterns [124-126].” [127].

To further explore the performance of the MPSE based time-frequency analysis with the
spectrogram, the Morlet wavelet transform based scalogram and the conventional fixed resolution
AR-PSE, we used the EEG data in channels F4 and P3 as examples. The Fourier transform based
spectrogram was computed by using a 128 sample FFT with a Hamming sliding window (sliding
one sample at a time). The Morlet wavelet transform was designed with 10 significant cycles in its
Gaussian window. The fixed resolution AR-PSE is computed by an 8th order WRLS algorithm
with a sliding window of 50 samples. Since the signal powers in these two channels are mainly
located below 30 Hz, we only provide the spectral analysis results from 0.3 to 28.2Hz, i.e. the
spectrum in the third and fourth octave bands.

In the first example (Channel F4), a broad band frequency component between 14 to 24 Hz (high
B) in channel F4 is observed in the FFT-spectrum (Figure 5.5¢), while the time-varying MPSE-
spectrum shows that this broad-band FFT-spectrum is formed by the time average of a single time-
varying frequency component (Figure 5.5b). The narrow-band frequency component starts at ¢ = 1
second at f = 20 Hz, increases to 23Hz, and then continuously declines to f=17 Hzat t = 2.2
seconds. The amplitude of this frequency component also varies during that period of time. The
time-varying pattern of this frequency component can be qualitatively identified from the plot of
raw data (Figure 5.5a). The second frequency component is at f = 11.5-12 Hz (low B). This
frequency component clearly shows on-off patterns. Since the on-time of the component is short,
the FFT-spectrum does not show a high spectral peak at the corresponding frequency band.
However, there is a high spectral peak near 1 to 2 Hz in the FFT-spectrum, while the MPSE
analysis result shows that this high spectral peak is contributed by a low-energy long-lasting broad-
band signal component from ¢ = 0 to 2.2 seconds. Comparing the MPSE-spectrum with the raw
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EEG data and the FFT-spectrum, the time-varying spectral pattern of these three frequency
components can not be recognized by using either the waveform analysis in the time domain or the

static spectrum analysis in the frequency domain.

Running EEG records (256 samples/s)

19 channels EEG (25uv/div)

e}
oc
el

i i i i i
0 0.5 1 15 2 25 3
time (s)

Figure 5.2 Three second raw EEG records.
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The second example analyzes the EEG in Channel P3 (Figure 5.6). The MPSE-spectrum (Figure
5.6b) shows that there is a frequency component at f= 11 Hz which changes across time, with its
amplitude waxing and waning. There are on-off patterns which have also been observed in the low
frequency band (0.5 to 5Hz). Although, the FFT-spectrum (Figure 5.6c) shows no significant
spectral peak in the frequency band from 14 to 24 Hz, the MPSE-spectrum shows that there is a
low power signal component located in that frequency region. Moreover, the on-off pattern
matches that in the first spectral component in Channel F4, while its time-varying pattern has some
phase changes. This may suggest that the high  component in P3 is the same EEG signal as in F4.
The weakness in power and the changes in phase may have been caused by propagation from F4 to
P3. If this hypothesis can be proved in future research, the distribution of individual signal
components can be used to localize the signal generator, which in turn helps the neural scientist to

understand the brain’s function and brain organization.

Figure 5.7a,b show the Fourier transform based spectrogram and the scalogram of the Morlet
wavelet transform for F4. The first signal component located in 14 to 24 Hz is barely seen, while
the other components have been averaged out due to the low resolution. Both the spectrogram and
the scalogram show interference patterns in their results. Since the time-window of the Fourier
transform is 128 samples (half second), the spectrogram is 2.5 seconds when the time window
slides from the beginning of the 3 second data to the end. In the wavelet transform, since the
window width is inversely proportional to frequency, we could only analyze to a frequency as low
as 5 Hz to generate 2.5 seconds of scalogram. The long transient in the wavelet based scalogram
makes it impossible for the wavelet to analyze short lasting events or short data records. The
MPSE-spectrum, however, has much shorter transients than the Morlet wavelet transform. The
Fourier transform based spectrogram (Figure 5.7c) and the Morlet wavelet based scalogram
(Figure 5.7d) for P3, again show poor time and frequency resolutions.

The fixed resolution AR-PSE for F4 is provided in Figure 5.8a. A strong interference (cross-
talk) between the frequency components is obviously visible in the result. Increasing the window
width of the AR-PSE, the cross-talk can be reduced at the cost of over-smoothing in time, which
means a poor time resolution. For P3, the AR-PSE (in Figure 5.8b) shows very strong interference

between the frequency components, to the point that they are no longer distinguishible.
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Figure 5.5 Running EEG FFT-spectrum and MPSE-spectrum for channel F4.
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Figure 5.6 Running EEG FFT-spectrum and MPSE-spectrum for channel P3.
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Figure 5.7 Spectrograms (top row) and scalograms (bottom row) for channels F4 and P3.
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Figure 5.8a,b Fixed resolution AR-PSE for Channels F4 and P3.

5.3.2 Examples of time-frequency analysis of evoked potentials

The raw evoked potential data are provided in Figure 5.9. The MPSE method splits the entire
frequency band (0.3 to 100 Hz) into 4 octave bands. The first octave band from 50 to 100 Hz was
empty, and thus not used in processing. The MPSE results are shown in Figure 5.10. Again, the
MPSE method demonstrates the dynamic nature of the EEG signal components: frequency changes
across time, amplitude waxing and waning, differential topographical spatial distributions, and
possible covariances between their presence or absence with one another. To quote my mentors
[127]: “Unlike [128], we observed a continuing of the "40-Hz" oscillation after the stimulus for a
longer length of time than they reported, but with a change in frequency.” “There is a very

visible "40 Hz" oscillation, particularly in T3, T4, F7, and F. 8, that fluctuates for a much longer
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period than the 100 msec noted by Tiitinen for an auditory ERP [128]. Around 13 Hz there are
two oscillations that are differentially distributed across the scalp and show frequency shifts pre-
and post-stimulus. Finally, there is a strong theta oscillation that appears immediately after the

stimulus and lasts only several hundred msec [128].”

High resolution is not the only advantage for MPSE. Frequency band-splitting in MPSE
improves the signal-to-noise ratio in each octave band. In analyzing the EEG signal, one of the
difficulties is to classify or separate muscle activity (Electromyogram or EMG) from the EEG,
especially in the higher frequency bands (above 30 Hz). To distinguish the EMG from the B or ¥

waves of the EEG is difficult because they occupy the same frequency band. The time-varying
MPSE spectrum offers a new way to distinguish brain waves from EMG activity. The EMG is
usually broadly distributed across a subject’s scalp, while brain waves are relatively localized. The
time-varying pattern of the high frequency components in all the channels can provide information
on how broadly the same pattern is distributed across the scalp. In general, if the patterns are
similar in all the channels, they are likely EMG, otherwise they are more likely 1o be brain wave
activity.

The basic patterns of the time-varying spectrum can be summarized as:

e drifting pattern (e.g. channel F4 in Figure 5.5b);

e on/off pattern (e.g. channel F4 in Figure 5.5b and channel FZ in Figure 5.4);
¢ merging or bifurcating pattern (e.g. F2 in Figure 5.4);

e amplitude waxing and waning pattern (e.g. P3 in Figure 5.6b).

These studies provide preliminary verification of the MPSE method in terms of:
(1) its superiority to other methods, such as the wavelet transform, and

(2) its ability to provide further dynamic information about brain wave activity not

available from traditional Fourier transform based methods.
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Figure 5.9 Example of Evoked Potentials.
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Figure 5.10 MPSE Results for Evoked Potentials.



54  Summary

The advantages of MPSE over Fourier transform spectral analysis, wavelet transform analysis and

fixed resolution AR-PSE in the processing of EEG signals can be summarized as follows:

e Compared with the conventional method of EEG signal processing (waveform analysis,
principal component decomposition, and static FFT based spectral analysis), MPSE
demonstrated its superior performance in tracking and retrieving of the signal components in
time-frequency space, such that the temporal and spectral information can be studied and

visualized simultaneously.

e Compared with the Fourier transform based spectrogram, MPSE demonstrated higher time and

frequency resolutions, and multiresolution capability.

e Compared with the wavelet transform, i.e. the scalogram, MPSE demonstrated better time and

frequency resolutions, and a shorter transient period.

e Compared with the fixed resolution AR-PSE, MPSE overcomes the interference between the
frequency components and the flexibility of choosing different window widths in different

frequency bands.

Although the results provided in this chapter reflect an early stage of the research in processing and
interpretation of EEG signals, the pilot data have already shown the great potential of MPSE in the
processing of EEGs. More studies need to be performed in order to relate the time-varying pattermns
of the EEG signal to experimental conditions and the behavior of the subject. We expect MPSE to

be a promising tool for future brain research.
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6. OPTIMAL WAVELET DESIGN VIA MPSE

For the last decade, wavelet transforms have attracted a lot of interest. Theory and algorithms
have been developed rapidly. Unlike the conventional Fourier transform, which suffers from fixed
frequency and time resolutions, the wavelet transform is capable of trading off resolution between
frequency and time domains within different frequency bands. This unique feature of the wavelet
transform generated an explosion of applications in various areas of signal processing, such as in

geophysics, astronomy, communications, radar, sonar, speech and image processing.

Among the various wavelet transforms, the most popular form used are the orthonormal discrete
wavelet transforms (ODWTs), since an ODWT is computationally efficient and can be designed as
a lossless process in the decomposition/composition operation. However, there are several
problems related to ODWT: as a time-frequency analyzer, the time-frequency resolution and
localization of an ODWT is poor; from a spectral analysis point of view, an ODWT produces a
distorted spectrum with energy leakage, aliasing, and magnitude distortion; to produce a reasonable
time-varying spectrum, the signal is required to be octave-distributed with a spectral shape
matching the spectra of the wavelets. To overcome these problems, a new approach for the design
of the optimal wavelet is proposed in this chapter. Using the multiresolution parametric spectral
estimator, the new method continuously tracks the time-varying signal to adapt the optimal
wavelets, which then yields high resolution, localization, and fidelity for the time-frequency
decomposition [130]. The optimal wavelets also act as matched filters, so that they can greatly

reduce broadband background noise in the decomposition process [115, 116].
6.1  Wavelet transform background

The general form of the wavelet transform can be represented as the inner product of the signal
y(¢) and the daughter wavelets h., (1), i.e.

