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Abstract

It is often assumed that interference or noise signals are Gaussian stochastic processes. Gaussian noise
models are appealing as they usually result in noise suppression algorithms that are simple: i.e. linear
and closed form. However, such linear techniques may be sub-optimal when the noise process is either
a non-Gaussian stochastic process or a chaotic deterministic process. In the event of encountering such
Noi se processes, improvements in noise suppression, relative to the performance of linear methods, may
be achievable using nonlinear signal processing techniques. The application of interest for thisthesisis
maritime surveillance radar, where the main source of interference, termed sea clutter, is widely accep-
ted to be a non-Gaussian stochastic process at high resolutions and/or at low grazing angles. However,
evidence has been presented during the last decade which suggests that sea clutter may be better mod-
elled as a chaotic deterministic process. While the debate over which model is more suitable continues,
thisthesisinvestigates whether nonlinear processing techniques can be used to improve the performance
of maritime surveillance radar, relative to the performance achievable using linear techniques.

Linear and nonlinear prediction of chaotic signals, sea clutter data sets, and stochastic surrogate clutter
data sets is carried out. Volterra series filter networks and radial basis function networks are used to
implement nonlinear predictors. A novel structure for a forward-backward nonlinear predictor, using a
radial basis function network, is presented. Prediction results provide evidence to support the view that

sea clutter is better modelled as a stochastic process, rather than as a chaotic process. The clutter data
sets are shown to have linear predictor functions. Linear and nonlinear predictors are used as the basis
of target detection algorithms. The performance of these predictor-detectors, against backgrounds of sea
clutter data and against a background of chaotic noise data is evaluated. The detection results show that
linear predictor-detectors perform as well as, or better than, nonlinear predictor-detectors against the
non-Gaussian clutter backgrounds considered in this thesis, whilst the reverse is true for a background

of chaotic noise.

An existing, nonlinear inverse, noise cancellation technique, referred to as Broomhead's filtering tech-
nigue in this thesis, is re-investigated using a sine wave corrupted by broadband chaotic noise. It is
demonstrated that significant improvements can be obtained using this nonlinear inverse technique, re-
lative to results obtained using linear alternatives, despite recent work which suggested otherwise. A
novel bandstop filtering approach is applied to Broomhead's filtering method, which allows the tech-
nique to be applied to the cancellation of signals with a band of interest greater than that of a sine
wave. Thismodified Broomhead filtering technique is shown to cancel broadband chaotic noise from a
narrowband Gaussian signal better than alternative linear methods. The modified Broomhead filtering
technique is shown to only perform as well as, or more poorly than, a linear technique on narrowband
Gaussian signals corrupted by clutter data.
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Chapter 1
| ntroduction

1.1 Background

Gaussian stochastic signal models are appealing asthey usually result in processing algorithms
that are simple: i.e. linear and closed form. However, it has been realised that many signals
of interest, as well as noise or interference processes, have distinctly non-Gaussian statistics.
Indeed, non-Gaussian data are found [1] in a variety of disciplines including astronomy, bio-
logy, economics and exploration seismology, to name but a few. Additionally, a tremendous
interest in chaos theory from many disciplines[2] during the last 20 years has ignited interest
in using chaotic models for data. Chaotic signals are generated from nonlinear deterministic
systems and display random-like behaviour [3]. A review of a number of signalsthat have been
analysed for evidence of chaotic behaviour is given in [4]. In the event of encountering non-
Gaussian stochastic or chaotic deterministic noise or interference processes, improvements in
their suppression, relative to the performance achievable using linear methods, may be gained
using nonlinear signal processing techniques. It is the purpose of thisthesisto investigate this

assertion.

In general, the possible applications of interest for the nonlinear processing techniques dis-
cussed in this thesis include situations where the noise or interference can be modelled as a
non-Gaussian stochastic or a chaotic deterministic process. The specific application of interest
for this thesisis maritime surveillance radar [5, 6], where the main sources of interference are
radar reflections from the sea surface, which are termed sea clutter [7]. The radar community
widely accepts that sea clutter is well modelled as a non-Gaussian stochastic process at high
resolutions and/or at low grazing angles [8]. However, evidence has been presented during
the last decade [9-21] which suggests that sea clutter may be better modelled as a chaotic de-
terministic process. While the debate over which model is more suitable continues, this thesis
investigates whether nonlinear signal processing techniques can be used to improve the per-
formance of maritime surveillance radar, relative to the performance achievable using linear
methods.
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1.2 Thesisstructureand original contributionsto knowledge

This section summarises the contents of thisthesis, as well as highlightsthe original contribu-

tions to knowledge contained within each chapter.

Anintroductionto what sea clutter is, why it needs to be modelled, and the existing modelling
strategies for it are discussed in Chapter 2. The original contributions of this chapter are a
thorough review of the evidence for both chaotic and stochastic models of sea clutter, and a

review of the criticisms of the techniques used to determineif sea clutter is a chaotic process.

In Chapter 3 the simulation of correlated surrogate sea clutter data is discussed. The stochastic
model used for the generation of the surrogate data sets is the compound K-distribution [22].
The original contributions of this chapter are a complete overall methodology for the estim-
ation of the compound K-distributed components of a sea clutter data set, and the simulation
of compound K-distributed data with correlated speckle and correlated gamma components.
These contributionsbring together certain aspectsfrom previous publications on the compound
analysis of sea clutter, and from previous publications on the simulation of correlated gamma
data.

An investigation into the nonlinear predictability of chaotic signalsis presented in Chapter 4.
This is done using two nonlinear models: the Volterra series filter (VSF) [23] and the radia
basis function network (RBFN) [24]. A linear predictor (LP) is used as a prediction perform-
ance benchmark. The original contributions of this chapter are asfollows. A detailed investig-
ation into the benefits, if any, of using a clustering algorithm instead of a random subset of the
training data for the selection of the kernel centres of a RBFN predictor (RBFNP) are given.
Two Gaussian network architectures for a RBFNP are compared. Finally, an investigation into
the use of a normalised RBFNP (NRBFNP) to capture the underlying dynamics of a chaotic
signal is presented, and compared with the use of un-normalised and regularised RBFNP's to

perform the same task.

In Chapter 5 the predictability of sea clutter data sets is discussed using the nonlinear pre-
dictor (NLP) structures discussed in Chapter 4. Previous research [9, 12] has shown sea clutter
data sets to be nonlinearly predictable. However, all the clutter data sets analysed in [9, 12]
for evidence of nonlinear predictability were not very spiky®. Additionally, the generalisation

!See section 2.3.4 for a description of spiky sea clutter. The significance of spiky data with respect to the
predictability of seaclutter isdiscussedin section 5.2.3.
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properties® of the NLP’sin [9, 12] were not discussed. Furthermore, the comparison of NLP's
with LP's for the prediction of clutter in [9,12] was only carried out on four datasets. The
original contributions of this chapter are now given. A rigorous prediction analysis of new3
sea clutter data sets, which includes spiky data, is presented. The generalisation properties of
the predictors are reported and discussed. To investigate the source of the predictability of the
clutter data sets, and to determine if a stochastic model is appropriate, prediction analysisis
carried out on surrogate, correlated, compound K-distributed data.

In Chapter 6 the predictability of sea clutter is further investigated. The original contributions
of this chapter include a prediction analysis of filtered* clutter data, with particular attention
paid to the generalisation properties of the predictorsused. The clutter dataisfiltered using two
different techniques: a smoothing filter and a linear phase FIR lowpass filter. The aim of this
filtering is to reduce thermal white noise, whilst leaving the clutter spectra (and therefore any
chaotic behaviour) unaffected. A novel structure for a forward-backward RBFNP is presented,
and isused to carry out forward-backward prediction on the new sea clutter data sets referred

to above.

The applicability of nonlinear predictors to maritime surveillance radar detection is considered
in Chapter 7. The original contribution of this chapter is an investigation into what is more
important for radar target detection, if clutter were found to be chaotic: normalised mean square

error, or capturing the signal’s underlying dynamics?

A nonlinear inverse noise cancellation technique [25], referred to as Broomhead's filtering
technique in this thesis, is discussed in Chapter 8. This technique uses a normalised RBFN
(NRBFN) as an inverse to a linear bandstop filter. The original contributionsto knowledge of
this chapter are now discussed. A re-investigation of Broomhead's filtering technique for the
cancellation of chaotic noise from a sine wave is presented which shows that previously pub-
lished research [4] which claimed the technique could not be used to perform better, in terms
of output signal to noise ratio (SNR), than linear filtering alternatives is incorrect. A novel
bandstop filtering approach is applied to Broomhead's filtering technique which allowsit to be
used to cancel chaotic noise from signals of interest that occupy a larger bandwidth than a sine

wave, better than linear cancellation techniques. This modified Broomhead filtering technique

2j.e. resultsfor non-training data sets.

3i.e. not previously used in anonlinear prediction analysis of seaclutter.

4Chaotic measuresof filtered data filtered to reduce noise) werereported in [21], however no prediction analysis
was reported for the filtered data.
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is applied to the cancellation of wideband chaotic noise from narrowband Gaussian signals of
interest, and the performance of thismethod is compared with linear aternatives. The modified
Broomhead filtering technique is applied to the cancellation of sea clutter from narrowband

Gaussian target signals.

In Chapter 9 a summary of the main points presented in this thesis, conclusions drawn from
the work in this thesis, and suggestions for further work to build on that reported herein are

presented.



Chapter 2
The modelling of sea clutter

2.1 Introduction

The application of interest for this thesisis maritime surveillance radar, which involves using
aradar to search for targets on, or near to, the sea surface. For such an application, the radar
reflections from the sea surface, termed sea clutter, are a problem as they can be mistaken
for target signals. Understanding the nature of sea clutter is important as such knowledge
can be used to prevent sea clutter from degrading the performance of maritime surveillance
radars. The accepted view [26] within the radar community is that clutter is best modelled
as a stochastic process. However, work conducted during the last decade has provided some

evidence to suggest that clutter may be better modelled as a deterministic, chaotic process.

This chapter is structured as follows. In section 2.2 the deterministic modelling of sea clutter
is examined in some detail. In section 2.3 the traditional stochastic modelling of sea clutter is

discussed. A chapter summary is presented in section 2.4.

2.2 Deterministic modelling of sea clutter

2.2.1 Introduction

The traditional approach has been to model sea clutter as a stochastic process. Thisapproachis
discussed in section 2.3. However, recently some researchers have put forward evidence which
suggests that sea clutter is a nonlinear deterministic process [9-21, 27]. More specifically, sea
clutter has been characterised as a chaotic process in [11, 13, 14,17-21]. For the research re-
ported in [9-21] the data was collected using a stationary land-based radar pointing in a fixed
direction. The same approach was used in the collection of the data sets analysed for the work
inthisthesis, see Appendix A. It should be noted that pul se compression and polarisation agil-
ity were not used in the collection of the data setsanalysed in [9-21], however these techniques
were used in the collection of some of the data sets (the wavetank data sets) described in Ap-
pendix A.
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In sections 2.2.2 to 2.2.10 the concept of a chaotic signal, and associated aspects will be dis-
cussed. In section 2.2.11 a discussion will be given on the evidence aready presented in the
literature which suggeststhat sea clutter is best modelled as a chaotic process. In section 2.2.12
criticisms of the inferences based upon the evidence presented in section 2.2.11 will be con-
sidered.

2.2.2 Classification of chaotic and stochastic processes

Haykin and Li [17] classified chaotic and stochastic processes, as shown in Table 2.1.

Process Description

Deterministic | The signal value can be described precisely for all instants of time.

Stochastic Ensembles of random waveforms with each ensemble being
defined by an underlying probability distribution.

Chaotic The signal mostly has a very irregular (random-like) waveform,
but is generated by a deterministic mechanism.

Table 2.1: Haykin and Li’s classification of chaotic and stochastic processes.

Succinctly put, achaotic signal isthe observation of anonlinear dynamical deterministic system
with at least one positive Lyapunov exponent [17, 18]. A nonlinear dynamical system with at

least one positive Lyapunov exponent means that the system is sensitiveto initial conditions.

In apaper by Kubin [28] an alternative approach, to that employed by Haykinand Li, wasintro-
duced for the classification and analysis of chaotic signals. Thisallowed for a chaotic signal to
be defined without reference to the underlying system responsiblefor the chaotic signal’s gen-
eration, as well as clarifying the relationship between a chaotic signal and a stochastic signal.
Essentially Kubin viewed a chaotic signal as a stochastic process, where the random aspect of
the chaotic signal isintroduced in the selection of theinitial conditions. Theimplication of this
is that given infinite precision, the initial conditions of a chaotic process could be accurately
specified, and the random nature of the chaotic signal would be lost. However, finite precision

isonly ever availablein the real world.

2.2.3 Isdeterministic modelling better than stochastic modelling?

The random-like behaviour of measurements taken from physical systems in nature is con-

sidered to be due to the interaction of alarge number of degrees of freedom in the actual phys-
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ical system [21]. For this reason stochastic processes have been used to model the complex,
random-like behaviour of measurements from physical systems. However, deterministic chaos
whichishighlyirregular is possible[9] using only alow number of degrees of freedom. There-
fore, a deterministic chaotic system with only a small number of degrees of freedom could be
used to model the complex, irregular behaviour of physical processes, such as the scattering of
electromagnetic wavesfrom the sea surface (i.e. sea clutter). Furthermore, usingadeterministic
model of clutter may lead to a better understanding of the process which produces the clutter
[9,10]. After dl, random process theory is an empirical technique for coping with inadequate
information about the physical sources responsiblefor the generation of the process: the theory

says nothing about the causes of randomness[9].