W@ 0)=(y0 e, ()= [ YO h, () dt ©.1)
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where v is the time scale and 7 is the center of A, (¢), or the time localization of the daughter

wavelets. From a functional analysis point of view, the inner product of (6.1) provides a similarity
measure between the signal and a set of daughter wavelets. From a signal processing point of view,

the wavelet prototype, the mother wavelet h(t) is the impulse response of a bandpass filter

centered at the frequency To with an effective bandwidth of Af , defined as [35]

[ =T af
A= [2m = (6.2)
[lHC af

—oa

Controlled by the time scale v and the time localization T, the daughter wavelets A, (¢) result

from translation and scaling of the mother wavelet A(t) and can be represented as

-1

b =15 ©3)

Using the time-scaling and time-shifting properties of the Fourier transform, the frequency
responses H(f), of the mother wavelet, and H,, (f), of the daughter wavelet, are related by

H_,(f) = JoH(uf)e 72V (6.42)

Equation (6.3) shows that the daughter wavelets h,,(¢#) are also the impulse responses of

bandpass filters, now centered at

fon=holo (6.4b)

The effective bandwidths of the daughter wavelet bandpass filters can be represented as

[ -F M a
Ay = 20 =— 6.5)
H,, () df

J

—o0
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Substituting (6.4a) and (6.4b) into (6.5), we have

oo

[ - TP lHer P af
v
Af., = [2r=

[lHenf af

Using the substitution f’=1f , the above equation can be recognized as

[ -7 P ar
Af. =1 2m =

oo

[l ar

or

Oy =<0 66)

The main feature distinguishing the WFT and WT in the time domain is that the width of the
time window is constant in the WFT, so that the number of oscillations of the basis functions
increases with frequency, while the number of oscillations of the WT bases is constant over
frequency with a time-varying window width. Substituting (6.4b) into (6.6) and defining the ratio
of the effective bandwidth to the center frequency of the bandpass filter as the Q factor of the
daughter wavelets, yields

0=Yeo .Y _ onstant 6.7)
fc,'o 0

Therefore, the scale v keeps the Q factor of the daughter wavelets constant. Unlike the
conventional Fourier transform, which suffers from fixed frequency and time resolutions, the WT
is capable of trading off resolution between frequency and time domains within different frequency
bands. That is, it can zoom in a high frequency band to catch fast "local" events and zoom out in a

low frequency band to observe slow "global" changes.
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The WT provided in (6.1) can not be computed directly, since it is in continuous form. Like the
continuous Fourier transform, the continuous wavelet transform is hardly used in practical
applications unless the mathematical function for the signal is known and (6.1) can be solved
analytically. Therefore, the continuous wavelet transform is of theoretical interest but not
practically important. To be able to perform the WT in a digital computer, a discrete form of the
wavelet transform (DWT) has to be implemented. The general DWT can be derived by discretizing

the time scale v and the time localization 1 into a grid, i.e.
V =Vy; Vo >1

(6.8)
T=mTyV,; T,>0

where v, and T, are constants that determine the fineness of the grid, and the indices m and » are

integers. When m and n increase linearly, v and t will change exponentially. The general form of
the DWT is defined by

Cn = (YOl (1)) = Ty(t)h;.,,. (t)dt (6.9)

where the wavelets A, ,(t) =05 203"t —mT,).

6.2 Wavelet transform issues

In the literature, we find two different kinds of DWTs. According to the linear dependency of the
daughter wavelets, the DWT can be characterized as the frames of wavelet transform (frame
decomposition) or the orthonormal wavelet transform (orthonormal decomposition) [10]. The
frame DWT decomposition is a direct approximation of the continuous WT. The basis functions,
the daughter wavelets, of this kind are usually linearly dependent, and the set of wavelets is
redundant in terms of spanning the phase space. The redundancy of the linearly dependent wavelets
depends on the choice of v,,. When v, is chosen to be barely larger than 1, v and T are sampled in
a fine grid. The DWT in (6.9) is then close to its continuous version in (6.1). Although these

wavelets span the entire phase space, they are highly redundant; in other words, the phase space is
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oversampled. When v, is chosen to be larger, such as v, = 2, for which the decomposition is done

octave by octave, v and T are sampled in a sparse grid. As a result, the redundancy in the wavelet
set will be greatly reduced, but the wavelet set may not span the entire phase space. The
decomposition, and later composition, can suffer from information loss. Only some special basis
functions which satisfy additional conditions can guarantee to span the entire phase space. The
tighter the wavelet frame is, the tighter the restrictions on the wavelet functions. The theory of

wavelet frame [10] provides a general framework to choose proper v, and T, according to the

choice of mother wavelet, and produces balance between wavelet redundancy and precision of
reconstruction. When the wavelet functions are orthonormal, and span the entire phase space, the
wavelet decomposition is referred to as an orthonormal wavelet decomposition, which has been
proven to be equivalent to the Quadrature Mirror Filter banks (QMF) or subband-signal coding
techniques.

The advantage of redundancy in the linearly dependent DWT is that the decomposition yields
high resolution and good localization in the phase space. The linearly dependent basis functions are
closely located in the phase space (good localization), each of them acting as a short time
constrained and sharply tuned bandpass filter (high resolution). Taking the Morlet wavelet (a
Gaussian windowed complex sinusoid [129]) for example, the product of the time resolution and
the frequency resolution, the resolution cell size in the phase space, reaches the lower bound of the
Heisenberg uncertainty principle which has been proven to be the best resolution that can be
produced by any Fourier transform based method [35]. Another advantage from the good tuning
feature of linearly dependent wavelets is better noise immunity. The wavelet redundancy also

reduces the sensitivity to computational errors during the process.

The disadvantage of the highly redundant linearly dependent DWT is that the method is
inefficient in terms of computation and storage. For instance, assume an unknown chirp signal
decomposed by the Morlet wavelet. Although there is only one signal frequency component at any
given moment, the transform has to decompose the signal from high frequency to low frequency
with small time-frequency increments in order to produce a time-varying spectrum with high
resolution and good localization. Since v, is not an integer, it is hard to apply decimation during
the process. If the signal frequency is changing continuously from 100 Hz to 16 Hz, with a
sampling frequency of 500 Hz, the scalogram, an equivalent time-varying spectrum of the signal, is
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obtained by a bank of 273 FIR filters with filter lengths from 40 to 600 samples, where v, =1.01
and t,=1. The total computational effort for a MATLAB subroutine is about 500 Mflops for

processing 3 seconds worth of samples. The cost in computation will be compared in Section 6.5 to
that for our optimal wavelet decomposition. The computational inefficiency is the main difficulty

associated with real-time implementation of linearly dependent wavelets.

In contradistinction to the linearly dependent wavelets, the orthonormal wavelets form an
orthonormal basis set in the phase space, and there is no redundancy in orthonormal wavelets.

Since v, is selected as integer, such as v, = 2, decimation can be applied to the coarse signal level

in each decomposition step. Therefore, the transform is highly efficient in both computation and

storage, which is the major advantage of orthonormal wavelets.

There are several disadvantages associated with the orthonormal wavelet decomposition. First, as
a time-frequency analyzer, the orthonormal decomposition is poor in time-frequency resolution and
localization. Due to the sparse sample grid in the phase space, the decomposition produces a poor
time-frequency localization. The frequency localization is equal to the width of the octave band.
The decomposition can not tell where the frequency component is located within the octave band,
how many spectral peaks exist or what the spectral shape of the signal components is. The
additional constraint of orthonormal wavelets also precludes the free choice of highly concentrated
envelope functions, such as the Gaussian function, and thus produces poor time and frequency
resolutions. Another problem of orthonormal time-frequency analysis is that the decomposition
result, the scalogram, is hard to interpret and compare with the decomposition results using
different wavelet decompositions. The octave band-splitting filters, the daughter wavelets, are
neither intended to eliminate energy leakage from the transition and stop bands, nor to reduce
distortion in the passband. The QMF decimation will also cause unavoidable aliasing during the
decomposition [54]. The decomposed signal component is thus a mixture of signal frequency
powers from the octave band occupied by the wavelet and from its neighboring octave bands. It
also has different degrees of distortion caused by the mismatch of the signal spectral shape and the
octave bandwidth of the daughter wavelet, especially when the signal component has multiple-
spectral peaks or a broadband background with a sharp peak at the edge of the octave band. From
the spectral analysis point of view, the scalogram is a seriously distorted spectrum, although the

energy leakage, aliasing, and passband distortion will cancel each other out in the composition
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process. To yield a good time-varying spectrum, the signal requires 1o be octave distributed with a
spectral shape matching the spectra of the wavelet [57]. In applications, such a requirement is not
practical. The final problem with orthonormal decomposition is that the lossless composition is
sensitive to the existence of noise or interference, the accumulation of computational error, and the
intentional loss of small signal details, such as eliminating the ‘empty’ octave bands for data

compression.

6.3  Adaptive wavelet transforms

“The problems associated with DWTs mentioned in the last section are mainly due to the fact that
the wavelet design is independent of the signal; in other words the wavelets used are not adaptable.
As a Fourier transform based method, the wavelet transform is a nonparametric method. That is,
the basis functions, or wavelets are observation (signal) independent. They are designed to span the
entire possible signal space, rather than what the signal really occupies; even if only one signal
frequency component exists at any given moment. Meanwhile there are many different wavelet
functions, which can be characterized as either frame or orthonormal decompositions, and none is
better in absolute terms than the others. The performance of the wavelets depends on the selection
of the mother wavelet. Since the signal is nonstationary, the selected wavelet may perform well in
one time period but poorly elsewhere. Therefore, a good strategy in wavelet design is to track the
signal and adapt the wavelet to follow the changes. Instead of spanning the entire signal space, the

wavelets are allowed to concentrate and span just the subspace occupied by the signal.

The idea of adaptive wavelet design was first proposed by Szu and his colleague [131]. To
estimate the characteristics of the signal, a Radial Basis Function neural network (RBF) is used
within each octave band. In the neural network, each radial basis function, the neuron, acts as a
highly tuned bandpass filter. Only when the frequency of a signal component matches the
resonance frequency of the neuron, will the neuron produce maximum output. This frequency
selective property of the RBF is also referred to as the cocktail effect. After the properties of the
signal components have been estimated, the center frequency of a pre-chosen wavelet will be set to
the frequency of the signal component with proper time scale and translation. Thus, the center
frequency of the daughter wavelet follows the changes of the signal in each octave band. When
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there is more than one signal component in a single octave band, a super wavelet is constructed by
linearly combining the single wavelets centered at each of the signal frequency components. The
super wavelet will enhance all the signal components in the octave band. The spectral shape of the
super wavelet can contain multiple peaks, and can thus closely resemble the signal spectrum in
each octave band. It has been proven that a linear combination of admissible wavelets will still be
admissible [132]. This proof established the mathematical foundation for constructing the super

wavelet and wavelet adaptation.

Adaptive wavelet design is a two step process. The first step is to estimate the characteristics of
the signal. In the second step the statistics of the signal are used to derive the optimal wavelet
which best fits the signal. Some optimization criterion will be introduced in the second step. These
two steps can run concurrently, so that an adaptive wavelet transform operation is established. To
take advantage of decimation, the wavelets need to be organized octavely. The wavelet designed for
each octave band is no longer a simple dilation and translation of the mother wavelet. Instead, it is
a linear combination of a set of simple wavelets called elemental wavelets. Here we adopt the
name, super wavelet [131], for the compound daughter wavelet of the octave band. The mother
wavelet provides the prototype for the elemental wavelets. Potentially good elemental wavelet
prototypes are the linearly dependent wavelets, such as the Morlet wavelet, or the Gaussian
windowed real sinusoidal wavelet. These linearly dependent wavelets can sample the time-

frequency space on a fine grid, so that the super wavelet can match the signal in every octave band.

Two problems remain with the existing adaptive wavelet design. First the RBF network plays a
role as a bank of bandpass filters. Each of these can be thought of equivalently as a Gaussian
enveloped wavelet function. The process of estimating the signal characteristics is accomplished by
applying a wavelet transform in each octave band over an extra fine grid. The time and frequency
resolution and localization will largely depend on how fine the grid is or how many RBF neurons
the network has. The choice of the fineness of the RBF grid is signal independent. To guarantee
good resolution and localization, the RBF network has to be configured fine enough even for a
single signal frequency component in the octave band. Therefore, the method itself is
computationally inefficient. The second problem is that the selection of the signal frequency is not
enough to produce an optimal wavelet. There are other parameters, such as how to linearly

combine wavelets to construct the super wavelet, i.e. what is a good set of weighting coefficients;
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and also, what is the optimal bandwidth for each wavelet making up the super wavelet. These
optimization problems have not been addressed in the existing techniques. In the next section, we
propose a new approach to optimal design of the super wavelet by using Multiresolution
Parametric Spectral Estimation (MPSE). This method not only provides a systematic Way of
estimating the signal components, it also generates an optimization procedure for using the signal
component information to design an optimal super wavelet. Two different error measures are
introduced in the process. The results can be controlled by weighting these error functions. The

resulting method shows strong noise immunity as well.

6.4  Optimal wavelet design

The key to optimal wavelet design is proper estimation of the signal components within the
octave band. The estimation process provides information about the central frequencies of the
elemental wavelets, produces the proper bandwidth for each elemental wavelet, and shows how to
linearly combine them to form a super wavelet for the given octave band. In this section, we
establish a systematic process to adaptively design the super wavelet for each octave band based on
the MPSE spectral information. Two different error functions will be introduced for the
optimization of the wavelet design. The discussion will focus on a single octave band, but the
method is suitable for all other octave bands. For simplicity, we use the term subband-signal to

refer to the signal components located in the octave band where the super wavelet is built.

One of the advantages of the parametric decomposition is that there is a direct relation between

the signal power spectrum and the model parameters [66], i.e.

_6%B(2)B'(z™")
T A(@AEY

P.(2) (6.10)

where

q
B(z)= zbkz_k
k=0
(6.11)

p
A(z)= Eakz_k ; a, =1
k=0
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For a stable process all the poles of (6.10), the roots of A(z), are inside the unit circle of the z-
plane. These poles provide the peaks of the signal spectrum and the roots of B(z) provide the zeros
of the signal spectrum. The magnitude of the discrete Fourier transform of the signal can be

computed by taking the square root of (6.10) and letting z = ¢’®, i.e.

q .
|B(z) o e
(&) =
X)) = “A(z) == (6.12)
lA@) |, = gio D ae ™
k=0

If the signal is a real process, the poles are either real or occur in complex conjugate pairs located
at the frequency of each signal component. The closer the pole to the unit circle of the z-plane, the
sharper the spectral peak is. Thus, the AR parameters can fully determine the shape and the
frequencies of spectral peaks, or the spectra, of signal components. When the signal is zero mean
(no D.C. component), the number of signal components is equal to one half of the order p of the
AR model. That is, p model parameters can represent a real signal process with p/2 frequency

components.

Assume that the subband-signal is a real zero mean process and has p/2 ( p is an even integer )
components. After the AR parameters have been estimated, the magnitude of the Fourier transform
of the subband-signal can be represented as:

Gu

)]

X ()=

(6.13)

where the fractional frequency ® € [-m, nt]. From (6.11), with z = ¢/, we find

2 2
|A()] = J |:l+iak cos(k(o)] +[iak sin(k(o)} (6.14)
k=1 k=1

Since the signal is real, its Fourier transform is an even function, i.e. X{(®)= X(-®); we can limit

our discussion to the positive frequency region. The reason that we only consider the magnitude of
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the subband-signal spectrum is that the optimal wavelet filter will be designed as a linear phase
FIR filter. There is no phase distortion in that case.

After the subband-signal spectrum has been estimated, the next step is to build a super wavelet
which best matches the signal in the octave band. The elemental wavelet used for constructing a

super wavelet is a Gaussian windowed sinusoid whose spectrum can be represented as:

(0-o,) (0+m,)?

H@)=e ™ +e ™ k=1,---,12’- (6.15)

where ®, is the center frequency of the elemental wavelet and T, is the decay rate of the
spectrum, which controls the bandwidth of the elemental wavelet. As indicated, the number of
elemental wavelets in a super wavelet is equal to one half the AR order. That is, each elemental
wavelet will construct one frequency component. Thus, the center frequency of the elemental
wavelets will be at the pole frequencies of the subband-signal spectrum. The spectrum of the super

wavelet can be represented as:

pl2

H,, (@)=Y Y, H,(®) (6.16)

k=1

where 7y, is a gain factor determined by the magnitude of the subband-signal spectrum at the

center frequency of the elemental wavelet, i.e.
¥, =[X@,) k=102 (6.17)

Thus far, the elemental wavelet is designed to match the frequency and the magnitude of the
peaks of the subband-signal spectrum. The only remaining parameter is the decay rate or
bandwidth of the elemental wavelet, which will be determined by an optimization process.

To perform the optimization, we introduce two error functions. First define the error as the
distortion due to the bandpass (super wavelet) filter. This distortion is related to the flamess of the
passband and to the bandwidth. If all the signal frequency components pass the filter with the same
gain and the same group delay, then the spectral shape of the subband-signal is preserved. Thus,
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the difference between the original subband-signal spectrum, as estimated by the AR estimator, and
the spectrum at the output of the wavelet filter will provide a measurement of the spectral
distortion caused by the super wavelet decomposition. Thus the spectral error is defined as:

E, = [ (X(@)]|-|Hap @)X (@)])do> (6.18a)

© Sy H

Clearly the spectral error will be minimized if the spectrum of the super wavelet is an all pass
filter. The second error function is defined as the difference between the subband-signal spectrum

and the spectrum of the super wavelet, i.c.
w
E,= J(IX(m)|—|Hmp(0))|)d(o (6.18b)
0

When the spectrum of the super wavelet matches the spectrum of the subband-signal, the second
error function is minimized. This second, or matching error function is chosen to prevent the
spectrum of the super wavelet from being overly flat. The matched filter for white noise,
implemented by the super wavelet, can help to eliminate background noise and greatly improve the
noise immunity of the optimal wavelet decomposition [101]. Therefore, each error function helps to
improve one aspect of the super wavelet. Our general error function is constructed as the convex

combination of the two error functions,
E=M\E, +7»2E2 6.19)

where the weighting coefficients A,,A, are non-negative and sum to one. Choosing different
weighting coefficients, one can put different priorities on the error functions.

With the error function in (6.19), the bandwidth of the elemental wavelets can be optimized using
the Least Mean Square (LMS) algorithm. The decay rate, T, , of the 4-th elemental wavelet can be

updated recursively by the following equation

x,,(n+1)=1k(n)+2;‘f k=1,---,§ (6.20)

k
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A fast convergence rate has been observed during the optimization.

Equation (6.16) is the frequency domain representation of the super wavelet. The time domain
representation of the super wavelet can be obtained by using the inverse Fourier transform of the
frequency representation. However, since the Fourier transform is a linear operator, and the inverse
Fourier transform of a Gaussian is also a Gaussian, the time domain representation of the super
wavelet can be derived analytically. The Fourier transform pair of a Gaussian windowed sinusoid

is:

(0-wy)? (@+mg)? Tn®

Ho)=e * +e * o h(n)=%e——4— cos(® 1) 6.21)

The time representation of the super wavelet in (6.16) is thus:

pl2 T _nnt
hmp<n)=2n‘ge + cos(@,n) 6.22)
k=1

Since the super wavelet in (6.22) is an even function, i.e. hg,p (n) = hg,,(—n), it is a linear phase
filter. As hg,,(n) has infinitely long tails, it needs to be truncated to a finite time interval with a

proper filter length. After truncation the super wavelet also needs to be delayed by one half of its
total length to get a causal linear phase filter.

The above process provides a systematic way of designing the optimal super wavelet for any of
the octave bands. Figure 6.1 shows a system diagram for the optimal wavelet design process.
Similar to the orthonormal wavelet decomposition, the optimal wavelet decomposition consists of a
highpass filter and a lowpass filter for band splitting. The only difference between the two wavelet
decompositions is that the highpass filter in the optimal wavelet decomposition is adaptable. This
adaptation is performed based on an MPSE-AR spectral estimator which provides information
about the signal distribution in the octave band.
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Figure 6.1 The system diagram for Optimal wavelet decomposition.

6.5  Experiments

Figures 6.2 and 6.3 provide two examples of the optimal wavelet design process. In Figure 6.2,
the subband signal is a fourth order AR process with two positive frequency poles, i.e. the signal
contains two frequency components, where one is narrower in bandwidth and with larger power
than the other (Figure 6.2a solid line). White noise is added to this signal to simulate an
observation noise with SNR of 20 dB. Using the optimal wavelet design procedure above, a super
wavelet is constructed by using two elemental wavelets located at each spectral peak of the
spectrum of the subband-signal. The weighting coefficients A,,A, are chosen to have the same

value of 0.5. The LMS learning curve in Figure 6.2d shows how fast the super wavelet converged
to its optimal form. The spectrum of the super wavelet is presented as the dotted line in Figure
6.2a; its time representation is given in Figure 6.2b. In Figure 6.2c, the dotted line indicates the
ideal spectrum of the subband-signal in the octave band (noise free), the solid line is the spectrum
of the observation. Finally, the dashed line in Figure 6.2c¢ indicates the spectrum of the output from
the super wavelet highpass filter. The result shows that the optimal wavelet decomposition can
preserve signal information with minimum spectral distortion and maximum broadband noise
elimination. Figure 6.3 provides another example of optimal wavelet design. The only difference
between these two examples is that the subband-signal now contains three frequency components
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(Figure 6.3a solid line). The spectrum of the super wavelet is presented as the dashed line in Figure
6.3a; its time representation is given in Figure 6.3b. The super wavelet, in Figure 6.3c, shows good

noise immunity as well.
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Taking the same chirp signal as in Section 6.2 as an example, since there is only one signal
frequency component at any given moment, the optimal wavelet design will produce only one super
wavelet whose center frequency varies with the chirp signal. The total computation in a MATLAB

program is about 4.6 Mflops for processing 3 seconds worth of samples.