2.24 Aspectsof chaostheory

Before going on to discussthe existing evidence for and against clutter being chaotic, some as-
pects of chaos theory must be explained. These aspects include a discussion of dynamical sys-
tems and state space in section 2.2.5, an explanation of dynamical reconstruction and Takens
embedding theorem in section 2.2.6, and average mutual information in section 2.2.7. These
also include a description of the following chaotic invariants [21]: the correlation dimensionis
described in section 2.2.8, Lyapunov exponentsin section 2.2.9, and the Kaplan-Yorke dimen-
sion in section 2.2.10. This discussion is also of great relevance to the material on nonlinear

prediction in Chapters 4, 5 and 6.

2.25 Nonlinear dynamical systems and state space

Let ¢1(t),C2(t), ..., Cq(t) denote the state variables of a nonlinear dynamical system, where
continuoustime ¢ is the independent variable, and d is the order, or dimension, of the system.
For convenience, the state variables can be collected into a length d vector ¢(t), which will
be called the state vector of the system. The dynamics of a large class of nonlinear dynamical
systems may then be cast in the form of a set of first-order differential equations, written in

terms of the state vector as follows,

L~ wicn) 2.1)
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where the vector function ¥(.) is nonlinear. The dynamics of the nonlinear dynamical system
are said to be described by the state vector ¢ (¢) evolving in a d-dimensional space, according
to the first-order differential vector equation given in equation (2.1). This d-dimensional space

iscommonly referred to as the state space, or phase space, of the dynamical system.

2.26 Dynamical system reconstruction and Takens embedding theorem

In order to make physical sense [29] of a chaotic time series, the underlying dynamics of the
system responsible for the generation of the time series must be reconstructed. Takens [30]
proposed a technique which is now known as Takens' embedding theorem [17], and which
provides a mathematical basis for the dynamical reconstruction problem. Effectively, Takens
theorem states that dynamical reconstruction of a system can be achieved using a single di-
mensional subspace of the actual system. Consider a d-dimensional chaotic dynamical system

described by the difference equation,

Clt+ 1) = w(C(n) (22)

where W(.) is a nonlinear function. Given an initia state {(0), the system trgjectory is a se-
quence of points {{(k) = W*({(0)),k = 1,2,...}. Suppose now, that a sequence of meas-
urements {z(t) = f(¢(t)),t = 0,1, ...} ismade where f(.) is asmooth® observation map of
the dynamical system. According to Takens' embedding theorem, the dynamics of the original
system can be reconstructed using a D p-dimensional space constructed from the observed data

{z(t)}, using the following reconstruction vector,

Xpo(t) =[2(t),2(t—71),...,2(t — (Dg — 1)7’)]T (2.3)

where D g isknown as the embedding dimension, and 7 is known as the embedding delay. The

reconstruction described by equation (2.3) is possible provided that,

1Smooth, here, means at |east twice differentiable and continuous. Note that if afunction is differentiable at a
point it must also be continuous, whereasthe converseisfalse.
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Dp>2d+1 (24)

where d is the order, or dimension, of the dynamical system. It should be noted that equation

(2.4) isasufficient, but not necessary condition for dynamical reconstruction[29].

Essentially, what thismeans is that the evolution of pointsx g, (t) — xg,(t + 1) in therecon-
struction space follows that of the unknown dynamics ¢(¢) — ¢ (¢ + 1) in the original space.
However, thisis not completely correct: the evolution of pointsin the reconstruction space will
only follow that of the unknown dynamicsin the original space, so long as the observation map

is a diffeomorphism?.

Haykin and Li [17] state that Takens' embedding theorem not only produces a reconstructed
model with the same Lyapunov exponents (Lyapunov exponents are discussed in section 2.2.9)
as those of the original system, but also, that reconstruction is possible using the in-phase,
guadrature-phase or amplitude component of a coherent (radar) signal. However, Haykin and
Li simply justify thisstatement by saying that Takens' theorem can be applied to any time series
(or any component of aradar signal) aslong as it is obtained using a smooth (see description

above) observation map of the original dynamical system.

For thisreconstruction to be achieved, an embedding delay = and an embedding dimension D ¢
must be estimated from the observed data {z(¢) }. The average mutual information, described
in section 2.2.7, was used to choose a suitable value for 7, for the work in this thesis. The
method chosen to estimate D g was to use the correlation dimension, which is described in

section 2.2.8, to estimate the dimension d of the original dynamical system.

2.2.7 Average mutual information

Takens embedding theorem actually permits the use of any 7 in the reconstruction vector
Xnry (1), aslong as the observed time seriesisinfinitely long. Unfortunately, in practice thereis

access only to finite data sequences. T should be chosen so that it is large enough for = (¢) and

2Before explaining what a diffeomorphism is, first consider the term homeomorphism. A homeomorphism [31]
is an invertible map with a continuous inverse. A diffeomorphism [31] is a map in which both the map and its
inverse are smooth.
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z(t— ) to beindependent enough of each other, so that they serve as (independent) coordinates
of the reconstruction space, but, not so independent as to have no correlation with each other:
if the gap istoo large, chaos makes z(¢) and = (¢ — 7) disconnected, or statistically independent
[32].

One method of choosing a suitable 7 isto use the autocorrelation function [33] (ACF), R ,..(7),

Reo(t) = = a(t)a(t+7) (2.5)

where the mean of {xz(¢)} is removed before the ACF is estimated. Using this method, 7 is

chosen [12] as thefirst zero-crossing point of the ACF.

The average mutual information [32] is another method which can be used to select an appro-
priate embedding delay. It has been suggested [34] that the optimum embedding delay is at
the first minimum of the average mutua information /(7). The average mutual information

between z () and z (¢ + 7) is defined as,

K
17) =3 Plalt), e+ 7)) logy | i 28)

t=1

where P(z(t)) is the probability density for measurement = (¢), and P(z(t),z(t + 7)) isthe
joint probability for measurements z(¢) and « (¢t + 7). If I(7) iszero, z(¢) and z(t 4 7) are

independent.

2.2.8 Corredation dimension

The correlation dimension [17,35] D. can be used to estimate the attractor dimension d of a
nonlinear dynamical system. This estimate can then be used to obtain a suitable value of D 5,
using equation (2.4). The approach adopted for the estimation of the correlation dimension in
this thesis is known as the maximum likelihood method [35]. This method, unlike the con-
ventional method for correlation dimension estimation, takes into account additive noise. A

discussion of the conventional method is given before the method of maximum likelihood is

10
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explained.

Conventional method

The conventional method uses the correlation integral [35] C'({) to estimate the correlation

dimension. The correlation integral is calculated as follows,

N
C) = m%j”‘ (i) ~ ()1 @7

where ||.|| is a suitable distance metric, x (i) = {z(¢),2(i+ 1),...,2(i + D — 1)}, x(j) =
{z(j),z(j+1),...,2(j+ Dg — 1)}, and H(.) isthe Heaviside function,

H(ac){ 0 if <0

1 otherwise

The steps required to obtain an estimate for the correlation dimension, using the correlation
integral, are asfollows,
1. Choose a starting value, say 1, for D inthe vectorsx(7) and x(j).

2. Thecorrelation integral C'(1) isworked out for al pairs of N samples of the data over a

range of values of /, see equation (2.7).

3. Thecorreation dimension D.. isworked out using,
D, = lim 28€0) 28)
-0 log(l)

which only holds for small {. For convenience, using log without a base will be used to
imply log,,. The range of values of [ over which equation (2.8) isvalid, isknown as the

scaling region [35]. Therefore the following power law,

11
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log(C())

scaling region | saturation region
1

0
lo log()

Figure 2.1: Correlation integral plot: used in the conventional method of correlation dimen-
sion estimation.

C(l) ~ (HPe (2.9)

isvalid for the scaling region. D. isfound by fitting a least squares line to the scaling
region of thelog(C' (1)) vslog(!) plot, see Figure 2.1. Notethat in Figure 2.1, the scaling
regionisdepicted as0 < [ < [y, wherel, isreferred to as the maximum scaling distance.
The saturation region is defined as the region where ! > [, and in this region the power
law of equation (2.9) does not hold.

4. Repeat steps 2 and 3 for different Dy, and thus collect the D, value corresponding to

each Dy.

5. Fromtheresultsobtainedin step 4, plot D . vs Dg. If theestimatesof D, convergeas D
increases, then the valuetowhich D, convergesisthe estimate of attractor dimension for

the system responsiblefor the generation of {xz(¢) }, the observed time series.

M aximum likelihood method

The conventional approach for estimating the correlation dimension from observed data does
not take into account the problem of additive noise. The maximum likelihood method of correl-
ation dimension estimation, proposed by Schouten et al. [35], does however take into account

additive noise.

The maximum likelihood approach accepts the fact that the observed data will be corrupted,

12
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to some extent, by additive noise. In [35] Schouten et al. modelled the additive noise process
as being bounded in magnitude, with a maximum possible amplitude of + %amx. For such a

noise process, the observed noise-corrupted data sequence {z(n) } is given by,

e(n) = €(n) +=(n)

where {£(n)} is the noise free observed sequence, and {¢(n)} is the noise sequence. The
assumption made by Schouten et al. [35] is that there is a trgjectory that satisfies the true
dynamics of the dynamical system, whichis sufficiently closeto the measured, noise-corrupted
trajectory. In principle, {e(n)} can be any type of noise process [35], but Schouten et al.
considered the case for noise with correlations much smaller than the time length of the vector

used for dynamical reconstruction.

As with the conventional method, a plot of log(C'({)) vslog(!) is used to estimate the correla-
tion dimension using the maximum likelihood method. For the maximum likelihood method,

Schouten et al. [35] used the max norm distance measure,

(i) = ()| = _max_|o(i+ k) = 2(+£) (210

in equation (2.7), to find the maximum distance between two vectors, x(¢) and x(j). The
distances that are relevant to the estimation of correlation dimension, using the maximum like-
lihood method, are givenin Table 2.2.

Distance | Description
l. maximum noise distance (= €4z ) -
l¢ maximum distance between 2 points
on the noise-free reconstructed attractor.
Iy maximum possibl e distance between
2 points on the noisy reconstructed attractor.
lo maximum scaling distance, i.e. thelimit
of the scaling region.

Table 2.2: Distances that are relevant to the maximum likelihood method of correlation dimen-
sion estimation.

13
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Schouten et al. argue that when anoisy chaotic attractor isembedded in D g-dimensional space,
the noisy part will only be spacefilling® on length scales smaller than the noise scale. When the
noiseis spacefilling, i.e. for / < I., then C' (1) scaleslike!”=. For length scales bigger than the
noise scale, but smaller than the scaling region’s upper limit, i.e. [. < I < [y, then C'(]) scales

like (I — 1.)P<. In other words, the correlation integral can be considered as having two parts,

Ci(l< 1) ~ 1P (2.12)

and,

Co(l > 1) ~ (1= 1)Pe (2.12)

Figure 2.2 showsthese two regions of the correlation integral for ageneral, noisy chaotic signal.

log(C(1))

| scaling region | saturation region
) h
h h

0 l. lo log(l)

Figure 2.2: Correlation integral plot: noisy chaotic signal.

Using the requirementsthat C'; (0) = 0, dueto the Heaviside function, C'; (I.) = Cy(l.) = (P»,
for continuity, and that C';(lp) = 1, see equation (2.7), and, after normalising al distanceswith
respect to [y, using r = [ /1y and r. = I./ly, then equations (2.13) and (2.14) are obtained,

3In other words a stochastic noise process will tend to fill up all of the reconstruction space, rather than be
confined to a bounded region, asisthe casefor chaotic data.
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Ci(0<r<r)= rPe (2.13)

and,

(r—re) De
Cy(r: <r<1)= TEE +(1- TEE) [ﬁ] (2.14)

When Dy isat least of the order of 50, for moderate values of r. (i.e. 0to 0.5), then r?E will
be very small (less than 10~'%), and therefore the right-hand side of equation (2.13) will tend

to zero, and equation (2.14) can be re-written as,

Colr. <71 < 1) = [E; = :;]D (2.15)

When . is known a priori, all distances can be scaled, and the correlation dimension can be
estimated from the slope of log(C (1)) vslog(l — I.), or fromlog(C'(r)) vslog(r — r.). Inthis

case, the maximum likelihood correlation dimension Dy, can be calculated as follows,

1 B
- Ty —Te
Dyt = [M ;log [ — TH (2.16)

where M isthe sample size of interpoint distances r; that satisfy r. < r; < 1.

In general, /. will not be known. In such circumstances, the parameters r. and D. can be
estimated from a nonlinear least squares fit to equation (2.15). Once D. and r. have been
estimated from eguation (2.15), the maximum likelihood correlation dimension estimate D sy,

is obtained from,
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D.+r.

1—r.

Dyp = (2.17)

Although there is no formal method for deciding on values such as Iy, Schouten et al. [35]
presented empirical suggestionsfor these values. A benefit of the maximum likelihood method
for estimating correlation dimension, as compared with the conventional method, is that only
one embedding dimension (i.e. one value of D) isrequired to obtain a correlation dimension
estimate. However, the value of Dy used must be sufficiently large. Schouten et al. [35]
recommend that Dg > 50.

2.2.9 Lyapunov exponents

The Lyapunov exponents [19, 20] {A;}¥; of anonlinear deterministic dynamical system de-
scribe how on average orbits on a system'’s attractor* move apart or together in state space. |f
the exponents are all zero or negative, the trgjectories do not diverge and the system is said to
be stable and non-chaotic. If at least one Lyapunov exponent is positive, then the trajectories
diverge and the system is said to be unstable and chaotic. This divergence of tragjectoriesim-
pliesa sensitivity to initial conditions, which isthe hallmark of a chaotic system. Furthermore,
the largest positive Lyapunov exponent is inversely proportional to the prediction horizon of a
chaotic signal [18].

Wolf et al. [37] define the concept of a Lyapunov exponent for a continuous dynamical
system in d-dimensional space by considering the long-term evolution of an infinitesimal d-
dimensional sphere of initial conditions. They state that the sphere will, in time, evolve into
a d-dimensional ellipsoid. The i** one-dimensional Lyapunov exponent ); is then defined in

terms of the length of the ellipsoid’sprincipal axisa;(t) as,

. 1 a; (t)
A = tlggo . log 2 (0) (2.18)

4An attractor is abounded subset of state spacewhereinitial conditions eventually converge on with increasing
time. The set of initial conditions that converge to a particular attractor is called the basin of attraction for that
attractor [36].
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For a d-dimensional system, there are d Lyapunov exponents [21]. The A; are conventionally
ordered from largest to smallest. A positive Lyapunov exponent obtained from sea clutter data
has been used by some researchers as evidence that clutter is chaotic. Thisevidenceisdiscussed
in section 2.2.11. To estimate the largest Lyapunov exponent, the long-term evolution of a
single pair of nearby orbits, in state space, is monitored [11, 17, 37].

2210 Kaplan-Yorkedimension

The Kaplan-Yorke dimension is now defined. The reason for the inclusion of this definition is
that it was one of the chaotic invariants which were used by Haykin and Puthusserypady [21]

to determine if sea clutter is chaotic, see section 2.2.11.

Given adeterministic dynamical system with an attractor dimension of d, and thusd Lyapunov

exponents { Ay, Aq, ..., Ag}, then the Kaplan-Yorke dimension D iy isdefined as[19],

K
Dy =K + Z:Z;l (219)
[ Ak 41

where Ay > Ay > ... > Ay4, and K isthelargest integer for which Ay + Ao + ... + Ax > 0.

2211 Theinterpretation of sea clutter asa chaotic process

This section discussesthe evidence put forward in the literature which suggests that sea clutter

is chaotic.

Before discussing the actual evidence of the chaotic nature of sea clutter, it isinteresting to note
the following observation made by Leung and Lo [12]. Given the exact geometry of the ocean
surface, and the angle of incidence of a radar wave, the exact trgjectory of the backscattered
wave could be determined. However, for a fixed surface geometry, a slight deviation in the
angle of incidence may produce a large change in the backscattering process. This sensitivity

toinitial conditionscould be an indication that sea clutter is a chaotic scattering phenomenon.

Now the evidence of chaos in sea clutter is discussed. Given a time series, how can it be
determined whether or not it is chaotic? Unfortunately, there is no single criterion for determ-

ining whether or not a time series is chaotic [20,21]. The strategy adopted by Haykin and
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Puthusserypady in [21] was to check to see if the following criteria are satisfied:

=

. The process should be nonlinear.

2. The attractor (correlation) dimension D, should converge for increasing embedding di-

mension (i.e. it should have afinite correlation dimension).

3. Thedynamics of the system responsiblefor the generation of the process should be sens-
itivetoinitial conditions. This, inturn, meansthat at least one of the Lyapunov exponents
of the process should be positive. Thelargest Lyapunov exponent determines the horizon

within which the time seriesis predictable.

4. Thesum of al the Lyanpunov exponents of the process should be negative for the under-

lying dynamicsto be dissipative (i.e. physically realisable).
5. TheKaplan-Yorkedimension D gy should be closein numerical value to the correlation
dimension.
The time series analysed should be long enough to obtain reliable chaotic invariant estimates
(such as the correlation dimension). However, the time series should also be stationary.
In [21], as well as analysing raw clutter data, Haykin and Puthusserypady preprocessed their
clutter data before analysing it for evidence of chaos. The preprocessing included:
¢ |-Q calibration

e Filtering® to reduce measurement and additive noise. A continuity test and differentiabil-
ity test were carried out to check that the filtering did not affect the underlying dynamics
of the clutter data

The results obtained in [21] for several sea clutter data sets, collected at different geographical

locations and during different sea states, are summarised below:

1. The data sets were found to be nonlinear. This was done using three surrogate data

tests. Of these three tests, the one which Haykin and Puthusserypady said gives the most

5Two different filtering techniqueswere used: alinear phaselowpassfilter and asmoothing filter. Thesmoothing
filter simply averaged every three samples.
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convincing proof that a given time seriesis nonlinear, is one in which the surrogate data
sets are filtered white Gaussian noise: the Gaussian white noise sequences are filtered so
that they have the same PSD as that of the signal being tested.

2. The D. value wasfractal and it converged to a value between 4.1 and 4.5 for increasing
embedding dimension. Furthermore, D. was found to be independent of radar typeS,
radar range, geographic location, pulse duration (i.e. resolution), pulse repetition fre-
quency (PRF), like-polarisation (i.e. HH” or VV?8) and signal component (i.e. |, Q, or

amplitude).

3. The Lyapunov spectrum consisted of two positive exponents, one exponent close to zero
and 2 or more negative exponents corresponding to an embedding dimension of 5 or more

(the number of exponentsis egqual to the embedding dimension).

For agiven radar type and sea state, the Lyapunov exponentswere found to be essentialy

independent of radar range and signal component.

For a given radar type the Lyapunov spectrum exhibited significant dependence on sea
state. In particular, the magnitude of the positive Lyapunov exponents increased with

increasing wave height: which impliesless predictability as the sea state increases.

Haykin and Puthusserypady stated that the clutter is generated by a coupled system of
5 or 6 nonlinear differential equations. They deduced this from the fact that the third

Lyapunov exponent A3 was consistently 0 for an embedding dimension of 5 or 6.

4. The sum of al Lyapunov exponents was always negative, indicating that the system re-

sponsible for the generation of the clutter is dissipative.

5. The computed Dy was alwayscloseto the estimated D...

The above results presented by Haykin and Puthusserypady in [21] follow on from earlier re-
search [9-18] into the chaotic nature of seaclutter. However, theresearch in these earlier papers
did not deal as thoroughly with the chaotic characterisation of sea clutter as does the work by
Haykin and Puthusserypady in [21]. For example, in[11] He and Haykin claimed that the most

convincing evidence for the characterisation of a process as chaotic, is the existence of at least

5Two different typesof radar were used, a coherent instrumentation quality radar, and acommercial noncoherent
marine radar.

"i.e. transmit polarisation horizontal , receive polarisation horizontal.

8i.e. transmit vertical, receive vertical.
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one positive Lyapunov exponent. There are however criticisms of the conclusions reached in
[21], these will be discussed in section 2.2.12.

One of the criteriafor determining whether clutter ischaotic in [17] wasthat clutter was found
to be locally predictable using a neural network, which was able to reconstruct the underly-
ing dynamics of sea clutter. Indeed such prediction results have been presented in [9, 12-18].
Prediction is discussed further in Chapter 4, and the prediction of sea clutter is discussed in
Chapter 5.

Evidence hasbeen presented by Palmer et al. in[27], which suggeststhat sea clutter istheresult
of alow order dynamical system. However, they do not make the more specific classification
that seaclutter isthe result of achaotic system. Palmer et al. investigated wind-seainteractions
and found evidence to infer that the observed dynamical behaviour of both vertically polar-
ised radar reflections and horizontal surface winds is controlled by a single low-dimensional

dynamical system.

2.2.12 Criticisms of theresearch which claims sea clutter is chaotic

The results in the previous section seem to provide convincing evidence of the chaotic nature
of sea clutter. However, it has been pointed out by Davies [38] and Noga [39] that there are
some problemswith the criteria used by Haykin and Puthusserypady in [21] for determining if

sea clutter is chaotic. These problems are now discussed.

Davies [38] points out that Lyapunov exponents are only defined for truly deterministic sys-
tems. Therefore, if determinism cannot be demonstrated conclusively, then Lyapunov exponent
estimates have little meaning and thus they cannot be used to distinguish between stochastic

and chaotic signals.

Furthermore, Davies points out that the surrogate tests used by Haykin and Puthusserypady
[21], to test the significance of their results, were generated to have random phase and the
same ACF asthe original time series. Davies observed that these surrogates represented typical
Gaussiarlinear processes. Therefore, the surrogate data tests in [21] rejected the possibility
that the data is linear Gaussian. These tests were done on amplitudesea clutter data sets,
which have only positive values, whereas the surrogate signal fluctuates both above and below
zero. To be more specific, quadrature channel clutter returns may have Gaussian statistics, in

which case the amplitude returns will be Rayleigh distributed. Amplitude returns cannot be
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Gaussian, therefore the rejection of the possibility that Haykin and Puthusserypady’ samplitude
sea clutter data sets are linear Gaussian is immediately apparent, without testing for it. The
stochastic modelling of quadrature channel and amplitude clutter returnsisdiscussed in section
2.3.4.

Davies goes on to suggest other possible surrogate data tests [38]. However, he warns against
jumping to the conclusion that data is nonlinear, and points out other possibilities, for example

that the data might be linear, with conditional heteroscedasticity ® of some form.

Noga[39] carried out a simple surrogate data test which highlightsthe danger of using chaotic
invariants such as the correlation dimension and the largest Lyapunov exponent to classify

whether or not atime seriesis chaotic.

Briefly, Noga [39] generated a surrogate data set of a real amplitude sea clutter data set. The
surrogate data set was Rayleigh distributed (i.e. positive values only), and adapted to match the
spectrum of the first 128 samples of the real clutter data. Only the spectrum of the first 128

samples was used for reasons of clutter stationarity.

Noga found that not only did a finite correlation dimension exist for the real sea clutter data
(D. ~ 10), but that afinite correlation dimensionwas also indicated for the stochastisurrogate
data (D. ~ 9). Therefore, no conclusion can be drawn about sea clutter being chaotic from
the finite correlation dimension alone. Noga used the conventional method to estimate the
correlation dimension. Leung and Lo in [12] did acknowledge that statistical coloured random
noise may have a finite correlation dimension, and thus the correlation dimension on its own

may not be enough to determineif clutter is chaotic.

Noga[39] also foundthat he obtained apositivevaluefor thelargest Lyapunov exponent of both
thereal seaclutter dataand the surrogate data. Therefore, neither the correlation dimension nor
the largest Lyapunov exponent could be used to reach a conclusion on whether or not Noga's
sea clutter datais chaotic. This supports Davies' [38] criticisms of using chaotic invariants to

categorise a process as chaotic.

Noga used the following formulato estimate the largest Lyapunov exponent A4,

A heteroscedastic process is one which has a non-constant prediction error variance.
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Zl |XRU k—l—l)—XRU(k —|—1)|
XRo(k) — xpo(K')]

(2.20)
where £’ is the index of the point nearest x i, (k) in the reconstructed state space, and where

the averaging is done for K consecutive state space points.

2.3 Stochastic modelling of sea clutter

2.3.1 Introduction

As dluded to in section 2.1, the debate over whether or not sea clutter is chaotic has not yet
been resolved. The work in this thesis does not depend upon whether or not sea clutter is
deterministic or stochastic. Instead a pragmatic approach has been adopted, which aims to
take advantage of the deterministic nature of clutter, if it is deterministic, and if not, it aimsto
take advantage of the widely accepted non-Gaussian nature of high resolution sea clutter. The

traditional approach to modelling sea clutter, stochastic modelling, is now discussed.

2.3.2 Electromagnetic backscattering from ocean waves

Before describing specific stochastic models for sea clutter it isnecessary to motivate the intro-

duction of stochastic modelling.

A number of scattering models have been proposed to explain experimental sea clutter ob-
servations. The most successfull® of these models is the composite surface modgf]. This
model considersthe sea surface to be composed of anumber of waves of different wavelengths
and amplitudes. Using this model sea clutter is thought to only come from sea waves with a

wavelength A,

Ar

= Seold) (2.21)

19 n terms of being able to explain and account for experimental observations.
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Category Parameters
Environmental | Wave height
Wind speed

Length of time and distance over

which the wind has been blowing
Direction of waves (relative to radar beam)
Presence or absence of swell waves (i.e.
non-wind driven waves)

Presence or absence of wind driven waves
Contaminants present on the sea

surface (i.e. oil)

Radar Frequency

Polarisation

Grazing angle

Pulse width

Table 2.3: Parameters that affect sea clutter statistics.

where )\, istheradar wavelength and ¢, isthe grazing angle. Equation (2.21) isusually referred
to as the Bragg backscattering resonance condition [7]. This composite scattering model was

used by Trunk [40] to explain the non-Gaussian nature of sea clutter returns.

However, as Skolnik points out [7], the composite scattering model is not a complete model
of radar backscatter from the sea surface. For example, the composite model works better for
aradar using vertical rather than horizontal polarisation. The composite model also does not

work so well for low grazing angles.

More recent attempts to better understand the physics of the backscattering of microwaves
from ocean surfaces are described in [41,42]. The important point is that the backscattering
processis not fully understood, and so there is not a complete physical model for it. Therefore,
stochastic processes have been used to model sea clutter, in order to categoriseit, and to try and

create effective target detection algorithmsthat can deal with these sea clutter returns.

2.3.3 Factorsthat affect sea clutter statistics

The statistics of sea clutter are affected by both environmental and radar parameters. These
parameters are tabulated in Table 2.3. In addition to those parameters listed in Table 2.3, it
should be noted that the proximity to the shore can a so affect sea clutter statistics, for example,

shallow water currents and reflections from the land can have an impact on the statistics. Table
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2.3 isintended only to highlight the number of factors which may influence the statisticsof sea
clutter. A general discussion on how the parameters in Table 2.3 affect sea clutter returnsis
givenin[7,43]. For the more specific case where the clutter is assumed to be modelled by the
compound K -distribution (see section 2.3.4), Ward et al. [5, 6] provideadiscussion of the effect
that some of the factors in Table 2.3 have on the parameters of the compound K-distribution
model.

Other factors that affect the modelling of sea clutter returns are thermal noise [44, 45], and
multi-path effects [5, 46]. These two factors are beyond the scope of this research and will not

be considered further in thisthesis.

2.3.4 Singlepoint statistics modelling

The effect that pulse width 7, and grazing angle ¢, have on clutter statisticsis now discussed
in conjunction with a presentation of the stochastic models used to represent sea clutter. It has
been found that sea clutter collected at low resolutions (i.e. long 7,) and/or at high grazing
anglesisGaussian[7, 8]. To givethereader an idea of what ahighresolutionis, and what alow
grazing angleis, Farina et al. [47] define a high resolution as 7, < 0.5us and a low grazing

angleas ¢, < 5°.