6.6 Summary

In this chapter we have proposed a systematic way of optimal wavelet design, such that the super
wavelet can track the subband signal and adapt its spectrum to follow the changes. The resulting
wavelet design is optimal in terms of better time-frequency resolution and localization, less spectral
distortion during decomposition, and better noise immunity than for other wavelet transforms. It is
also optimal in the efficiency of computation and storage. Since the super wavelet is designed
octavely, decimation can be applied to the coarse subband signal in every decomposition step. As
the central frequency of the super wavelet can track and match the changes in the signal, the
number of octave bands generated by the decomposition depends on the order of the signal model,
instead of on the lowest frequency in the signal component. Thus, our method produces fewer
‘empty’ octave bands in many applications, which can increase efficiency in terms of computation

and storage.
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7. RADIAL BASIS FUNCTION DECOMPOSITION AND

ADAPTATION

7.1 Introduction

In the previous 5 chapters, we have developed the Multiresolution Parametric Spectral Estimator
(MPSE) in theory, techniques and applications. The main focus of these chapters is on the
localization of the characteristics of a time-varying signal in time-frequency space (phase space).
Compared with the other linear decomposition methods, such as the Fourier transforms, the
wavelet transforms, and the fixed resolution parametric spectral estimators, the advantage of the
MPSE is its high resolution and flexibility of the multiresolution realization. In many applications,
the time-varying characteristics of the signal or system actually reflect its nonlinear nature. As
discussed in Section 1.4, a nonlinear system can be approximated as a time-varying linear system.
If the linear technique used can track fast enough, the behavior of a nonlinear system can still be
followed. Later, in Section 7.3, an illustrative example will be provided, where a linear dynamic
model-based WRLS algorithm is used to track a Lorenz chaotic nonlinear system. However, the
time-varying linear approximation depends on how strong the nonlinearity is, how fast the
algorithm can follow, and how fast the measurements can be made. In many cases, a simple
nonlinear problem can turn into a complex problem with the time-varying linearization approach,
and very likely the attempt will fail. Since MPSE is a linear dynamic model-based method, it
certainly has limitations in dealing with nonlinear processes.

In a practical situation, when the time-varying behavior of an unknown process is observed, one
should be concerned with whether or not the time-varying observation is due to linear
approximation. When the nonlinearity of the process under observation is taken into account, the
process may be stationary or time-invariant instead of time-varying, or the time-varying rate can be
significantly slowed down. With appropriate nonlinear techniques a nonlinear processing problem

may be solved more easily than with a linear approximation approach.

The main difficulty in modeling, or analyzing, a nonlinear dynamic system is the lack of general
theory and systematic methods. Unlike with linear systems, where the local properties are also
valid globally, the properties of a nonlinear system usually remain local. There is no general theory
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as a navigator, or general techniques, for solving nonlinear problems. In linear decomposition, the
merit function for solving the decomposition coefficients has a unique minimum, while in nonlinear
system decomposition the merit function may encounter multiple-minima. Although the problem of
searching for the global minimum of a multi-minimum merit function is an ancient topic, so far no
method can guarantee to find the global minimum, except in two very special cases. The first case
is that the existence of a lower bound of the merit function can be proved either mathematically or
physically, and one of the minima found is on that lower bound. This minimum is at least one of
the global minima. The other case is that the total number of minimum points associated with the
merit function has been found analytically, and all of them have been found in the search process.
The smallest one among those minima is the global minimum. Unfortunately, for most practical
problems, we know neither the mathematical form nor the existence of the lower bound of the merit

function. Searching for a global minimum is still greatly dependent on one’s fortune.

Since the nonlinear problems are case related, finding general decomposition basis functions is
another challenge. Polynomials have been widely used in the past. There are many different ways
of approach, either directly or indirectly. Using the Taylor series expansion as the basic model and
estimating the expansion coefficients is a direct approach [133]. Popular indirect polynomial
decomposition methods are the Group Method of Data Handling (GMDH) [134-136], as well as
most of the neural network representations [137]. Searching for the global minimum, to estimate
the model coefficients, is a major problem for polynomial-based decompositions. The other
problem is that the basis functions, {x°, x, x%,---,x*} extend from negative infinity to infinity. To

construct the dynamic hyper-surface (Section 1.4) with infinitely extended basis functions, the
problem has to be solved globally.

The Radial Basis Function (RBF) approach is a newly developed modeling method for nonlinear
processes. As mentioned in Section 1.4, the RBF are locally supported so that the optimization
problem can be extended from a small local region to the entire dynamically feasible region. It also
provides great flexibility and potential for constructing high dimensional dynamic hypersurfaces
with locally supported dome-shaped RBFs as the building blocks. However, since the RBFN is a
newly developing technique, there are many problems associated with it. For example, there are
more free parameters in the RBF than in a polynomial approximation and the judgment on which

parameters should be constrained and which should remain unconstrained has not been rendered.
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The goal for this chapter is to develop a tool for constructing an RBF representation for
nonlinear processes and to explore the potential of the RBFN approach for nonlinear process
modeling. In Section 7.2, the Equal-Distance Sampling Rule (EDSR) is proposed as a tool for
constructing an RBFN. Several application examples can be found in Sections 7.3 and 7.4.

Meanwhile, the experiments for the RBFN structure adaptation are provided in Section 7.5.

7.2 Radial basis function network construction

7.2.1 Solving for the model parameters of the radial basis function network

In the literature, the RBF decomposition is often referred to as a Radial Basis Function Network
(RBFN), because the model representation and the network representation are equivalent. That is,
both provide a functional linkage between one set of variables (the independent or input variables)
and another set of variables (the dependent or output variables). In later discussion the term RBFN
will be used to refer to either the radial basis function decomposition, or to the radial basis function
network.

The RBFN has the following general form:
y=F(x)

N
= Z aiq)i(“x - ci")

i=1

7.1)

where x = [xl,xz,...,x,,]T is an input vector in R® space, y= F(x) is a nonlinear multivariate

function which maps from R" to R, with {g;: i=1,2,...,N} as the set of model parameters, and
T

¢ ‘-(“x - c,-") is the i-th Radial Basis Function (RBF) centered at ¢; = [c1 i1 Cajsenns c,l,,-] .

Many system identification or signal modeling problems can be treated as the reconstruction of
F(x) from observations. After the basis functions have been selected, the modeling task is to find
the associated set of model parameters {g;: i=1,2,..., N}. For example, if M input-output pairs

have been observed, these input-output pairs are linked by (7.1) as:
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N
n=F(x)= zaiq)i(rl,i)

=1

N
Y, =F(x,)= aﬁ’;(r,z)
? ? ; ? (7.2a)

N
Yu =F(xXy)= zaiq)i(rM,i)

i=1

where 7;; =||x i —c,." is the norm distance from the j-th input vector x; to the i-th center c;.

Equation (7.2a) can also be written in matrix form:

N b1 0 O || &
=] e : : (7.2b)
Yu Omi - Omn||an
or
y=O(X)a (7.2¢)

. . T .
where ¢, ; =¢,-(rj,,.), y= [yl,yz,---,yM]T is a collection of outputs, X =[x;,x,,"-",Xy] is a
collection of input vectors, and a=[a,,a,, -, ay ]T is the model parameter vector.

We distinguish three possible cases in solving (7.2) for the set of parameters. The first case is for
M < N, when the number of equations is less than the number of unknowns. Equation (7.2) then
has no unique solution, and more input-output samples are required. The second case is
forM = N, when the number of equations and unknowns is equal, and the matrix ®(X) is not
singular. Equation (7.2) now has a unique solution for the set of parameters a. The result is a
hypersurface, defined by (7.1), on which all the input-output samples lie. The last case is for
M > N, when the number of equations is larger than the number of unknowns. If the unknown
dynamic system is a deterministic system, there are M - N row-vectors in the matrix ®(X) that are
linearly dependent and can be eliminated from ®(X), and now (7.2) has a unique solution. If the

system is a stochastic dynamic system, or the observations have been contaminated by background

166



noise, a least squares solution of (7.2) can be obtained by using the pseudo-inverse of the matrix
O(X), ie.

a=0"X)y (7.3)

where ®*(X) denotes the pseudo-inverse of the matrix ®(X), and a denotes the least squares
estimate of the true set of model parameters a. The constructed hypersurface has the shortest

average distance to all the input-output samples.

To determine the fit of the model to an unknown system, an error function & is evaluated by

1 M
E=L (7.4)
P>

N
Ve — 2 ai¢i(l|xk - c.'"),

i=1

Usually, the data set used to build the model and the data set used to test the model validity are
different sets, which helps avoid over-fitting of the sample data. This is very important for
constructing the stochastic dynamic model.

7.2.2 Selection of center locations for the radial basis functions

In constructing the RBFN representation of a signal model or unknown system, the most
important, and also difficult, aspect is the selection of the RBFs based on the given samples. There
are many free parameters, in addition to the set of model parameters a, for RBFs. For instance, if
the mathematical form of the basis function ¢;(x) is chosen as Gaussian (1.13b), the free
parameters are the dilations of the Gaussian functions, and their center locations. If the dimension
of the input space n>1, the dilations along different directions can also be different. Moreover,

the total number of basis functions used is another factor important to the RBFN.

In reported results, the dilations 62 of the basis functions are usually the same for all the basis
functions and all the directions. The choices are either arbitrary constants or determined by the
reachable dynamic region of the system under identification [98]. The centers of the RBFs are
selected from the input vectors; they are either the entire collection of input vector samples or a

subset of it [98]. If all the input vectors in the training data set are chosen and the number of input
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vectors in the set is large, it may no longer be practical to compute and store ®(X) which is of
size M X M . When many centers are located close to each other, the matrix ®(X) will be nearly
singular, or ill conditioned. It then becomes difficult to solve (7.2) numerically. In modeling a

stochastic system, closely located basis functions may also overfit the hypersurface.

A sub-optimal method to select the centers has been proposed by Chen, Cowan and Grant in
their research on the identification of nonlinear systems [98]. Their procedure is called the
Orthogonal Least Squares learning algorithm (OLS). The OLS algorithm starts with the selection
of the first basis center from the entire input vector set with M members. Equation (7.2) is then

solved by the least squares method with N = 1. The approximation error & of the one basis

function model is also computed. This procedure will be repeated until all the members in the
collection of input vector samples have been tested. The input vector sample producing the
minimum approximation error is then chosen as the first ‘optimal’ center location for the RBF. The
second center location for the RBF is then chosen from the remaining input vector set with M-1
members. The OLS will be used to solve (7.2) for the parameters of the model with two basis
functions (N=2), and the model approximation error & is calculated. This procedure is repeated

until all possible second basis functions have been tried from the remaining input vector set. The
optimal second basis function is chosen according to the smallest approximation error. The
subsequent basis functions are selected following the same procedure, adding new basis functions
until the approximation error has reached an acceptable level. The solution is Suboptimal because

the center locations are selected one after the other.