The in-phase and quadrature-phase clutter returns are then given by the Gaussian probability

density function (pdf),

patolo-n = oo [

i —o<g< (2.22)

where 1 isthe mean and o2 isthe variance. Assuming that the in-phase and quadrature-phase
samples (g7, go) are independent Gaussian random variables with zero mean and equal vari-
ances then the corresponding amplitude returns a p (Where ar = /(91% + g¢?), are Rayleigh
distributed [48],

a —a2
Patarle’) = Lo | 2] 0z 0 (229)
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where o is known as the scale parameter of the Rayleigh distribution, and the mean of ar is

given by a\/§ . The power or intensity, /. = a%, has an exponential distribution,

1 —1I.
PALIe) = e | s |5 120 (2.24)

202 ¢ 202

If the pulse width of aradar 7. is decreased then the clutter power collected by the radar is
reduced and the signal to clutter ratio (SCR) isimproved. However, this benefit may be offset
by the change in the statistics of the clutter returns as 7. is reduced. Thisis because at high
resolutions (i.e. short 7,.) and/or low grazing angles, sea clutter returns have been found to be
non-Gaussian [8]. The non-Gaussian nature of these clutter returns is significant as they are
often characterised by frequently occurring large signal values (or spikes) [49], which may be
mistaken for target signalsin radar detectors. The correct classification of such non-Gaussian
distributions is that they are heavy-tailed[50], i.e. there is more mass in the tails of these
distributionsthan there isin the distribution of Gaussian datawith the same variance, or power,

as the non-Gaussian data.

Several models have been used for non-Gaussian amplitude sea clutter returns. Amongst the
more well known models are the log-Normal [51] distribution with scale parameter m and

shape parameter n,

1 — [log ()12
Py (ain|m,n) = P exp [ [ g27§2m )] ] i oay >0 (2.25)

and the Weibull [51] distribution with scale parameter » and shape parameter s,

Py (aw]r, s) = SaTVZ exp [_(:‘W ] : aw >0 (2.26)

Both of these models have simply been used to fit to clutter data, and do not have any physical
justification for why they are a good fit to sea clutter data. However, the K-distribution,
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‘ (cx)"K,—1(2cx); x>0 (2.27)

Py (zlv,c) = Flél/)

where I'(.) is the gamma function, &', isa modified Bessel function of order v, ¢ isthe scale
parameter, and v is the shape parameter, has been shown to provide a good fit to sea clutter
amplitude returns, and it has been shown (see section 2.3.6) to have some physical justification
for itsuse. The limiting case of the K-distribution, for » — oo, isthe Rayleigh distribution [8].
Asv — 0, the K-distribution tail gets heavier and thus the K-distributed variates have more
frequently occurring large values (or spikes). Thisis illustrated below in Figure 2.3, where
the effect of varying the shape parameter of the K-distributionis shown, using normalised pdf
plots.

o
©

0.6

mean x probability density function

amplitude x 1.0/mean

Figure 2.3: Plots of the normalised K-distribution pdf for the following values of shape para-
meter: 0.6,1.6,2.6,3.6 and 10. The normalised pdf allows the effect that the shape
parameter has on the K-distribution to be shown: as the shape parameter goes to
zero, the tail of the K-distribution becomes heavier.

2.3.5 Evidencethat amplitudeseaclutter returnsaremodelled by thelog-Normal,
Weibull, and K distributions

Trunk and George [52] found that the log-Normal distribution was afairly good fit to their sea
clutter data. However Vaenzuela and Laing [53] found that the sea clutter they analysed had a
distribution that lay between the Rayleigh and log-Normal distributions.

Schleher [54] introduced the Weibull distribution as an intermediate model between the log-
Normal and Rayleigh cases, and he showed that it provided a good fit to some amplitude sea
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clutter returns. Fay et al. [55] aso showed that the Weibull distribution was a good fit to sea

clutter returns.

Jakeman and Pusey [56] introduced the K-distribution as a model for non-Rayleigh sea clutter
returns. In [57] Jakeman and Pusey showed that the K -distribution was a good fit to amplitude
sea clutter returns. More recently Nohara et al. [58] showed that the K-distribution was a
good model for both like-polarised and cross-polarised sea clutter amplitude returns. They
used a coherent dual-polarised X-band radar [59]. They also showed that the HH (i.e. transmit
horizontal, receive horizontal) datawasin genera spikier (i.e. itsdistribution had a heavier tail)
than the VV data. In [60] Haykin and Nohara built on the work in [58], and they stated that
although the K-distributionmodel wasfound to be agood fit to like-polarised clutter returns, the
K-distribution plus thermal noise model [44,45] was a better fit to the cross-polarised clutter
returns. In [61,62] Farina et al. analysed data collected using the radar described in [59].
They found that the VV amplitude returns were well modelled by the K-distribution, and the
cross-polarised amplitude returns fitted a K-distribution plus thermal noise model. However,
the HH amplitude returns were found to be a better fit to the log-Normal distribution than to the
K-distribution.

Hair et al. [49] and Bouvier et al. [63] also reported that the K-distribution was a good model

for amplitude clutter returns.

Chan [64] found that the best model for amplitude returnswas almost alwaysthe K-distribution.
Chan used a modified chi-square test to reach this conclusion, which only analysed the tail of

the amplitude distribution of clutter returns.

To summarise, results have been presented in the literature which have shown that the log-
Normal, Weibull and K distributions can all provide reasonable fits to observed sea clutter

amplitude returns.

2.3.6 Thecompound K-distribution

As discussed in the previous section, the Weibull, log-Normal, and K distributions can all
provide reasonabl efits to observed clutter amplitude returns. However, of perhaps more import-
ance than the choice of amplitude distribution, from the perspective of detection performance
assessment [65], is the modelling of the correlation properties of clutter. The compound K-

distribution pdf equations and correlation properties are now discussed. Physical justification
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for the use of the compound K-distribution to represent sea clutter isalso considered.

Ward [22] introduced the compound form of the K-distribution. Thismodel consistsof 2 com-
ponents[66]. Thefirst isafast fluctuating Rayleigh component with amplitude a z,

2a? _ TaR —ma%

7r)_2a2

PR(aR|02 = exp [ ] i ar >0 (2.28)

that has a slowly varying mean amplitude value «., which is the second component of the
compound K-distribution, and thisis chi-distributed,

2b21/
0] a?lexp [-b%al]; a.>0 (2.29)

P.(a:|v,b) =

where I'(.) isthe gamma function, b is the scale parameter and v is the shape parameter. The

mean amplitude value «.. isoften referred to in terms of power = where,

2 =a? (2.30)

The pdf of = isgamma distributed and is given by,

b2u
Pr(z|v,b) = T 2 Lexp [—bzz] ;22> 0 (2.31)

The overall K-distributed amplitude distribution can be written as [66]:

o) a2
Pula) = | Prlanie? = 2512 a1y (2:32)

which can be re-written [66] as equation (2.27), which is repeated below for convenience.
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‘ (cx)"K,—1(2cx); x>0

Py (zlv,c) = Flél/)

The scale parameters of the chi distribution and the K-distribution are related as shown in
equation (2.33).

c=b = (2.33)

Note that a model such as the compound K-distribution is sometimes referred [62] to as a
compound Gaussian distribution, as it has a complex Gaussian (or Rayleigh amplitude) com-
ponent which is modified in some way by another distribution. In the case of the compound
K-distribution, the modification is a chi-distributed mean level.

The compound K-distribution model relates very well to the composite scattering model dis-
cussed in section 2.3.2. Using the composite scattering model, and according to equation (2.21),
at high resolutionsradar backscatter is due to small capillary waves [7]. As Trunk pointed out
[40], if the radar returns do come from the small capillary waves, then one can also expect these
returns to be affected by larger waves which physically move the smaller capillary waves. This

interaction of wavesis simplistically illustrated in Figure 2.4.

Capillary waves (small scale effects)

AVAVAVA

i

Swell (large scale effects)

Figure 2.4: Composite scattering model. Small capillary waves ride on top of, and are affected
by, large scale waves such as swell.

Thisinteraction of large and small scale effectsisincorporated by the compound K-distribution
model, as follows. The compound K-distribution model represents sea clutter as a Rayleigh

process with a varying (chi distributed) mean. Assuming this model is accurate, this would
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suggest that in any individua resolution cell there are enough scatterers for the central limit
theorem to hold. Given thisfact, the non-Rayleigh amplitude returns may then be explained by
abunching of scatterersdueto swell (i.e. large scale waves), rather than being dueto just asmall
number of effective scatterers [5]. The Rayleigh component of the compound K-distribution
model is therefore associated with (i.e. it represents scattering from) small scale effects such
as spray, foam and capillary waves [67]. The chi component of the compound K-distribution
model is associated with large scal e effects such as swell and breaking waves[67], which cause

the bunching of scatterers described above.

The Rayleigh component of the compound K-distribution model is often referred to as the
speckle component. Similarly, the chi component is often referred to as the underlying com-
ponent. The chi component is also often referred to as the gamma component (i.e. the chi

component in terms of power).

The compound K-distribution model allows the correlation properties of sea clutter to be eas-
ily modelled [22]. The Rayleigh component of the compound model is represented as a fast
fluctuating process with a much shorter correlation length than that of the chi component. The
Rayleigh component is typically modelled as having a correlation length of afew milliseconds,

whereas the chi component will usually have a correlation length of a few seconds|[5, 67].

The K-distribution and the compound K-distribution have been accepted as good models for
clutter returns based on the analysis of observed data. This empirical work has motivated a
theoretical justification of the use of these distributions as good clutter models. Theoretical

proposals that are based on the interaction of the electromagnetic waves with the sea surface
become less appealing when it is found that the K-distribution is a good model for amplitude
land clutter returns [68], and when it isfound that the compound K -distributionisagood model

for texture in synthetic aperture radar (SAR) images of land [69]. Jakeman [70] proposed
that the K-distributionis aresult of a bunching of scatterers caused by a birth-death-migration
process. Whilst Ward et al. [5] showed that the gamma distributionis only an approximation
to the power of the underlying component of sea clutter, and that it actually resultsin a model

which slightly under-estimates the moments of the real clutter data.

Following on from the result found by Ward et al. [5], that the gamma distribution is not
an exact model for the underlying component of sea clutter, Noga[39] found evidence which

suggested that the underlying component of sea clutter (assuming that a compound Gaussian
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model was still appropriate) was better modelled by the log-Normal distribution than by the

gamma distribution.

Some authors [71, 72] have suggested using a more generalised compound model to represent
sea clutter. This generalised model uses generalised gamma distributions, see equation (2.34),

for both the speckle and the underlying components of sea clutter.

Pl = —f (2)" e |- (2)] (238

2.3.7 Evidencethat the compound K-distribution is a good model for sea clutter
returns

Several researchers have analysed sea clutter for evidence that the compound K-distributionis

agood maodel for it.

The Rayleigh or speckle component can be extracted by analysing a block of sea clutter data
over which the chi component is effectively constant. Baker et al. [73], Ward et al. [5], and
Farinaet al. [61, 62] all showed evidence of a Rayleigh component of sea clutter, by analysing
blocks of data (in individual range cells) corresponding to time periods of 200ms, 250ms, and
250ms respectively. Hair et al. [49] also showed evidence of a Rayleigh component of sea
clutter, but they only specified that the time period used to isolate this component was short

compared to the fluctuations of the mean level of the clutter.

The chi or underlying component can be extracted by averaging out the Rayleigh component.
Baker et al. [73], Ward et al. [5] and Farinaet al. [61, 62] all showed evidencethat the power of
the underlying component was gamma distributed. They did this by averaging out the Rayleigh

component over time lengths of 250ms, 250ms, and 32ms respectively.

As aready discussed in section 2.3.6, one of the attractions of the compound K-distribution
model isthe ability it providesto account for the correl ation properties of seaclutter. The spatial
correlation (range) properties of the underlying component were discussed in [74]. In [61]
the correlation properties of the VV amplitude returns in individua range cells (i.e. temporal
correlations) wereinvestigated by Farina et al. Asmentioned in section 2.3.5, the VV amplitude

returns in [61] were the only returns found to be well modelled by the K-distribution, and so
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they were the only ones analysed for evidence of the two components of the compound K-
distribution model. Farina et al. found that two different components each with a different
correlation length were present. The first component had a correlation length on the order of
only milliseconds, which was associated with the speckle component of the compound model.
The second component had a correlation length on the order of seconds, this was associated

with the underlying component of the compound model.

Having presented evidence from the literature which supportsthe claim that the compound K-
distribution is a good model for sea clutter, it seems apt to include the following quote from
Ward and Watts [8]:

“We do not claim that the K-distribution is an exact fit to all measurements of
radar sea clutter, but rather the model provides a very good approximation to most
conditions and, in particular, allows a realistic treatment of problems associated
with correlation properties.”

For the reasons outlined in the quote above, the compound K-distribution model has become
the popular choice of sea clutter model within the radar community. Therefore, the compound
K-distribution model was chosen as the stochastic sea clutter model for thisthesis. In Chapter
3, the topic of the simulation of correlated compound K-distributed data will be discussed, for
the purpose of generating compound K -distributed surrogate data sets.

Finally, to conclude this section on the compound K-distribution model, it should be pointed
out that as technological advances make higher and higher resolution radars possible, there
may eventually come a time when there might not be enough scatterers per resolution cell for
the central limit theorem to hold in each cell. When this occurs the compound K-distribution
model may no longer be a good representation of sea clutter returns. Perhaps by thistime a
deterministic model of sea clutter will be available, and there will not be the need to seek out a

new stochastic model to replace the compound K-distribution.

2.3.8 Other modds

Distributions other than the log-Normal, Weibull, and K have been used to model sea clutter
returns. These other distributions include the contaminated-Normal distribution [52] and the
log-Weibull distribution[75].
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Recently, the a pha-stable distribution has been used to try to model sea clutter. In[76] Pierce
found that the positive a pha-stable distribution closely modelled sea clutter data. However, in
[77], low and Leung found that the K-distribution was a better fit to amplitude clutter returns
than the envelope of a circularly symmetric alpha-stable distribution. This comparison was

made in the tail region of the pdf.

It has been suggested [78-81] that sea clutter could be modelled as a spherically invariant
random process (SIRP). Thisis discussed in more detail in Chapter 3. In [39, 82] conditional
heteroscedastic processes were put forward as models for sea clutter. Finally, Azzarelli [83]
proposed a class of non-Gaussian models for sea clutter which is based on the concept of a

fluctuating number of Gaussian scatterers.

24 Summary

In this chapter a discussion was presented on nonlinear deterministic systems and associated
aspects of chaos theory. The work done by researchers during the last decade which has
provided some evidence to suggest that sea clutter is better modelled as a chaotic rather than as
a stochastic process, was reviewed. Criticisms of this research were presented. It was pointed
out that the debate over which model is more appropriate, a chaotic or a stochastic model, has
not yet been resolved. For the design of radar target detectors, the prevailing method within
the radar community isto use a stochastic model to account for sea clutter. A discussion of the
stochastic models used for both low and high resolution radar returns from the sea surface was
presented. In particular, attention was drawn to the compound K-distribution, which isthe most
popular stochastic model for sea clutter data. Thismodel has not only been shown to provide a
reasonable pdf fit to sea clutter returns and to have some physical justification for itsuse, but it

isalso able to take into consideration the correlation properties of sea clutter.

33



Chapter 3

The smulation of correlated
compound K-distributed data

3.1 Introduction

In general it isdifficult to evaluate the performance of the optimal radar target detector® analyt-
ically when the clutter samples are both correlated and have a non-Gaussian pdf [84]. Thisis
why it is necessary to be able to model and simulate sea clutter data. The simulated sea clutter
allowsthe performance of target detection algorithmsto be quantified against controlled clutter
backgrounds 85, 86].

For the work in thisthesis, surrogate compound K -distributed data was required, to investigate
whether the compound K-distribution is an adequate model for the sea clutter analysed. This
wasthought to berelevant, particularly in view of the recent claim made that sea clutter is better

described by a chaotic process than a stochastic process, as was discussed in Chapter 2.

Thischapter isstructured asfollows. In section 3.2 the multiplicative nature of the K-distribution
isdiscussed. In section 3.3 an overview of existing strategiesto simulate correl ated K-distributed
clutter is presented. The selection of a suitable simulation technique is discussed in section 3.4.

In section 3.5 a simulation technique to generate correlated K-distributed surrogate data, with
the same compound K-distributed componentsas areal clutter data set is presented. In section
3.6 a method for obtaining estimates of the compound K-distributed components of real sea

clutter datais described. A chapter summary is presented in section 3.7.

3.2 Themultiplicative nature of the K-distribution

It was explained in section 2.3.6 that the compound K-distribution is made up of a Rayleigh

ar(n) component with a chi-distributed a.(n) mean, i.e. Pr(ag|o? = 2%%), See equation

!Radar target detectors and their performance evaluation are discussed in Chapter 7.
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(2.28). In section 2.3.4 it was described how a Rayleigh process could be obtained from a
complex Gaussian sequence. Using this knowledge it is clear that a complex K-distributed

variate (z7(n) + jzg(n)) isequivalent to acomplex Gaussian variate (g7(n) + jgq(n)) where,
Pa(gilor = \/gac,u =0), and P (gglog = \/gacau =0).

Software routines exist [87] for the generation of white, zero mean, unit variance Gaussian

processes. From such processes, complex K-distributed variates may be generated as follows,

z1(n) + jeq(n) = (g1(n) +jg£g)\/gac(n) (3.1)

where ¢;(n) and gg,(n) are white, zero mean, unit variance Gaussian variates, and a.(n) is
a chi-distributed variate from P.(a.|v,b), see equation (2.29). Amplitude K-distributed data

x(n) is obtained very simply as,

z(n) = \/27(n) + 23 (n) (3.2

The multiplicative nature of equation (3.1) underpins the simulation schemes discussed in this
chapter: a complex Gaussian sequence multiplied by a chi-distributed sequenceis used to pro-

duce a complex, compound K -distributed sequence.

As mentioned in section 2.3.6, the complex Gaussian (or Rayleigh amplitude) speckle com-
ponent of the compound K-distribution model is associated with correlations on the order of
a few milliseconds, whilst the chi-distributed component is usually correlated for periods of
afew seconds. Such correlations can be accounted for in the multiplicative simulation tech-
nigque, described by equation (3.1), by correlating either or both of the compound components
of K-distributed sea clutter. Filtering of Gaussian processes to achieve a desired power spec-
tral density (PSD) is well understood. However, obtaining non-Gaussian sequences with both
the desired pdf and PSD is a difficult problem [88]. The difficulty, therefore, in obtaining the
desired complex, correlated compound K-distributed variates is in obtaining a chi-distributed
sequence with both the desired pdf and PSD. A number of approaches to produce such se-

guences are considered in section 3.3.
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3.3 Overview of existing ssimulation techniques

3.3.1 Introduction

This section presents an overview of the different options available to simulate compound K-
distributed data. As mentioned in section 3.2, the central difficulty in the smulation of such
dataisin the generation of chi-distributed data with a specified PSD. In section 3.3.2 a simu-
lation technique based on spherically invariant random processes is described. However, it is
highlighted that this technique only takes into consideration the correlation properties of the
speckle (i.e. Gaussian) component of sea clutter. In sections 3.3.3 to 3.3.8, techniques are de-
scribed which specifically focus on the generation of gamma distributed data with a specified
PSD. As was discussed in section 2.4.6, the chi-distributed component of the compound K-
distribution is often referred to in terms of gamma power, in the literature. A chi-distributed
variate is obtained from a gamma variate, by taking the square root of the gamma variate. The

advantages and disadvantages of each correlated gamma simulation technique are described.

3.3.2 Spherically invariant random process (SIRP)

As was discussed in section 2.3.8, it has been suggested that sea clutter can be modelled as
a spherically invariant random process [79, 81, 84, 89] (SIRP). More specifically, Conte and
Longo [79] have suggested that the temporal returns within one range cell can be modelled as
aSIRP.

The simulation of sea clutter based on the SIRP model is achieved as follows. If xy(n) =
[z(n + 1),z(n + 2),...,z(n + N)]T denotes a spherically invariant random vector (SIRV),
gn(n) = [g(n+ 1),g(n+ 2),...,g(n + N)]T is a Gaussian random vector with zero mean
and covariance matrix M, and s is a non-negative random variate with pdf P(s), then the sea

clutter time series {z n(n) } in onerange cell can be simulated as a sequence of SIRV'’s,

{x(n)} = {X%(O),X%(N),X%(QN), } (33)

where x5 (n) = gl (n)s.

The vector g% (n) and the variate s are assumed to be statistically independent. The pdf of
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xn (n) conditioned on s is given by [84],

Plnls) = 20 F M exp | 7 (34

where H isanon-negative quadratic form given by # = x%,(n)M~!xy(n) and |M| denotes

the determinant of the covariance matrix M. The pdf of xx () isgiven by

P(xn(n) = (27)% [M|7 hn(p) (35)
where
hn(p) = /000 s N exp [%] P(s)ds (3.6)

The pdf P(s) of therandom variable s is called the characteristic pdf of the SIRV xy (n). Dif-
ferent characteristic pdf’s can be used to yield different non-Gaussian pdf’s for the clutter se-
quence, equation (3.3). Details of the required characteristic function to generate K-distributed
samples, aswell as the characteristic functions required to generate many other different types
of non-Gaussian samples, are givenin[81, 84]. The closure property of SIRV’s allows correla-
tion to be easily introduced into the Gaussian vector g  (n) [84]. Additionally, the SIRP model

allowsindependent control of the pdf and correlation function.

Effectively, this SIRP representation of sea clutter models the correlation properties of the

Gaussian (speckle) component, but those of the underlying component are not modelled.

3.3.3 Blacknell’ssimulation technique

Blacknell [85] discussed a technique which uses moving average filters to produce correlated

gamma variates.

Blacknell’s approach was to correlate an uncorrelated gamma process using a moving average
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filter (MAF) in order to produce a correlated gamma process. |ndependent gamma processes
were used with different MAF's to produce a number of independent correlated gamma se-
guences. These correlated gamma sequences were then added to produce the final correlated
gamma sequence which had the desired pdf and PSD. This method used moment generating
functionsto set the correlation properties, the mean, and the order parameter of the final correl-

ated gamma sequence.

Blacknell showed simulation results for the case where the first three correlation lags of the
final correlated gamma sequence were specified, and demonstrated that the technique produced
datawhich had the desired correl ation properties, aswell asthe desired sample moments (a dis-
cussion of sample moments, and their estimation is given in Appendix B). In theory, a gamma
process with any shape and scale parameters, can be generated using thistechnique. However,
the main limitation with this technique is the increase in complexity as the correlation length
(i.e. the number of lag terms) to be specified, of the final gamma sequence, isincreased. Black-

nell statesthat the source of the complexity isa

“...combinatorial explosionin the number of possible moving average filters asthe
size of the largest non-zero [correlation] lag increases”

A further limitation of thistechniqueisthat anti-correlations (i.e. negative correlations) are not

possible.

3.34 Oliver and Tough’ssimulation techniques

Oliver and Tough [90] proposed two techniques to generate correlated gamma variates. Their
first method is based on the integration of a stochastic differential equation. Thistechniqueis
able to produce gamma sampl es with the correct moments, for any shape and scale parameters,

but it isrestricted to an exponential correlation function.

The other approach is similar to the method reported by Blacknell [85] (see section 3.3.3): a
linear filter is used to introduce the desired correlation properties to an uncorrelated gamma
process. However, unlike Blacknell’s method, the data produced using this technique is only
approximately gamma distributed, since only the second-order correlation moments are repres-

ented precisealy.
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3.3.5 Armstrong and Griffiths simulation technique

Armstrong and Griffiths [91] described a technique for generating correlated gamma deviates

from correl ated Gaussian deviates.

A gamma process, eguation (2.31), can be obtained from Gaussian processes, equation (2.22),

in the following way. Define the random variable z(n) as,

2m) = _gi(n) (37)

wheretheg;(n),j = 1,2, ...2v, are statistically independent and identically distributed Gaus-
sian random variables with zero mean and variance 0. Then z(n) isarandom variable from a

chi-square process, equation (3.8), with 2 degrees of freedom [92],

1

P20, 0%) = Comry?

“Lexp [_Z] ;o 2>0 (3.8)

202 =

A gamma process can be obtained from a chi-sguare process due to the fact that a gamma pro-
cess of order v (which isequivaent to saying it has a shape parameter equal to ») is equivalent
to a chi-square process with 2v degrees of freedom. This can be seen by comparing equation
(2.31) withequation (3.8). Ascan be seen from these two pdf’s, the variance % of the Gaussian

processes can be used to control the scale parameter b of the resultant gamma process,

- (%) (39)

The main limitation with thismethod is that only half-integer or integer order gamma processes
may be generated, asthe order of the gamma processis v, where v ishalf the necessarily integer
number of Gaussian variates used to produce each gamma variate. To overcome this difficulty
Armstrong and Griffiths suggested using anonlinear transformation to convert agamma process

of restricted order, to agamma process of any order.
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Armstrong and Griffiths also derived an expression, involving an infinite sum, for the cor-
relation coefficient E'[(z1, z2)] of the correlated gamma sequence, in terms of the correlation

coefficient of the constituent Gaussian processes,

4( Zyp+2 = v +i+1)
El(z1z2)] = D et (3.10)
where,
2v
2(n) =) gl (n) (3.11)
7=1
and,
2v
=3 g3 —1) (3.12)
=1

and v is the shape parameter of the gamma process, and the correlation coefficient of the con-
stituent Gaussian processes is given by 0 < p < 1. It should be noted that Armstrong and
Griffiths considered the specific case of a decaying exponential ACF for the constituent Gaus-

Sian processes.

3.3.6 Marier’'ssimulation technique

Marier [93] aso adopted the same sum-of-squares approach as Armstrong and Griffiths [91],
to transform Gaussian variates into gamma variates. However, Marier provided a more genera
analysis than Armstrong and Griffiths, by alowing for any ACF for the constituent Gaussian

processes, rather than limiting his analysis to a decaying exponential ACF.
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3.3.7 Tough and Ward’ssimulation technique

Tough and Ward [94] presented a method for generating correlated gamma variates from cor-
related Gaussian variates. Tough and Ward used the following memory-less nonlinear trans-
formation (MNLT) to go from a zero mean, unit variance Gaussian variate ¢’(n) to a gamma

variate z(n) with shape parameter v, and scale parameter b,

g9'(n) —q2 z(n)
\/%/ exp [Tg] dg = ﬁ/ b? 21 exp[—b?2)dz (3.13)
T Jooo 0

Instead of trying to specify an analytical relationship between the ACF's of the Gaussian and
gamma processes through the MNLT, Tough and Ward derived an empirical relationship. They
did this by considering a decaying exponential ACF for the Gaussian process. Thisresulted in
the gamma process also having, and being limited to, a decaying exponentia function. This
technique allows gamma distributed variates to be generated which can have any shape and

scale parameters, but which are limited to having a decaying exponential ACF.