The problem of the OLS method is that it is computationally intensive and requires large storage
space, especially when the number of input-output samples and/or the number of final basis

functions is large .

A simple method is proposed here for selecting the centers for an RBF. The method is named the
Equal-Distance Sampling Rule (EDSR), which is partly inspired by sampling theory in signal
processing. When a continuous signal is sampled by a 8 sequence, the sample interval is usually
fixed. Although, this sample rate may not be optimal for a particular part of the signal waveform,
the general performance can be preserved if the Nyquist sampling rate is satisfied. It is rarely
practical to adaptively change the sampling rate according to the signal waveform, although the
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efficiency can be much higher. Thus, the EDSR is designed to sample the unknown hypersurface

with n-dimensional Gaussian basis functions spaced at approximately ‘uniform’ distances.

In the real world, the dynamic range of the output and input of a system is always finite. The
shape of the accessible region in the input space is usually irregular. For instance, the nonlinear

Henon equation is a second order quadratic difference equation defined by [138]

Yn = F(yn—l’ yn—Z)
(7.5)

2
=c—ay,,+by,,

where a, b, ¢ are constant parameters (c is also equivalent to a constant driving force of the
dynamic system). The input space of the difference equation is composed of y,.; and y,2, a two
dimensional space. The dynamic surface F(-) is hyperbolic along y,; and linear along y,... By
selecting different parameter sets {q, b, c}, the above difference function can demonstrate periodic,
unstable, or chaotic behaviors. When the parameters b and ¢ are set at b=0.3 and c=1, by
continuously varying parameter a from 0.5 to 2.0, the Henon dynamic system exhibits different
periodic and chaotic behavior. Plotting all possible statuses of the output of the system y, against
parameter a, we produce the so called bifurcation map of the Henon equation (Figure 7.1a). From
the diagram, one can easily find the values of @ which produce one possible status of y, , two
possible statuses of y,, and & statuses (k=3,4,....), as well as chaotic dynamics. When the system is

in one status mode, y, =y, =Y, there exists only one possible input vector [y, ;,y,,] in the

two dimensional input space. Thus the feasible input region is a single point. When the system is in
the mode with k possible statuses, there are k possible input vector in the input space. When the
system is in chaos, although y, has numerous possible statuses, the input vectors still fill in a small
arch-like belt area of irregular shape in the input space (see Figure 7.1b). Since the input dynamic

ranges arc ~14<y, , <14, and -14<y, , <14, the input space can be sampled on an 8x8

grid with a sampling distance of 0.4, and the total number of basis functions is 64 to cover the
square area containing the dynamic region. Of these RBFs many are in the inaccessible dynamic

arca.
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Figure 7.1a Bifurcation map of the Henon equation.
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Figure 7.1b The input vectors ‘.’ and the selected centers for the RBF <*’,
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The input space in the Henon equation is low dimensional. If the input space were high
dimensional, 10 sample the input space on a uniformly distributed grid in a hypercube, the total
number of basis functions would be enormous, and most would fall in the dynamically inaccessible
area. To cover the entire dynamic region without putting any basis function in the unreachable
region, the EDSR is designed to choose the center locations of the basis functions from the
available input vectors with an approximately equal distance. The EDSR starts with arbitrarily
selecting an input vector as the first center of the RBF, and measuring the distances from that
center to all other input vectors. A second center is selected from the input vector set according to
the distance to the first center, which is closest to the selected sampling interval. Meanwhile, input
vectors will be discarded from the set of center location candidates if they are close neighbors, i.e.,
if they fall radially inside the region of the sampling interval centered on the first two basis
functions. The procedure is repeated until all members of the input vector set have either been
selected as centers or discarded as being close neighbors. After the centers of the RBFs are chosen,

the set of model parameters is solved for by using the pseudo-inverse approach in (7.3).

In the temporal domain, the sampling period can be determined by analysis of the temporal
frequency of the signal. For the RBFN, the spatial frequency of the hypersurface can not be
analyzed since it is supported by the input space with an irregular geometric shape. To determine
the proper sampling distance, the EDSR partitions the input-output training data set into two
separate sets. One set is for constructing the RBFN, i.e. for choosing the centers of the basis
functions and for estimating the model parameters. The other set is for testing the validity of the
model. The construction of the EDSR starts from an initial sampling distance 6,. The RBFN

based on 9§, is evaluated by using (7.4) to compute the approximation error &, with the second

data set. In the second iteration, the new sampling distance 8, is chosen from

8,=8,+1E,u—Ep) (7.62)

where L is the step size, and ¢, , is the maximum acceptable approximation error. Repeating the
first step, we obtain the new approximation error based on 8, . Starting from the third iteration, the

new sampling distance is chosen from

8, =0, +uE€, -&,)) (7.6b)
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The iteration continues until the error is lower than the desired value ¢ ,,, , or the error function no

longer converges , ie. [§, —&,_;| < threshold.

The advantages of the EDSR are simplicity and effectiveness. There is no sophisticated
computation, and there is no matrix operation involved, so that it can work easily for a large
training set in a high dimensional input space. For the example of the Henon equation, with 0.4
sampling distance, the total number of centers required to cover the entire dynamic feasible input
space is 11 (Figure 7.1b). Compared with 64, the efficiency of the EDSR is obvious. Another
advantage of the EDSR is its flexibility. If any new sample becomes available later, and it is not
within the sample radius of any of the selected centers, the new sample can be added as a new basis

center. Therefore, the RBFN built by the EDSR is potentially adaptable during its operation.

The performance of the RBFN using the equal-distance sample rule has been tested extensively
in modeling linear and nonlinear (chaotic) dynamic processes for different orders of system
dynamics and SNR conditions. Part of the experimental results are presented in Sections 7.3 and
7.4. Meanwhile, the performance of the RBFN using the equal-distance sample rule has been
compared with those using the OLS leamning rule. When the number of basis functions for the
EDSR and OLS was selected to be the same, both methods produced the same quality of results for
the given experiments. It was thus demonstrated that the performance of an RBFN is not
particularly sensitive to exactly which centers have been picked up if the distribution density of the

RBFs is satisfied and the entire feasible dynamic range is covered.

7.3  RBF decomposition for time series prediction

Three computer simulations were designed to demonstrate the performance of linear and
nonlinear modeling methods in one step fofward prediction of the linear or nonlinear (chaotic)
processes. The linear method used was either the WRLS or Burg algorithm, which are based on the
linear AR model. The nonlinear method was the RBF representation of an unknown dynamic
function. The center locations of the RBF were chosen according to the EDSR given in Section 7.2.
The weighting coefficients of the decomposition were estimated by using the least square
algorithm. The computer simulations are compared on the basis of the residual of the forward

prediction of an unknown dynamic time series.
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First, a linear dynamic process was used. This experiment is designed to demonstrate that the
RBF modeling could yield the same good results for a linear system as a linear model-based
method. After that, two nonlinear (chaotic) processes were used in the computer simulations. One
is a continuous dynamic process generated by the Lorenz equation, and the other is a nonlinear
discrete process generated by the Henon equation. Both the linear and nonlinear modeling
techniques have been tested in the computer simulations. These experiments are designed to explore
the performance of the piecewise linear and nonlinear modeling techniques, and to test the EDSR
for selecting the RBF centers as well.

The linear dynamic time series was generated by a second order AR process (Figure 7.2):
y, =01y, +08y, ,+n, 7.7

where M, is Gaussian white noise with zero mean and variance 6> =0.27. In the computer

simulation, two sets of sample data were generated by (7.7) with 200 samples in each data set. The
first set is used for constructing the model and the second set is used for testing the validity of the
model.

‘ | | |
0 20 40 60 80 100 120 140 160 180 200

Figure 7.2 AR(2) linear time series.
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A second order AR model was used for the linear forward prediction. The model parameters
were estimated by the Burg algorithm. The variance of the linear prediction error is 6%, =0.2611,
which is close to ideal. Five basis functions were selected by the EDSR for the RBF decomposition
model (Figure 7.3). These basis functions constructed a linear dynamic ‘plane’ in the input space
(Figure 7.4). To compare the estimated dynamic plane with the ideal one, Figure 7.5 provides the
cross sections of the estimated (the solid lines) and original dynamic plane (dashed lines), i.e.

¥, =01y, the projection on y, , =0 plane
(7.8)

¥, =08y, , the projection on y,; =0 plane

The diagram shows that the estimated dynamic plane is not perfectly ‘flat’, as it has the freedom
not to be, but it is close to that. The variance of the forward prediction error for the RBF
decomposition method is 6%, =0.2612. Both the linear and the nonlinear estimator give almost
the same performance in the computer simulation.

In the second computer experiment, the testing data were generated by the Lorenz equation which
is defined by

,

dx
— =0 -—
a7 -2
dy
{ Z=—xz+ox-— 7.9
dt X y (79)
dz
m—w—&

where o, B and o are constants. Chaotic solutions of the Lorenz equation result with
o=28;B = 8/3; and 6 =10 [139]. The Lorenz equation is a third order nonlinear differential
equation whose phase space is three dimensional with variables x(t), y(¢), and z(z). The Lorenz
dynamic system has two attractors and a repeller (unstable equilibrium point). Figures 7.6a,b
provide the 3 dimensional dynamic trajectory of the Lorenz equation and the one dimensional

projection of the trajectory x(z). Two dynamic basins are shown in Figure 7.6a, which are
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organized and centered by the attractors and separated by the repeller. The dynamic trajectories
were generated using a Runge-Kutta method.

-2 _
y(n-2) 2

Figure 7.3 The input space, where the input

vectors are plotted as ¢.’, and the RBF centers
are plotted as “*°,

Figure 7.4 Dynamic plane reconstructed by
the RBFN.

- — —
— -

...........................................

Figure 7.5a, b Cross sections of the estimated
(solid) dynamic plan and the ideal (dashed) plane.
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Figure 7.6 (a) 3 dimensional dynamic trajectory of the Lorenz
equation; (b) 1 dimensional trajectory x(z).

In the simulation, a third order AR forward estimator was used to perform piecewise linear one
step forward prediction of the one dimensional trajectory x(z). The parameters of the AR model
were continuously estimated by the WRLS algorithm with a sliding window of 50 data points. The
residual e(z) of the AR forward prediction of x(z) (Figure 7.7a) is relatively small compared with
the actual values. The variance of the residual of AR prediction is 5.4794 x10™5. We also use the

relative residual power as a performance measure. The relative residual power is defined by

_ variance of the residual (power of linearly unpredictable part of the signal)
variance of the signal ( total signal power)

(7.10)

€

p. is a ratio measuring the percentage of linearly unpredictable signal power. The relative residual

power of the piecewise linear AR estimation is 7.9356 x 107 . This experiment demonstrates that if
the tracking speed of a linear estimator is fast enough, the piecewise linear method can produce a
good approximation 10 a nonlinear system.