3.4 Selection of a ssimulation technique

The main requirement for a simulation technique for the work in thisthesis was that, first and
foremost, a gamma (or chi) component could be generated with any shape parameter and any
scale parameter. Additionally, it wasrequired that the gamma component could be correlated. 1t
was decided that the accurate specification of the gamma component’sACF using acomplicated
approach would be compromised in favour of a simple technique which could approximately
set the correlation properties of the gamma component. From the simulation techniques listed
in sections3.3.2 to sections 3.3.7, thislimited the choice of simulation techniquedown to Oliver
and Tough's stochastic differential method, or Tough and Ward’s MNLT method. Tough and
Ward’s method was chosen in preference to Oliver and Tough’s method, because of the scope
for the modification of this technique to produce gamma variates with both any pdf, and any
desired ACF. Indeed, such modifications have recently been proposed [95].
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3.5 Thesimulation of correlated compound K-distributed variates

3.5.1 Introduction

Aswas explained in section 3.2, complex, correlated compound K-distributed data can be pro-
duced by multiplying together a complex Gaussian sequence and a chi-distributed sequence. In
section 3.5.2 an overall methodology for generating K-distributed data, with both a correlated
speckle component, and a correlated chi-distributed component is presented. As mentioned in
section 3.4, Tough and Ward's method was chosen to produce correlated chi-distributed data,
and thisisincorporated into the overall methodology of section 3.5.2. In section 3.5.3 thesim-
ulation of the complex, correlated Gaussian speckle component is considered in closer detail.
In section 3.5.4 the simulation of the correlated chi-distributed component isdealt with in some
detail. In sections 3.5.5 and 3.5.6, correlated K-distributed data simul ation results are presented

for two different cases of K-distribution shape parameter.

3.5.2 Overall smulation technique

The overall method to simulate correlated compound K-distributed data is depicted in Figure
3.1

gi(n) © ? owr(n)
H(w) "

gy () O %) o wq)

g(n) O IR g(n)MNLT () a (%)

Ao |09

Figure 3.1: The simulation of correlated K-distributed data.
A correlated Gaussian speckle process { (g7 (n) + jgg(n))} is obtained by filtering two inde-
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pendent, white, zero mean, unit variance Gaussian processes, {g;(n)} and {gg(n)}, using the
filter H(w). The correlated Gaussian speckle is multiplied by {a.(n)},/2, where {a.(n)}
is a correlated chi-distributed sequence, to produce correlated compound K-distributed data
{(zr(n)+jzg(n))}. Thecorrelated chi-distributed sequenceisobtained by processing awhite,
zero mean, unit variance Gaussian process {¢(n) } through an IR filter to obtain a correlated,
zero mean, unit variance Gaussian sequence {¢'(n)} which is then passed through the MNLT
of equation (3.13), to obtain correlated gamma distributed data {z(n)}. The correlated chi-
distributed sequence {a.(n)} is obtained by taking the square root of the correlated gamma
variates.

Tough and Ward's [94] overall methodology for obtaining correlated K-distributed (amplitude)
data was to multiply an uncorrelated Rayleigh (speckle) process with chi-distributed data. The
reason for thisis that these researchers often use frequency agile radars, which remove the
speckle correlations from radar data, but which retain the chi component’s correlation proper-
ties. Therefore, these researchers are not interested in the correlation properties of the speckle
component. However, for the work in thisthesis, frequency agility was not used, and therefore
speckle correlations had to be modelled.

3.5.3 Thecorrelated Gaussian speckle component

In order to obtain a compound K-distributed surrogate data set with the same speckle cor-
relation properties as a real sea clutter data set, the in-phase component {z,..;7(n)} and the
quadrature-phase component {z ., (n) } of the real sea clutter data set can be used to estim-
ate the complex ACF of the Gaussian speckle component of the real sea clutter data set, which
is the desired complex ACF of the speckle component for the surrogate data set. Therefore,
the desired complex ACF R, of the Gaussian speckle component {g7(n) + jgg (n)} of the
surrogate clutter data set can be estimated as,

1 K

Ryngn(m) = T Z((ﬂﬁreau(n) + j%reaiq(n)) (Zreartr(n + m) — 2rearq(n +m)))  (3.14)

n=0

where the means of {z,¢qi7(n)} and {z,..q(n)} are removed before R, isestimated.

Once R, has been estimated, then the complex weights of the linear complex correlation
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filter H (w), of Figure 3.1, can be calculated as follows,

¢ Take the complex fast Fourier transform (FFT) of the estimated complex ACF of the

speckle component. This givesthe PSD of the speckle component.

¢ Take the square root of the PSD, to obtain the amplitude frequency response of the

speckle component.

o Takethecomplex inverse FFT of the amplitudefrequency response, to obtainthe required

complex weightsfor H (w).

3.5.4 Thecorrelated chi-distributed component

The correlated chi-distributed component of the simulated K-distributed data is obtained by
correlating a white Gaussian process with an IR filter, and then passing the output of the IR
filter througha MNLT, and then taking the square root of the MNLT’ s output. Thiswas depicted
in Figure 3.1. More details of the lIR filter and the MNLT are now given.

The lIR filter [96] used to correlate the zero mean, unit variance, Gaussian process {¢g(n) }, to
produce the correlated, zero mean, unit variance, Gaussian sequence {¢'(n)}, isillustrated in

Figure 3.2, and its difference equation is given in equation (3.15).

g(n) O %

V=7 @ﬁ 4
P

(5) O ' (n)

Figure 3.2: lIR filter used to correlate the zero mean, unit variance, Gaussian prdggss }
to produce the correlated Gaussian sequefigén)}.
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g'(n) = pg'(n — 1) + /(1= p*)g(n) (3.15)

The ACF of the correlated Gaussian process {¢’(n)} from the output of the IIR filter is given
in equation (3.16), (see Appendix C for a derivation of this eguation),

Rygr(m) = Elg'(n)g' (n+m)] = p™ (3.16)

where p istermed the correlation coefficient of the IR filter. To attempt to remove the | IR filter

transient 7%,.,.5, the following rule of thumb [48] can be applied,

Tirans = 5 x T, (3.17)

where T isthe time constant, and is defined as,

T, = (3.18)

Tough and Ward used the MNLT, equation (3.13), discussed in section 3.3.7 to transform the
correlated Gaussian sequence {¢’(n) } into a correlated gamma sequence {z(n) }. They found
empirically, that the ACF of the correlated gamma sequence {z(n) } is given by,

R..(m) = E[z(n)z(n+m)] = 5" (3.19)

where
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015497

B=p w7 (3.20)

and v isthe shape parameter of the gammadata. Therefore, usingthelIR filter, described above,
limits the ACF of the correlated gamma process {z(n) } to a decaying exponential. However,
some control of the gamma sequence’s ACF is afforded, through the correlation coefficient of
the lIR filter, p.

Tough and Ward [94] recommended using the following MNLT,

2

1 g'(n) —g 1 )
E/ exp [T] dg = m/o 270 exp|[—z]dz (3.21)

instead of the MNLT of equation (3.13). The difference between equations (3.21) and (3.13),
isthat in equation (3.21) the scale parameter b is set equal to 1. Therefore, if equation (3.21)
is used, then the scale parameter of the gamma sequence produced using this MNLT is 1.
However, a gamma sequence can be multiplied by b% to result in the gamma sequence having
any scale parameter b (see Appendix C). It has been found that using the MNLT of equation
(3.21) is computationally much more efficient than using equation (3.13), and therefore the use
of equation (3.21), followed by suitable scaling to achieve a desired scale parameter, was the
preferred method of generating the correlated gamma data.

Interpolation can be used to solve equation (3.21). In order to use interpolation to solve this
equation, a discrete MNLT map between the Gaussian variates on the left-hand side, and the
gamma variates on the right-hand side, is required. Thisis done by evaluating the integral on

the right-hand side, for arange of values of z(n).

The software tool Maple 5 release $97] was used to solve,

g'(n) = ﬁ/o 21 exp[—z]dz (3.22)

for ¢’(n), given z(n) and v, in order to produce the required discrete MNLT map. Thismust be
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done for areasonable range of values of z(n). The selection of areasonable range of valuesis
considered for 2 different simulation cases in sections 3.5.5 and 3.5.6. The script used to solve

equation (3.22) isgivenin Appendix C.

Given the discrete MNLT map discussed above, a sequence of correlated gamma deviates
{z(n)} can be simulated using a sequence of correlated Gaussian deviates {¢’(n)} asfollows.
Given a correlated Gaussian deviate ¢'(n) with zero mean and unit variance, the integral on
the left-hand side of equation (3.21) isevaluated. This Gaussian integral can be evaluated [87]

using the error function erf[.] [87, 96] as,

V% /_ g:) exp [‘ng] dg = % (erf [%] + 1) (3.23)
where,
erf [%] - % /0 Y exp [‘T"””z] dr: (3.24)

Once the left-hand side of equation (3.21) has been solved, interpolation is used to obtain the
corresponding gamma variate z(n) for the Gaussian variate ¢'(n), using the discrete MNLT

map discussed above.

In [94] Tough and Ward used cubic B-spline interpolation. However, it wasfound that a simple
3rd order polynomial interpolation [87, 98] scheme could perform satisfactorily?, and this was
the chosen implementation for the work in this thesis. The interpolation approach adopted
included using a discrete MNLT map with many more pointsthan the order of the polynomial:
the interpolation was carried out on small (local) sections of the MNLT map [87].

2In terms of generating surrogate data with the same moments asthe original data.
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3.5.5 Simulation of correlated K-distributed data with a shape parameter v
equal to 30

This section describes the generation of the MNLT map required to simulate correlated gamma
variates with a shape parameter » equal to 30, and a scale parameter b equal to 1. The correl-
ation coefficient of the IIR filter used to correlate the Gaussian sequence {¢’(n) }, from which
the correlated gamma segquence was obtained, was 0.9. The correlated gamma samples were
used to obtain correlated complex K-distributed variates, as depicted in Figure 3.1, using an un-
correlated complex Gaussian speckle component. From the complex correlated K-distributed
variates, amplitude K-distributed data was obtained using equation (3.2). The K-distributed
data had a shape parameter ~ equal to 30 and a scale parameter ¢ equal to 0.6267. Note that,
despite using an uncorrelated Gaussian speckle component, the K-distributed data generated is
still referred to as correlated, since the chi-distributed component was correlated. An uncorrel-
ated Gaussian speckle component, as opposed to a correlated one, was used in this simulation
astheinterest was, primarily, in demonstrating Tough and Ward’s MNLT method for generating

correlated gamma variates.

The parameters used in the Maple script, for the generation of the discrete MNLT map, were as
follows: min=1.0e-8, max=76.6, step=1.005. Thisresulted in a MNLT map with 4564 values.

Figure 3.3 shows the MNLT map, and the ACF for the correlated gamma data. Figure 3.3(b)
demonstrates the good fit obtained between the ACF of the correlated gamma data, and the
empirical ACF derived by Tough and Ward, see equations (3.19) and (3.20).

Sample moments analysisfor the correlated gamma and amplitude K-distributed data sets was
carried out as follows. One million correlated gamma and amplitude K-distributed variates
were generated. Then the first 10 sample moments were estimated for each data set using 100
successive blocks of data, each of length 10,000 samples. The mean and standard deviation
were calculated for each sample moment estimate. The moments analysis for the gamma data
isgiven in Table 3.1. The moments analysis for the amplitude K-distributed data is given in
Table 3.2. A good agreement was obtained between the desired theoretical moment values and
the estimated val ues obtained from the simulated data.
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10°

10°

T T
—— MNLT map for v=30.0, b=1.0

0.8

0.6

04

ACF

0.2 -

T T
1010g,,[ ()]

@)

—— ACF of simulated data
~~~~~~~~~~~~ Tough and Ward ACF relationship

. . . .
20 40 60 80 100
Delay [samples]

(b)

Figure 3.3: Generation of correlated gamma data withr30, 6=1 and IIR filter parameter
p=0.9, (@) MNLT map, (b) ACF of the correlated gamma data and Tough and
Ward's empirical formula for ACF.

Moment | Theoretical | Estimated | Estimated
value mean standard deviation

1 3.00e+1 3.00e+1 0.20e+0

2 9.30et+2 9.29%e+2 1.25e+1

3 2.98e+4 2.97et+4 6.07e+2

4 9.82et+5 9.78et+5 2.74e+4

5 3.34e+7 3.32et+7 1.21e+6

6 1.17e+9 1.16e+9 5.32e+7

7 4.21e+10 4.16e+10 | 2.38e+09
8 1.56e+12 1.54e+12 | 1.08e+11
9 5.92e+13 5.82e+13 | 5.06e+12
10 2.31e+15 2.26e+15 2.44e+14

Table 3.1: Moments analysis of correlated gamma data witt80, b=1, and IIR filter correl-

ation coefficienp=0.9.
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Moment | Theoretical | Estimated | Estimated
value mean standard deviation

1 5.45e+0 5.45e+0 2.60e-2

2 3.82et+1 3.8let+l 3.51e-1

3 3.18e+2 3.17e+2 4.72e+0

4 3.02e+3 3.00e+3 6.80e+1

5 3.19e+4 3.17et4 1.04e+3

6 3.69e+5 3.66e+5 1.70e+4

7 4.61e+06 456e+06 | 2.93e+05
8 6.19e+07 6.10e+07 | 5.34e+06
9 8.86e+08 8.66e+08 | 1.03e+08
10 1.34e+10 1.30e+10 | 2.06e+09

Table 3.2: Moments analysis of correlated amplitude K-distributed data w#tB0, ¢=0.6267,
and IIR filter correlation coefficiert=0.9.

3.5.6 Simulation of correlated K-distributed data with a shape parameter v
equal to 0.1

This section presents generation details for the simulation of K-distributed data with a shape
parameter value » equal to 0.1. Asdiscussed in Chapter 2, smaller values of shape parameter
are associated with more spiky data sets. A MNLT map was produced to generate correlated
gamma with a shape parameter » equal to 0.1, and a scale parameter b equal to 1. The correl-
ation coefficient of the IIR filter used to correlate the Gaussian sequence {¢’'(n) }, from which
the correlated gamma sequence was obtained, was 0.9. Thisdatawas used, together with an un-
correlated Gaussian speckle component, to produce amplitude K-distributed data with a shape
parameter v equal to 0.1, and a scale parameter ¢ equal to 0.6267.

The Maple script parameter values used to generate the MNLT map which was used to produce
the gamma data were as follows: min=1.0e-70, max=15.88, step=1.005. This resulted in a
MNLT map with 32872 values.

Figure 3.4 shows the MNLT map, and the ACF for the correlated gamma data. Figure 3.4(b)
demonstrates the good fit obtained between the ACF of the correlated gamma data, with the
empirical ACF derived by Tough and Ward, see equations (3.19) and (3.20).

Sample moments analysisfor the correlated gamma and amplitude K -distributed data sets was
carried out as follows. One million correlated gamma and amplitude K-distributed variates

were generated. Then the first 10 sample moments were estimated for each data set using 100
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Figure 3.4: Generation of correlated gamma distributed data witt0.1, =1, and IIR filter
correlation coefficienp=0.9, (a) MNLT map, (b) ACF of the correlated gamma
data and Tough and Ward’s empirical formula for ACF.

successive blocks of data, each of length 10,000 samples. The mean and standard deviation

were calculated for each sample moment estimate. The moments analysis for the gamma data

isgiven in Table 3.3. The moments analysis for the amplitude K-distributed data is given in

Table 3.4. A good agreement was obtained between the desired theoretical moment values and
the estimated val ues obtained from the simulated data.

Moment | Theoretical | Estimated | Estimated
value mean standard deviation
1 1.00e-1 1.00e-1 1.00e-2
2 1.10e-1 1.10e-1 2.00e-2
3 2.30e-1 2.20e-1 1.00e-1
4 7.20e-1 6.80e-1 6.10e-1
5 2.94e+0 2.93e+0 4.81e+0
6 1.50e+1 1.64e+l 4.37e+1
7 9.13e+1 1.14e+2 4.34e+2
8 6.49e+2 9.17e+2 4.55e+3
9 5.25e+3 8.25e+3 4.93e+4
10 4.78e+4 7.99e+4 5.46e+5

Table 3.3: Moments analysis of correlated gamma data witl®.1, b=1, and IIR filter correl-
ation coefficienp=0.9.
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Moment | Theoretical | Estimated | Estimated
value mean standard deviation
1 1.60e-1 1.50e-1 1.00e-2
2 1.27e-1 1.24e-1 1.35e-2
3 1.79%-1 1.72e-1 2.92e-2
4 3.57e-1 3.31le-1 8.57e-2
5 9.14e-1 8.10e-1 3.14e-1
6 2.86e+0 2.37e+0 1.34e+0
7 1.06e+1 7.98e+0 6.36e+0
8 4.52e+1 2.99e+1 3.21etl
9 2.18e+2 1.22e+2 1.69e+2
10 1.18e+3 5.33e+2 9.21et+2

Table 3.4: Moments analysis of correlated amplitude K-distributed data w#t0.1, ¢=0.6267,
and IIR filter correlation coefficiert=0.9.

3.6 Obtaining estimates of the speckle and gamma components of

real sea clutter data for the generation of surrogate data

3.6.1 Introduction

This section discusses an approach to obtain the pdf and ACF of the gamma component, and
the ACF of the speckle component, of real sea clutter data. Given these properties, surrogate K -
distributed data can be generated with the same compound components as the actual sea clutter
data.

3.6.2 Determiningif clutter islocally Rayleigh

Before attempting to determine the properties of the compound components of sea clutter, it
must first be established if the compound K-distribution is a suitable model for the clutter data.
To establish this, Ward et al. [5] first of all considered if the clutter data was locally Rayleigh.
They did this by plotting the cumulative distributions of short time sequences of amplitude
sea clutter data, on “Weibull paper”. This is done by making a plot of 10log,[v:] versus
10log,q {ln {%} } , Where v, is the independent variable, and Py, is the dependent variable.
The variable v, is termed the amplitude threshold value, and Py, is termed the probability of

faseaarm®. The P}, vaueiscalculated for agiven v, value, by counting the number of clutter

3Probability of false alarm is discussedin more detail in Chapter 7.
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amplitude samples that cross (i.e. are greater than) »;, and dividing this by the total number
of clutter samples that are compared with v;. If the “Weibull paper” plots of the amplitude
clutter short time sequences are straight lines with the same slope as the “Weibull paper” plot
for Rayleigh data, then the locally Rayleigh nature of the clutter data can be said to have been
demonstrated [5, 62]. Ward et al. demonstrated the locally Rayleigh nature of amplitude sea
clutter data sets, by analysing short time sequences of length 250ms.

3.6.3 TheACF of the speckle component

If the “Weibull paper” plot of the amplitude clutter data does demonstrate that the clutter isloc-
aly Rayleigh, then the properties of the compound components of the clutter can be estimated.
The average complex ACF of the speckle component R, (m) of clutter can be estimated
from the in-phase and quadrature-phase channels of the sea clutter data, as described in equa-
tion (3.14). This ACF estimation should be done on the same short time sequences that were
demonstrated to be Rayleigh, using “Weibull paper” plot: an ACF estimation should be made
for each short time sequence, and then these estimates should be averaged to obtain the average
ACF of the speckle component. This average complex speckle ACF can be used to calculate

the complex weightsfor the speckle correlation filter H (w), as discussed in section 3.5.3.

3.6.4 Thepdf of thegamma component

A dliding window of the same length as that of the short time sequences used to produce the
“Weibull paper” plot (to demonstrate the locally Rayleigh nature of clutter) should be aver-

aged?, to produce estimates of the gamma component z(n) of sea clutter as follows,

J
+(n) = } > ) (3.25)

where there are J samples in the sliding window, and = (7) is a clutter amplitude sample.

Once the gamma samples have been estimated, the method of moments (see Appendix B) can

be used to obtain shape and scale parameter estimates for the gamma data. These parameters

4Thiswas the approach adopted by Ward et al. in [5].
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can then be used to produce the discrete MNLT map, discussed in section 3.5.4.

3.6.5 TheACF of the gamma component

The ACF of the gamma component of the real sea clutter data, discussed in section 3.6.4, can be
estimated. This ACF can then be used to set the ACF of surrogate correlated gamma data, using
Tough and Ward’'s MNLT method, as follows. In an ad-hoc fashion, the correlation coefficient
of the IR filter (as discussed in section 3.5.4) can be selected to produce a correlated gamma
sequence (after the MNLT from correlated Gaussian to correlated gamma data) with an ACF as
close to the ACF estimate of the real data as possible.

3.7 Summary

This chapter discussed the multiplicative nature of the K-distribution, and explained that this
underpins the techniques discussed for the simulation of correlated K-distributed data. Tech-
niques already presented in the literature for the simulation of correlated K-distributed data
were briefly reviewed. The simulation approach of Tough and Ward was discussed in some
detail, and results using this approach were presented. A methodology to obtain the pdf and
ACF of the gamma component, as well as the ACF of the speckle component, of sea clutter
data was presented. It was highlighted that before trying to obtain such estimates, the locally
Rayleigh nature of the clutter data should first be established.



Chapter 4
Nonlinear prediction of chaotic signals

4.1 Introduction

In [99] Scott and Mulgrew compared a global linear predictor with aglobal nonlinear predictor
on chaotic time series from two different attractors (Duffing and Lorenz), and in both cases the
nonlinear predictor was shown to perform better than the linear predictor. Thisresult isto be
expected due to the nonlinear evolution in state space of a chaotic time series, as discussed in
Chapter 2. The term global refers to the fact that one predictor was used on the chaotic time
series for al parts of the corresponding attractor. Casdagli [100] demonstrated that a locally
linear predictor could achieve a similar performance to that of a global nonlinear predictor, on
a chaotic time series from the Lorenz attractor. The locally linear technique involved fitting
to one small part of the attractor at a time, effectively requiring different linear predictors for
different parts of the attractor. In other words one nonlinear prediction problem was broken

down into a number of smaller linear prediction problems.

The prediction of chaotic time series using global linear and nonlinear techniques is further
explored in this chapter. Thisis done using the Volterra series filter (VSF) [23, 101-104] and
the radial basis function network (RBFN) [24,105-114]. These two nonlinear models can
be regarded as linear in their parameterswhich means that they can be trained using fast
supervised linear techniques. A linear predictor is used to obtain a performance benchmark for

the nonlinear predictors.

This chapter is structured asfollows. In section 4.2 the general problem of nonlinear prediction
isoutlined. Thisisfollowed in sections4.3 and 4.4 by a discussion of the structure and training
of VSF sand RBFN'’s, respectively. In section 4.5 the problem of over-fitting is highlighted, and
asimple method to avoid such a problem is described. Additionally, two measuresfor ng
the performance of anonlinear predictor are discussed: normalised mean square error (NMSE),
and recursive prediction. In section 4.6 a well known chaotic signal, Logistic map data, is
used to investigate the performance of a RBFN predictor (RBFNP) using two different centres
selection algorithms, and two different Gaussian RBFN architectures. A cubic V SF predictor
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(VSFP) is used as a comparison for the RBFNP's. In section 4.7 another well known chaotic
signal, Lorenz data, isalso used to compare the performance of RBFNP' s using the same centres
selection agorithmsand network architectures used on the Logistic map data. Moreover, noisy
Lorenz data is used to investigate the ability of a RBFNP to capture the underlying dynamics

of achaotic signal. A chapter summary is presented in section 4.8.

4.2 Nonlinear prediction

Given avector x(n), from atime series{z(n) }, which has an embedding dimension NV and an

embedding delay 7, i.e.

x(n) = [z(n),z(n—7),..,x(n— (N - 1)7)]F 4.1

an estimate z(n + 1) of the next data sample z(» + 1) is formed by constructing a nonlinear

predictor function f() where,

F(n+1) = f(x(n)) (4.2)

Equation (4.2) is for 1-step ahead prediction, but this could be generalised for K -step ahead

prediction, i.e.

#(n+ K) = fic(x(n)) (4.3

where fx (x(n)) would, in general, represent a different predictor function for each value of
K.
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4.3 Volterraseriesfilter

4.3.1 Structure

A Volterra series filter (VSF) is a polynomial model of nonlinearity [23]. It is a feed-forward
filter: there is no feedback path. A nonlinear filter cannot be characterised by its unit impulse
response [4], thereforeit isvery difficult to design a stable system with feedback. The Volterra
series (VS) equation, equation (4.4), can be used to find the predictor function discussed in
section 4.2. For an input x(n), and output f(x(n), of a discrete-time and causal nonlinear

system, a V'S expansion can be written [23] as,

fxm) = ho+ D h(mi)z(n—m) (4.49)

mi =0

+ Y0 > ha(mama)a(n — ma)x(n — ma) + ..

mi =0 T)’LQZO

+ Z Z Z ha(my,ma,...,mp) X x(n — mq)...x(n — my,)

m1=0mo=0 mi=mo

where ki, (my, ma, ..., myr) isknown as the L*" order Volterrakernel of the system. Without
lossof generality it may be assumed that the Volterrakernelsare symmetric, i.e. hy, (mq, ma, ..., myz,)
is left unchanged for any of the possible I,! permutations of the indices m, ms, ..., mr. Also,

in practise atruncated VS expansion must be used, so that equation (4.4) may be written as,

N-1
Fxm) =3 hlmi)a(n - my) (45)

m1=0
N-1 N-1

+ ha(my, ma)x(n — my)z(n — ma) +
m1=0mo=m1
N-1 N-1

+ ha(mq, mg,...,mr) X z(n —mq)..x(n—myg)
m1=0 myp=mry,_1

The truncated V'S expansion given above isfor a zero mean process (i.e. ho = 0). N isknown
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asthe degree of the V'S (which is equivalent to the embedding dimension of x(n)). L isknown
asthe order of the VS.

A disadvantage of the VS nonlinear model isthat the VS complexity growsrapidly with N and
L. For thework in thisthesis, a V SF of up to order 3 was only considered. Below is shown a

breakdown of the number of termsin each section (linear, quadratic, and cubic) of the V SF,

Linear (L=1) N
Quadratic (L =2): 2(,?]7\;'__11)'),
Cubic (L=3): vt

where N isthe embedding dimension of theinput signal.

It should be noted that for the work reported in thisthesis, a cubic VSF refers to a VSF with a
linear section, a quadratic section, and a cubic section. Likewise, a quadratic V SF consists of
both a linear section and a quadratic section. A graphical example of aVSF isgivenin Figure
4.1. Thisshowsa quadratic (1.=2) VSF, of degree N =3, which operates on an input vector of
embedding dimension N =3, and embedding delay 7=1.

I e
ONO

> >

=
2R
(=)

Figure 4.1: Quadratic VSFL=2, N=3.
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4.3.2 Training

To demonstrate that the VSF islinear in its parameters, equation (4.5) is re-written as a vector

inner product,

f(x(n)) = hTXexpanded(n) (46)
where,
XeTxpanded(n) = [z(n),z(n—-1),...,2(n—=N+1),...,z(n)z(n)...z(n),...

z(n—N4+1z(n—N+1)...z(n—= N +1)]

h! = [h(0),hi(1),..., (N = 1),...hp(0,0,...0),hr(N = 1,N —1,...
N —1)]

The weight vector h” can be estimated using a least squares algorithm. One of the most well

known adaptive least squares algorithm is the least mean squares (LMS) agorithm. However,
it was decided not to use thistechnique as Mathews [ 23] observed that the nonlinear expansion