The same Lorenz trajectory was used to test the RBF nonlinear prediction model. The total
number of basis functions used for modeling the Lorenz equation is 17 after the input vector space
was sampled according to the EDSR. The variance of the resulting prediction error is
1.8623x 107 (Figure 7.7b), or the relative residual power is 2.6971x107®, which is about 30
times lower than that obtained by the linear AR predictor.
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Figure 7.7 (a) Residual for WRLS prediction; (b) Residual for RBF prediction.

To study how time-varying linear approximation works for a nonlinear system, such as the
Lorenz dynamic system, we provide the history of the estimated linear model parameters, the
residual power of the forward prediction and the distance from the dynamic trajectory to the
hyperbolic point in Figure 7.8a-c respectively. The history of the estimated model parameters
indicates that during most of the time the model parameters are nearly time-invariant, i.e. the
dynamics of the unknown system act as a linear dynamic system. When the system is in a linear
region, the residual is also small. Compared with the distance from the dynamic trajectory to the
hyperbolic point, the system acts linearly when it is surrounded by one of the dynamic basins and
far away from the repeller. When the trajectory approaches the repeller the nonlinearity increases.
The model parameters show quick changes, indicating that the WRLS algorithm tries to adapt
itself and to follow the dynamic change. Meanwhile, the residual increases. When the dynamic
trajectory is very close to the hyperbolic point, and causes the dynamic switch from one basin into
another, the residual power increases dramatically. This provides evidence that the nonlinearity of
the Lorenz system is concentrated at the hyperbolic point. The closer we are to the unstable
equilibrium point, the stronger the nonlinearity is. At a certain point, the WRLS linear
approximation can not track fast enough, and the linear approximation error becomes large. Since
the time for the dynamics to pass the hyperbolic point is only a short moment, the WRLS algorithm
can catch the trajectory again after passing the unstable point and the average of the residual power

returns to a low level.
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Figure 7.8a-c. Relations of the linear coefficients, the residual
power of WRLS and the distance to the unstable point.

For comparison we also provide the residual of the RBF approximation together with the
distance from the dynamic trajectory to the hyperbolic point (Figure 7.9a,b). The history of the
RBFN residual shows that it can follow the Lorenz dynamic system much better than the linear
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approximation. Still, the largest error occurs when the dynamics approach the unstable hyperbolic
point. This reflects the nature of chaos. When the dynamics approach the repeller, the required
precision for tracking or predicting the behavior of the chaotic system is infinite. Practically, in a
small region of the phase space surrounding the repeller, the dynamic behavior of a chaotic system
is unpredictable even when the dynamic equation is known exactly. The shorter lasting period and
the lower level of residual power indicates that the RBFN can track much higher nonlinear
dynamics than WRLS could.

x107° Estimation residual of the RBFN
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Figure 7.9a,b Relations of the residual power of RBFN and the distance to the unstable point.

In the last computer simulation, a discrete chaotic dynamic Lorenz equation was used. We next

use the dynamic function given by the Henon equation (7.5). The parameters selected in our
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simulation are a=14, b=03, and c¢=1, to place the Henon dynamic system in the chaotic
region (Figure 7.10). The input vectors y, = [y,.1,¥,»]» k=12,---,N, are plotied in the input
vector space spanned by y,_; and y, , (Figure 7.11). In physics, this input vector diagram is also
called the return map of the Henon equation. In the computer simulation, a linear forward
predictor was used to predict the discrete trajectory y,. The orders used in the autoregressive
model were 2, and 4. Both experiments yielded large prediction errors with relative residual powers
of 0.7150 and 0.6368 respectively. The given results indicate that about 72% to 64% of the
information in y, is unpredictable by a piecewise linear estimator. Note that increasing the order

of the linear predictor does not improve its performance much if the residual is mainly caused by

nonlinearity.

| ! _ 1 !
0 20 40 60 80 100 120 140 160 180 200
n

B | L ;

Figure 7.10 A Henon equation generated time series.

Next, an RBF nonlinear predictor was used to analyze the dynamics of the Henon equation. The
number of basis functions used was 11 (Figure 7.11). These basis functions constructed a
nonlinear dynamic surface defined by the Henon equation (Figure 7.12). To compare the estimated

dynamic surface with the ideal one, Figure 7.13 provides the cross sections of the estimated
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dynamic surface (the solid lines), and the cross sections of the original dynamic surface (dashed
lines; these are covered by the solid lines), i.e.

y,=1-— 1.4y§_1 the projectionon y,, =0
(7.11)

Y, =1+03y,, the projectionon y,, =0

Figure 7.11 The input vectors ‘.’ and the Figure 7.12 The reconstructed dynamic
selected centers for the RBF “*°, surface of Henon equation.

The results show a perfect match between the estimated and actual values. The variance of the
residual is 9.6623x107'°, or the relative residual power is 1.9325x107?, which reveals the fact

that the deterministic Henon equation is perfectly predictable in the short term.

This final experiment demonstrates that if the tracking speed of the linear predictor can not be
faster than the changes in the actual dynamics, the performance of the piecewise linear
approximation is poor. In the example of predicting the Lorenz equation, where the dynamics are
continuous, we could reduce the step-size of the Runge-Kutta algorithm (which is the same as
increasing the sampling rate) to give the linear estimator enough time to follow the changes in the
nonlinear dynamics. In the case of the Henon equation prediction, where the dynamics are discrete,
the linear estimator could not track fast enough to follow its dynamic changes. In all three
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experiments, the RBF decomposition method provided satisfactory performance. The results have
shown that the RBF decomposition is not only good for nonlinear modeling, it can also be

implemented in the linear situation.

15, 1 0 1 2 0.6, 1 0 1 2

y(n-1) y(n-2)

Figure 7.13a,b The cross sections of the estimated (solid) and actual (dashed) dynamic surface.

7.4  Implementation of the RBFN for biological data analysis

One of the most pervasive enigmas regarding brain function is how information is transmitted
from one location to another. In view of the fact that nerve impulses per se are more or less all-or-
none in character, attention has been focused on the pattern of interspike, i.e. inter impulse,
intervals as the carriers of information. A good deal of evidence has accrued to the effect that in an
anesthetized unstimulated brain, the interspike intervals recorded from single neurons in a variety
of locations are essentially random in their distribution. Models of the interspike interval process
have therefore been constructed based on the assumption that this randomness reflects a stochastic
process. Stochastic resonance models [140-142] and stochastic resonance with noise models [143]
have been especially fruitful in simulating data obtained from spike trains. However, recording
randomness does not in itself insure that a process is stochastic. Recently a surge of interest has

developed for the possibility that the behavior of spike trains, though random, could be generated
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by a deterministic nonlinear process which results in chaos. This section sets out to test whether
deterministically chaotic or stochastic processes best characterize the patterns of interspike
intervals recorded from the hippocampus and the somatosensory cortex in the lightly anesthetized
rat [144].

Deterministic chaos is defined as a process which can be described precisely by a deterministic
dynamic function. This deterministic function generates an ‘unpredictable’ bounded stable state
[138]. The ‘unpredictability,” here, reflects the fact that the system is not periodic, quasi-periodic,
or at equilibrium, i.e. converges onto a point attractor. The definition highlights two important
considerations. The first is that the generator of the behavior is deterministic, even though the
behavior currently displays randomness. The second consideration is that the observed randomness
is not due to noise or interference from outside the system under observation; rather, the apparent
randomness is due to the internal properties of the system, i.e. its intemal dynamics. Furthermore,
to be chaotic, its randomness must reflect the fact that the system is sensitive to initial conditions,

small perturbations, and numerical errors caused by finite data length.

There is no widely accepted definition for stochastic processes. Any process will be called
stochastic if its behavior is unpredictable from available past information. Instead of being
generated by a deterministic function, the randomness of a stochastic system is due to possible
interference from outside the system under observation, improper selection of observations, or lack
of knowledge about its coding structure. This ambiguity must not be reducible by improving the
precision of measurement and / or computation. For example, the trajectory of the orbit of Uranus
was confusing before Neptune was discovered. The unpredictability in the trajectory of Uranus
could not be reduced by just increasing the precision of measurement and computation. Once the
interaction from Neptune was taken into account, the trajectory became predictable. Thus, the
similarity between chaotic and stochastic systems is that both currently display random behavior;
the major difference is that chaotic randomness is due to an internal deterministic generator while

stochastic randomness is not.

Furthermore, as a result of the operation of a deterministic generator, the trajectory of a chaotic
process is structured while that of a stochastic process is not. The structure imbedded in the
trajectory will therefore be reflected in its prediction error (residuat). Ideally, this error reduction is

unbounded when the frequency and precision of measurement and computation are improved. This
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unbounded characteristic of the reduction of the residual is one of the most important
measurements characterizing the chaotic process. In a stochastic system the variance of the
residual will be much larger than that of the computational error, and can not be significantly

reduced by increasing the rate of measurement and improving the prediction techniques.

In the previous sections, both linear and nonlinear methods have been delineated for testing linear
stochastic and nonlinear chaotic processes. The computer simulations showed these methods to be
promising in modeling nonlinear chaotic processes. The structure embedded in the prediction error
was shown to be especially useful in understanding the dynamic structure of the unknown system.
This structure can, then, be further used to discriminate a stochastic process from chaotic
dynamics. In this section, these techniques will be implemented in an analysis of interspike
intervals. The experiments are designed to model the interspike interval both by linear and
nonlinear methods. Two questions are to be answered. First, whether or not the interspike interval
can be modeled as being generated by a deterministic generator. Such a model would show (or not
show) a short term predictability of the unknown process. Second, would such a model be linear or
nonlinear? Only those ‘randomly behaving’ processes which proved to be nonlinear and short term
perfectly predictable would be classifiable as chaotic.

The raw data were collected from anesthetized (with barbiturate) rat somatosensory cortex and
hippocampus. The records are of spontaneously firing neural units (there is no stimulus), from 12
rats. Twenty three units were obtained from 7 hippocampal recordings; 12 units were obtained
from 5 somatosensory cortex recordings. Figure 7.14a gives a typical interspike interval record
from the somatosensory cortex. The mean value of the interspike intervals is 115 ms, with a
standard deviation of 86.65 ms. The interspike intervals appear to occur randomly but they also
show a tendency to group at 50 to 125 ms. However, about every 15 to 20 intervals, the interval
will suddenly increase to the level of 300 to 400 ms, and oscillate a few times before returning to
the lower base line. The autocorrelation functions (Figure 14b) at lags 1 and 2 are higher than the
95% confidence level. There are also some seasonal changes although these fall below the 95%
confidence level. The partial correlation function [5] (also referred to as reflection coefficients in
parametric spectral analysis) drops abruptly at lag >1, and it approximately equals the 95% level
atlag 17.
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A seasonal autoregressive model was constructed from one recording of the somatosensory

spike-trains according to the autocorrelations and partial autocorrelations. The model equation is
(1-az7 )1~ ayz"")y(n) = e(n) (7.12)

where z7* is a k step delay operator, e(n) is the excitation noise of the process or residual of the

prediction, and [a, ,a, ] are the unknown parameters of the model. The estimated results are

(1+0.5092z)(1 + 02924277 yy(n) = e(n) (7.132)

or

y(n)—0.5092y(n—-1)—0.2924y(n—17)+0.1489y(n—18) = e(n) (7.13b)

Figures 7.14¢ and 7.14d give the one step forward prediction error e(n) and its autocorrelation
function. The variance of the residual is 5425.9 (the standard deviaton = 73.66). All the
autocorrelation values of the residual are below the 95% confidence level at lags away from 0.
Meanwhile, the T ratio test for the estimated parameters, @; and a,, in (7.12) are 5.87 and 2.7
respectively. To test the stationarity, a sliding window of 100 sample points was applied 1o the
interspike intervals; the estimated model parameters stay at almost the same values as the window

moves across the records, which indicates the interspike intervals are stationary.

Next, the nonlinear radial basis function estimator was applied to the same record. Fourteen
bases were used in reconstructing the recorded interval train; the variance of the residual, and its

autocorrelations were identical to those obtained with the linear estimator.

The rest of the interspike intervals recorded from the somatosensory cortex were processed using
the same techniques. Most can be modeled as first order autoregressive processes plus some
seasonal effect at lag intervals of 7 to 17. Only 3 out of the 12 interspike interval records from the
somatosensory cortex can be modeled as a first order autoregressive model (AR(1)) or first order
autoregressive moving-average model (ARMA(1,1)) without a seasonal period. The relative
variance of the residual and the original interspike intervals was 0.914 in the linear prediction cases
and 0.903 in the nonlinear cases, which means that less than 10 percent of the information in the

interspike interval can be predicted according to previous observation.
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Figure 7.14. (a) An example of interspike intervals recorded from the somatosensory cortex; (b)
estimated autocorrelation coefficients of interspike intervals (solid line), and + 2 times standard
deviation of the estimation (dashed lines); (c) the forward prediction residual of interspike intervals;

(d) the estimated autocorrelation coefficients of the residual (solid line) and + 2 times standard
deviation of the estimation (dashed lines).
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The results indicate that the interspike intervals of the somatosensory cortex can be modeled as a
time-invariant (stationary) linear autoregressive process under the condition of no stimulation.
Only a very small fraction of the information at any interval can be predicted from previous

intervals. Such a process is not chaotic, it is stochastic.

Figure 7.15a gives an example of an interspike interval record from the hippocampus. As some
units (In neural science, unit is a term for neural spikes of the same shape, which are considered to
be generated by the same neuron) fire in bursts, only the first spike in a burst was sorted, so that
the interspike interval becomes the inter burst interval (assuming that the unit is related to the
burst). The same prediction methods as those used for analyzing the recordings from the
somatosensory cortex were applied to the 20 different units obtained from the hippocampal
records. The typical interburst interval autocorrelation function (Figure 7.15b) and partial
correlation functions vanish abruptly at lag 1 or 2, which indicates almost white noise. No seasonal
tendency is found in any of the hippocampal records. The first or second order autoregressive
processes provide excellent models for the interspike interval processes. The autocorrelations of the
prediction errors also point to white noise. The relative variance of the residual and the interspike
intervals per se are both about 0.974 for the linear estimator and 0.967 for the nonlinear one.
These results indicate that the hippocampal interspike intervals are even more unpredictable than

those recorded from the somatosensory cortex. Both are stochastic process.
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Figure 7.15. (a) An example of interspike intervals recorded from the hippocampus; (b) estimated
autocorrelation coefficients of interspike intervals (solid line), and * 2 times standard deviation of
the estimation (dashed lines); (c) the forward prediction residual of interspike intervals; (d) the

estimated autocorrelation coefficients of the residual (solid line) and + 2 times standard deviation of
the estimation (dashed lines).
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7.5  Experiments in structure adaptation for the radial basis function network.

7.5.1 Overview of structure adaptation

The most common networks, such as most of the ANNs and all the GMDH networks, are
topological structure based networks. That is, the network establishes a relational map for the
nodes (neurons) in the network with a set of network parameters or weighting coefficients. There is
no geometric meaning of neighboring or distance between the nodes. Two nodes will be considered
as neighboring each other if there is a weighting coefficient between them; geometrically they can
be located at opposite sides of the network. Nodes will not be considered to be neighbors as long as

there is no weighting coefficient directly between them.

One major problem associated with the topological structure based network is that knowledge in
the network can not be accumulated. That is, the network can not be trained gradually during its
operation to reach a proper structure and set of network parameters. Instead, all the possible input-
output pairs have to be obtained before the training, and used during the training period. Due to its
topological structure, any modification in the structure or its weighting coefficients during later
network operation will cause unpredictable results. Thus, these kinds of networks are not adaptable
once they have been trained. Any modification or increase in the knowledge base (new relations of
the input-output pairs) will necessitate retraining of the network. To preserve the original network
function, the retraining procedure must use all the old training data together with the new input-
output pairs, which means that the network has to be completely reconstructed based on all the
input-output pairs. The more target events (outputs) are to be leamed or to be discriminated
simultaneously, the more sophisticated the problem is, and the more local minima will be
encountered in the merit function for solving the optimal network coefficients. This is the main

limitation to the learning of any complex problems by a topological structure based network.

The RBFNs offer the possibility of training the network gradually. Due to its locally supported
basis functions, the entire input space can be partitioned into segments. Each segment will be
dominated by the basis function defined in the corresponding region. Therefore, the RBFN can
learn one bit of knowledge after the other without the necessity of retraining the entire network.

Moreover, by learning gradually, the RBFN can possibly be used as a structure-adaptive signal
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processor, in which the center locations and radii of the basis functions could be updated

dynamically, i.e. as the system under observation changes.

The main issue related to the structure adaptation of the RBFN is the adaptation of the free
parameters during operation. The free parameters are the weighting coefficients, the dilations, the
central locations and most importantly, the number of basis functions. The adaptation in the
number of basis functions provides the capability for the network to grow itself based on its
operating environment; the central location adaptation reallocates the RBFs to fit the hypersurface
better; controlling the dilations of the RBF is important, as it repartitions the input space with the
basis functions. So far these adaptations or the structure adaptation of the network have not been
addressed by existing RBFN construction methods, nor by ANN construction techniques.

The structure adaptation and adaptive learning is a long term research goal. The purpose for this
section is to explore the potentials and possible problems related to the idea with some simple
experiments. To demonstrate the possibility of structure adaptation for the RBFN, the experiments
are designed to train the network to learn the relation between input-output pairs one at a time,
such that the RBFN gradually learns an unknown nonlinear function in a given dynamic region. To
simplify the design, we limit the input space to being one dimensional, i.e. the network is trained to
approximate a one dimensional function; a proper constant value is added to the function to make
the function value larger than zero in the input region, so that all the weighting coefficients are
positive. In real applications, such a bias can be removed from the estimates of the RBFN. The
structure adaptable RBFN is named an ARBFN in the rest of the section.

The general idea of structure adaptation for an RBFN is to adaptively adjust the network
parameters. The key parameters for the adjustment are the dilations for the RBF. Instead of using a
fixed value for all of the basis functions, in an ARBFN the dilations in different directions of
different basis functions can be modified independently. When the network can not correctly
estimate the output value given the input, the first parameter set to be adapted is the dilation set.
By spreading and contracting the RBFs, the network reshapes its performance surface; the tails of
some of the basis functions will reach into unoccupied regions, and for others their sizes may be
reduced. Since each basis function is locally defined, only those next to the new input experience a
large influence. The error of the reshaping is measured as the mean square error for all the input-

output pairs that have been leamed by the ARBFN. If this reshaping process can not reduce the
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error at the new input-output pair to below a threshold level, a new basis function will be put at the
new input location because the performance surface has a ‘hole’ there. This leaming process can
be in parallel with network operation until no more holes are left within the dynamic input region.
During operation, after the dilation set has been tuned, the weighting coefficient set and the center
locations of the RBFs are tuned tc optimal values (small local adjustment) in succession. The LMS
algorithm is used for all the parameter adaptations.

7.5.2 RBFN adaptation

The ARBEFN is initialized from very few input-output pairs as a training data set, such as a
single input-output pair, x; < y,; i.e. the initial ARBFN is constructed with one radial basis
function centered at the input location x;. The only weighting coefficient is selected as the value of
the output y;. The dilations of the basis function at the left side and right side are named o and
o® respectively (note that the superscripts L and R indicate the dilation ¢ at the left or right side);
both of these are positive with initial values arbitrarily chosen, such as 6® =c% =0.01. The
network function with a single basis function can thus be represented as:

JGem)

R
ye °© forx—x, >0

y= (7.14)
(=)

L
ye ° forx—x, <0

When the input x = x,, the output of the network y =1y, , i.e. the network has leamed to perform

the unknown function at this position. When the input x is different from x;, the output value will
be estimated by the cxponential function. The error for the estimation depends on how close the
exponential function can fit the unknown function. There is no need to solve any merit function in

constructing an initial RBFN with a single basis function.

After the initial ARBFN is built, the network starts its operation. When a new input-output pair
X, <>y, is presented, the ARBFN estimates the output based on its current knowledge by using

(7.14). If the estimation error [y, —J,| is less than a given threshold, the ARBEN will consider its

present knowledge adequate, and make only a small local modification to its parameter set 1o
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improve the estimate, such as the dilations, weighting coefficient and the center location. If the
network estimation error at x; is larger than the threshold, the relation of x, <>y, is considered
unknown and a new neuron will ‘grow’ at location x,. That is, a new RBF center will be located at
x2, (c,,, =x,); the initial weighting coefficient is chosen as 0.625y,, or 62.5% of the function
value at x=c,,, is contributed by the RBF at this location and the rest of the function value
comes from its neighboring RBFs. With the new RBF, the parameters of the ARBFN will be
adjusted by using the LMS algorithm. Since RBFs are locally supported, only the new neuron and
its immediate neighbors need to be fully adjusted, the rest of the network requires only a minor
modification. The adaptation in the ARBFN starts by adjusting the dilation coefficients along
different directions, then tuning the weighting coefficients and the center locations in succession.

Gradually, the ARBEN learns the unknown function in the given region.

Let M be the number of basis functions for the present ARBFN, the adaptation of the dilation

parameter set is performed based on the following procedure:

The right dilation parameter set {o f n=12,---M } is updated at the i-th LMS iteration by

My
01 () =01~ D=5 3,0n=3n) n=12:M (7.152)
n Jn m=1

The indices of the RBFs are organized from left to right on the axis, that is, the center location ¢;
corresponding to the output y; is the smallest one (on the left side of the axis), and cu
corresponding to yu is the largest one (on the right side of the axis) among all the center locations
of the RBFs. In (7.15a) M ,’f is the number of observed input-output pairs located between the n-th
basis function and its immediate neighbor to the right, the (n+1)-st basis function (inclusive of this
immediate right side neighbor). Note that the error used for adjusting of is the mean error of the
ARBFN from the region to the immediate right, since changing the right side dilation of the n-th
basis function will mostly affect the performance of the network in that region. Using only the error
in its immediate right neighboring region can greatly help the LMS algorithm to converge. This
error is normalized by the output y,. In the experiments presented later, a fixed size buffer for each
region between the basis functions is used to store those most recent input-output pairs fallen into

the corresponding region. Like the time window, a large size buffer provides stable estimates and a
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small buffer re-shapes the performance surface of the network fast while the nonlinear system
under modeling is time-varying. In (7.15a) the constant W is the step size of the LMS algorithm.

The left side dilation parameter set {of; n=12,--- M } is updated in the same way,

My
oLt =0ti-)——E—Y Gn-7n) n=1,2,M (7.15b)
n yn m=1

where M,f is the number of input-output pairs located between the a-th basis function and its
neighbor to the immediate left, the (n-1)-st basis function (inclusive of this immediate left side
neighbor). The error used for adjusting 6~ is the mean error of the estimates of the ARBFN in the
region 10 its immediate right.

Figure 7.27 provides an example of constructing the performance curve by adapting the dilations
of the RBFs. The unknown function is a linear function, y = x +2. The dynamic input region is
from -1.0 to 1.0. 10 RBFs are chosen; their center locations are equally distributed from -0.9 to 0.9

with an increment of 0.2. The weighting coefficients are pre-selected as
w; = f(c;) x0.625 =(c; + 2) x0.625 i=12,..-,10 (7.16)

The initial dilations equal 0.01. Figure 7.27a is the leamning curve of the LMS algorithm; Figure
7.27b provides the dilations of the basis functions. Figure 7.27c is the performance curve of the
network (solid line) superimposed with the ideal linear function (dashed line). The results show a
good match between the network estimates and the ideal linear function.

After the dilations of the RBFs have been adjusted, the weighting coefficients and the center
locations of the basis functions can be adapted by the LMS algorithm as well. Since the
performance of the ARBFN is close to the ideal one, the adaptations of the weighting coefficients
and the center locations are very small (using smaller step size p than that used for adapting

dilations). The weighting coefficients are adapted, at i-th iteration, by

M)!
W=, (=== 5, -7, n=1,2,M 1.17)
Mn yn m=1
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where the mean error is computed from both the immediate right and left side regions of the n-th
basis function including x = ¢,, ie. the total number of observed input-output pairs in the
immediate neighborhood.

M,=MF+MF+1 (7.18)

The center locations are adapted at the i-th iteration by

ME ME
, . n 2 " i A
c()=c,i=D— = Im)— = Y n=12,--M (7.19)
Mfyné(y 3») Mfyné(y =)

7.5.3 Experiments for ARBFN
A random number generator is used in the experiments (Figure 7.28), with a PDF that is uniform
in the region between -1.1 and 1.1. 4 different functions are used for the simulations. They are the

sine function, a linear function, an exponential function, and an exponentially damped sine

function, i.e.,
y=f(x)=x+2
y=fHx)=e

(7.20)
y= f1(x)=sin(x)+1.5

y=f(x)=e""sin(x)+3

For the linear and exponential functions, after 20 basis functions have been selected, the ARBFN
estimates the unknown function values within the input region [-1.1, 1.1] with less than 0.1% mean
square error (Figure 7.29a,b). For the sine and exponentially damped sine functions, 25 basis
functions are needed for the same level of performance (Figure 7.29c,d). Some examples of the
learning procedures in progress are presented in Figure 7.30a-f for the linear function and in Figure
7.31a-f for the sine function.

In these experiments, the RBFN always converged to the optimal solution after less than 26
RBFs have been selected. For each new RBF added to the ARBFN, the adaptation takes place in
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about 50 LMS iterations. The computation in flops is given in Table 7.1. The Artificial Neural
Network with back propagation was used to identify the same functions. The results are provided
in Figure 7.32. For the linear and exponential function, within less than 2,000 epochs (defined as
the number of the iterations of the backpropagation algorithm), the ANN converges to the solution,
while for the sine and exponentially damped sine functions, after 10,000 epochs, the ANN has not
converged to the solution. Certainly, the back propagation network has no capability for adaptation
or knowledge accumulation. Table 7.1 provides the computation count and the mean square errors

of the ARBFN and ANN.

Figure 7.28 ARBFN ftraining diagram.
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Table 7.1 Comparison between the ARBFN and the ANN.

ARBFN ANN
c? flops o2 flops
y=x+2 17618 x107° 376,378 4.2000 x 1073 1,425,769
y=eé* 1.9533x107 344,963 7.0261x10™ 2,056,644
y=sin(x)+15 89401x107¢ 385,125 N/A N/A
y=e*sin(x)+3 | 11000x107? 412,311 0.1767 30,882,681
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Figure 7.29 Performance of the ARBFN in approximation (the dashed line
is the ideal function; the solid line is the ARBFN response curve).
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Figure 7.30 Snap shots of the ARBFN learning process (‘o’ indicates the RBF
center locations; the solid line is the ARBFN function; dotted lines are the
responses of each RBF in the network; the dashed line is the ideal function).
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Figure 7.31 Snap shots of the ARBFN learning process (‘0’ indicates the RBF center
locations; the solid line is the ARBFN function; the dashed line is the ideal function).
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7.6  Summary

In dealing with ‘time-varying’ processes caused by the linearization of a nonlinear system, the
RBF modeling technique has shown better performance than piecewise linearization techniques. An
equal distance sample rule is proposed for constructing the RBFN. Experiments indicate that the
RBFN is a promising method for modeling deterministic chaos as well as stochastic processes, be
it linear or nonlinear. The RBFN also outperforms the topology based Artificial Neural Networks
(ANNSs) in learning speed, computational simplicity, and general performance. The ‘local’ to
‘global’ approach of the RBFN provides great potential 10 overcome the biggest difficulty of

ANNS in structure adaptation, self-leaming and knowledge accumulation.
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8. SUMMARY AND FUTURE RESEARCH DIRECTIONS

This dissertation research pertains to two signal decomposition methods. One decomposes the
signal in the time-frequency phase space. The Multiresolution Parametric Spectral Estimation
(MPSE) approach is proposed as an effective method for processing nonstationary signals. The
other decomposition method is the Radial Basis Function (RBF) for nonlinear function
approximation, which decomposes the signal in the phase space (or state space) spanned by the

derivatives of different degrees.

For the time-invariant case, an advantage of MPSE, over fixed resolution AR spectral
estimation, is that a high order AR process can be decomposed into a number of lower order AR
processes; this improves the statistical performance of the estimation since there is less cross-talk
between the component processes. Also, MPSE can be used for processes which contain a mix of
broadband and narrowband frequency components, whereas a fixed resolution AR estimator does
not perform well in that case. For the time-varying case, MPSE provides much better frequency
tracking capability than the conventional AR estimator. It also improves frequency resolution, by
increasing SNR in each subband, and time resolution, since lower order processes require shorter

data window widths.

In comparison with the wavelet transform, MPSE provides better time and frequency resolution.
The MPSE advantage of providing the flexibility of selecting different time windows in different
frequency bands contrasts with the wavelet transform where the window width at different
frequencies is determined by the non-arbitrary choice of basis function. In addition, MPSE is

computationally simpler to implement.

In the resolution study, a virtual transformation function is used to derive the time characteristics
of AR estimators. The mathematical representations for time-frequency resolution are provided for
windowed Fourier transforms, wavelet transforms, AR spectral estimators, and MPSE. Both the
theoretical and the experimental results show that MPSE is the best in resolution of all the above
techniques. Furthermore, under certain conditions, MPSE can yield better resolution than the lower
resolution bound defined by the Heisenberg uncertainty principle. This super high resolution is
obtained by using a priori knowledge such as the structure and order of the dynamic signal model.
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By trading-off magnitude with time-frequency resolution, MPSE can yield finer resolution in the
time-frequency space.

Three areas of application for MPSE illustrate that the newly developed method is good for
nonstationary signal processing including de-noising (optimal filtering), tracking and analyzing of
time-varying signals (EEGs), and enhancing other signal processing operations by providing time-
varying information about the signal (optimal wavelet design). The high resolution and good noise
immunity lend the MPSE algorithm great potential for the nonstationary environment, especially
for those applications where parametric models are appropriate for the time-varying signals.

In dealing with ‘time-varying’ processes caused by the linearization of a nonlinear system, the
RBF modeling technique has shown better performance than piecewise linearization techniques.
Meanwhile, the RBF model also performed competitively in a linear environment. The
experimental results have demonstrated that the Equal-Distance Sample Rule (EDSR) for
constructing the RBFN is simple and effective. It provides the same performance as the orthogonal
least squares method, without large size matrix operations. The RBFN also has the potential for
structure adaptation, since the basis functions are locally defined. Examples show how a function
can be leamned gradually by an RBEN.

The main contributions of the dissertation can be summarized as follows:

e Developed the MPSE algorithm for nonstationary signal processing.

e The resolution study provides mathematical representations of resolutions for different
decomposition methods and conditions for yielding high resolution.

e The MPSE-based time-varying minimum variance magnitude estimator extends the
conventional technique from stationary conditions to a nonstationary environment.

e Developed different MPSE-based forms of optimal Wiener filtering algorithms for recovering
time-varying signals from broadband background noise.

e Developed MPSE-based high resolution time-varying spectral estimation for the analysis of
EEG signals.

e Developed a systematic MPSE-based method for the construction of super wavelets for better

time-frequency representation of nonstationary processes.
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Developed simple EDSR for the efficient construction of RBFNs for modeling of nonlinear
dynamics.
Developed a proof-of-concept experiment for structure adaptation of the RBFN for nonlinear

function approximation.

The author also lists the following future research directions :

Develop more applications for tracking and processing of nonstationary signals, such as radar
or sonar signals, speech signals, and biomedical signals, especially for those applications to
which the wavelet transforms have been applied.

Develop a systematic order estimation method for the MPSE in a nonstationary environment.
Study the possibility of using MPSE for ARMA model estimation, since after band-splitting a
broadband ARMA process is decomposed into several relatively narrow-band signals which
can be modeled as AR processes. Thus the MPSE can provide good estimation of the poles for
an ARMA process. The remaining problem is to develop a method to estimate the ARMA
process zeros based on the estimated poles.

Develop fast algorithms for MPSE-based optimal filtering for real-time applications.
Simplifying or avoiding spectral factorization is the key to this goal.

Develop the “adaptive phase space sample rule,” such that the RBF samples the phase space
according to the shape and the structure of the dynamic hypersurface, instead of using equal
distance.

Develop the structure adaptable RBFN network for linear or nonlinear adaptive filtering,
system identification, and signal modeling. This will surely be one of the most important future
research directions.

Studying the criterion for refreshing RBFN knowledge in a time-varying nonlinear environment
is also another challenging task.
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