of the input vector x(n) will cause the eigenvalue spread of the ACF matrix to increase, even
when the input signal is white. Furthermore, it is known that the LM S algorithm convergence
speed decreases when the eigenvalue spread of the ACF matrix is increased [18]. Instead, a
numerically robust, block least squares algorithm known as the Householder transform [115,

116] was used, see Appendix D, to train the Volterra kernels for the work in thisthesis. This
technique avoids estimating the inverse of the ACF matrix directly. Figure 4.2 shows a block
diagram of how aV SF of arbitrary order and degree can be trained to operate as a K -step ahead
NLP: aVSF predictor (VSFP).

Finally, it should be noted that the VS expansion does not perform well when there are dis-
continuities[23]. Thisis because the VS expansion is a Taylor series expansion with memory
which only works well when the function it attempts to model is smooth, in the sensethat itis
at least once differentiable [4].
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~ 4 Adaptive
Volterra
kernel
control

fr(x(n))

Figure 4.2: Block diagram of the training of a VSF as/a-step ahead NLBx(n) is the input
vector to the VSF. This input vector has, and the VSF is also said to have, an
embedding dimension df and an embedding delay ef The VS kernels are
adapted using a least squares algorithm to minimise the difference between the
desired value:(n + K') and the output of the Volterra series filtg (x(n)) (i.e.
minimisex(n + K) — Z(n + K)).

4.4 Radial basisfunction network

44.1 Introduction

Theradia basisfunction network (RBFN) [24, 105-114], and the multi-layer perceptron (MLP)
[24,114], are feed-forward networksthat can be used to implement aNL P. Both have been used
for the nonlinear prediction of sea clutter [12, 18], which is the subject of Chapter 5. However,
as Haykin [24] points out, there aways exists a RBFN capable of accurately mimicking a
specified MLP or vice versa. So, if datais nonlinearly predictable, it would be expected that
bothaMLP and aRBFN would be able to exploit this predictability, and hence thereis no need
to implement both networks, only one. For thiswork a RBFN has been chosen in preference to
aMLP for the following reason [114]. The training time of the MLP suffers from the training
process being highly nonlinear. However, after choosing suitable basis function parameters
(discussed in section 4.4.3), the RBFN can be trained using fast linear supervised methods
(discussed in section 4.4.4).

442 Structure

As discussed above a RBFN can be used to find the predictor function presented in section 4.2.
The structure of aRBFN isshown in Figure 4.3.
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layer

Figure4.3: RBFN with N source nodes in the input layel/ Gaussian kernel®;(n),i =
1,2, ..., M, in the hidden layer, andd weightsw;,: = 1,2,...., M, in the out-
put layer. The input vector has, and therefore the RBFN is said to also have, an
embedding dimensial and embedding delay.

Theinput layer consistsof N source nodes, which may be formed by using atapped delay line
to represent an embedding of an observed time series. The hidden layer nonlinearly expands
theinput signal. The hidden layer isshown in Figure 4.3 consisting of M units. The unitsof the
hidden layer are known as the kernels of the RBFN, and each kernel output ¢;(n) ismultiplied
by a corresponding weight w;. The weighted kernel outputs are then summed to produce the
output of the RBFN.

A RBFN can be used to find the predictor function discussed in section 4.2. For an input vector
x(n), equation (4.1), the corresponding output f(x(n)) of a RBFN with N source nodes and

M kernelsiswritten as,

M
f(x(n)) = Z wi () (4.7)

The most common nonlinear kernel function used in RBFN'’s isthe Gaussian function,
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—||x(n) — e?
¢i(n) = exp [M] , 1=1,2,..M (4.8

2
20}

where ¢;(n) isthe output of the i kernel, ||.|| isthe Euclidean distance measure,

[T

N
Ixi — x| = [Z(ﬂﬁm - %‘n)zl (4.9)

n=1

c; is the position of the i*" kernel’s centre in N-dimensional space, and ¢; is known as the
width of the i*" kernel. The type of nonlinear kernel function is not crucial for the performance
of the RBFN [109]. Other choices for the nonlinear function include the thin-plate-spline and
the multi-quadratic functions[109].

4.4.3 Normalised Gaussian kernels

Two different Gaussian RBFN architectures were considered. Firstly, a RBFN which used the
Gaussian kernel function in equation (4.8) was considered. Thiswill be referred to from now
on as the un-normalised RBFN or UNRBFN. Secondly, a RBFN which used the normalised
Gaussian kernel function [117-123], see equation (4.10), was considered. Thiswill be referred
to from now on asthe normalised RBFN or NRBFN. The normalised Gaussian kernel function
is defined below,

exp [ Axtped’|

2

llx(n)—c, |2
M exp[ )< ]

bi(n) = (4.10)

where ¢;(n) isthe i'" normalised kernel output. Thisis very similar to equation (4.8), except
here the kernel output is divided by the sum of all the kernel outputs. Therefore, the outputs of
all the kernelsadd up to one.
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4.4.4 Selection of basis function parameters

Asmentionedin section 4.1, the free parameterse;, o;, and w;, fori = 1,2, ..., M, of theRBFN
can be chosen in such a way so as to avoid a time consuming nonlinear optimisation selection
strategy. This usually involves selecting the basis function parameters ¢; and o; using an un-
supervised method, and then using a fast linear least squares supervised method to train the
output layer weights w;. This section deals with the selection of the basis function parameters:
the kernel centres ¢; and the kernel widths o;. Two un-supervised methods will be discussed

for the selection of ¢; from the training data. One method is discussed for the selection of ¢ ;.

Centres selection method I: randomly selected centres (RSC)

The randomly selected centres (RSC) technique involves choosing centres from the training
data at random. A uniform random number generator [87] (RNG) is used to pick points at
random from the training data. These points are used as the starting elements of the centres.
For example if the RBFN has an embedding dimension of V, and an embedding delay of 1
sample, then a starting element is picked, along with the next N — 1 successive data points, to
obtain centres in N -dimensional space. Care must be taken to ensure that no centre is picked
more than once, to avoid ill-conditioning of the data matrix sent to the Householder transform.
This sel ection technique wasimplemented so that, given two RBFN’ s with the same embedding
dimension, embedding delay, training length, and training data set, but one with M ; kernels,
and the other with M, kernels, where My > M, the set of M, centresis a subset of the A4

centres.

Centres selection method I1: the optimal k-means clustering algorithm

The optimal adaptive k-means (OAKM) algorithm [124] is used to partition the input V-
dimensional space of the RBFN into M clusters. The centres of the kernels are positioned
onto the centres of these clusters. The OAKM al gorithm achieves an optimal or near-optimal
partition of the input space independent of the initial centre locations (which the algorithm re-
quires) [125]. The RSC method was used to pick the centres for the initialisation of the OAKM

technique.

Kerndl width selection

For both of the above centres sel ection methods the same technique was used to find the kernel

widths o;,@ = 1,2, ..., M. In fact, a universal width was used (i.e. the same width for each
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kernel): o, = 0,2 = 1,2, ..., M. Thefollowing equation was used to calculate the width o,

(4.11)

where d,,,. isthe maximum Euclidean distance between any 2 centres, and M is the number of
kernels. Such achoice for ¢ ensures that the Gaussian kernel functions are neither too peaked
nor too flat [24].

4.45 Training the output layer weights of the RBFN

Once the centres and widths of the M kernel functions have been selected, the M linear out-
put layer weights w;,¢ = 1,2,.., M, can be trained using a supervised linear least squares
technique. The least squares approach involves solving equation (4.12),

¢(n)w =x(n+ K) (4.12)
where,
[ e b (n) ouln) |
B(n) = ¢1(n_+ 1) ¢2(n_+ 1) - ¢M(7”f +1) (4.13)
Or1(n+(A=1)) da(n+(A=1)) -+ du(n+(A—-1))]

isa A x M matrix of kernel outputs ¢;(n), M isthe number of kernels in the hidden layer
of the RBFN, and A > M. wisthe M x 1 vector consisting of the RBFN’s output layer
weightsw;,: = 1,2, ..., M,andx(n+ K) isthe M x 1 vector consisting of the desiredK -step
ahead RBFN output samples. The training of a RBFN with an embedding dimension of NV and
embedding delay T, isillustrated in Figure 4.4.

The nonlinear layer of the RBFN causes an increase in the eigenval ue spread of the ACF mat-
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~ 4 Adaptive
RBFN
weights
control

fr(x(n))

Figure 4.4: Block diagram of the training of a RBFN as/é-step ahead NLE(n) is the input
vector to the RBFN. This input vector has, and the RBFN is also said to have, an
embedding dimension &f and an embedding delay of The RBFN weights are
adapted using a least squares algorithm to minimise the difference between the
desired valuex(n + K) and the output of the RBFNx (x(n)) (i.e. minimise
z(n+ K)—2(n+ K)).

rix [4]. Therefore, as was used for the training of the kernels of a VSF, the numerically ro-
bust Householder transform was used to train the output layer weights w;,i = 1,2,.... M,
of the RBFN. Strauch [4] pointed out that if the basis function parameters are not selected
carefully, the resulting data matrix, (formed from the outputs of the kernels), will often beill-
conditioned®. Thisill-conditioning can be caused by too small awidth value, or akernel centre
placed in a sparsely populated area of the input space. The selection techniques for the basis

functions described in section 4.4.4 were chosen with the aim of avoiding suchill-conditioning.

This ill-conditioning can lead to numerical problems. To avoid such problems, a technique
known as singular value decomposition (SVD) [87] can be used to train the weights, instead of
the Househol der transform. Strauch [4] recommended the use of SVD when the data matrix is

ill-conditioned, and when the data matrix iswell-conditioned to use the Househol der transform.

4.4.6 Regularisationtheory

In an article by Haykin and Principe [29], regularisation theory was applied to RBFN’sin order

to reconstruct the dynamics of a chaotic signal in noise. An UNRBFN was shown to be unable

YIf the condition number (ZiZeigenvalue ) of g matrix is too large, that is, if the reciprocal of the condition

MiNeigenvalue

number approachesthe machine's floating-point precision.
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to recursively? predict (and therefore capture the dynamics of) Lorenz data corrupted by white
Gaussian noise, where the signal to noiseratio (SNR) was 25dB. However, an UNRBFN which
used regularised training, or a regularised UNRBFN (RUNRBFN), was able to recursively
predict the noisy Lorenz signal. For thisreason, the use of RUNRBFN’s was investigated.

The basic idea of regularisation isto stabilise the solution to the approximation problem, (i.e.
the approximation of the predictor function), by making use of prior information about the
input-output (i.e. RUNRBFN) mapping and to thereby make an ill-posed® problem into awell-
posed problem [24].

Unlike the usual or un-regularised training (section 4.4.5) of the output layer weights, which
works for both UNRBFN’s and NRBFN'’s, regularised training [24, 106] has only been theor-
etically justified to work for an UNRBFN [106]. A further restriction of regularised training is
that the nonlinear kernel function used must produce an output that is positive definite for all

input vectors [24]. The Gaussian kernel function, equation (4.8), satisfiesthis condition.

The regularised least squares approach involves solving the following equation,

(®(n)+ AI)w = x(n+ K) (4.14)

where ®¢(n) isa A x M matrix, as given above in equation (4.13), M isthe number of kernels
inthe hidden layer of the RBFN, with A > M, w isthe M x 1 vector consisting of the RBFN's
output layer weightsw;, ¢ = 1,2, ..., M, x(n+ K') isthe M x 1 vector consisting of the desired
K-step ahead RBFN output samples, T isthe M x M identity matrix, and A is known as the
regularisation parameter . Unfortunately, this equation only holdsif there are as many kernels
in the RBFN’s hidden layer as there are input vectors in the training data file, which is used
to train the RBFN [24]. To avoid this restriction, and to use fewer kernels than input training
vectors, the following equation can be solved instead of equation (4.14), using a least squares
approach, to produce an approximately [24] regularised solution,

2Recursive prediction is discussedin section 4.5.2.
3the problem of learning a smooth mapping from input-output pair examplesis ill-posed in the sense that the
information in the datais not sufficient to reconstruct, uniquely, the mapping in regions where data are not available.

66



Nonlinear prediction of chaotic signals

(T ()@ (n) + AP, (n)) w = &7 (n)x(n + K) (4.15)

where &, isasymmetric M x M matrix defined by,

o, = _ _ . _ (4.16)

¢lear,e1) dlem,cz) - olenm, cn)

where,

—|lei — ¢;l|?

2
20}

o(ci, e;) = exp [ ] i, =1,2,..M (4.17)

and ¢ isthe universal width, as defined in equation (4.11). Theterms ®, w, x(n 4+ K'), and A
are as described above for equation (4.14).

For convenience, using equation (4.14) to obtain RBFN weights, will be referred to as full
regularisation, and using equation (4.15) will be referred to as approximate regularisation.

45 Over-fitting and prediction perfor mance measurement
Before presenting any prediction results, the subjectsof over-fitting and prediction performance

measurement must be discussed.

45.1 Over-fitting

Over-fitting [114] occurswhenamodel, (i.e. RBFN or V SF), istoo complex and fitsto spurious
quirks (i.e. noise) in the data. Another way of viewing thisisto say that the model does not

provide a smooth mapping between the input to the model, and the desired output. This means
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that the model will perform well on training data, but will perform less well on data it has not

seen, and will therefore have poor generalisation properties [114].

To avoid over-fitting, a technique known as early stopping [114] can be used. This technique
simply involves splitting the datainto training and non-training data sets. For example, with the
prediction prablem, the training error (i.e. the desired output minus the predictor’s output, for
the training data set), is expected to continually decrease with time (and training!), until it hits
anoise floor. However the non-training error is expected to at first decrease with time, but then
eventually increase again, as the model (the predictor) startsto over-fit to the training data. By
monitoring the predictor’s performance on non-training data, the problem of over-fitting can be

avoided: if the non-training error startsto increase, then stop the training.

For the work in this thesis the data was divided into three equal sets of length Y samplesin
each: atraining set (the first Y samples), and 2 non-training sets; a testing set (the next Y

samples), and avalidation set (the next again Y samples).

45.2 Prediction performance measurement

Normalised mean square error (NM SE)

The prediction performance measure that has been used for thisthesisis the normalised mean
square error (NM SE), which is defined in equation (4.18), for the general i step-ahead predic-

tion problem.

1
oY

x n=1

]~

NMSE = 10 log; ( (z(n+ K) — &(n+ 1())2) (4.18)

Recursive prediction

In addition to the NM SE performance measure, another form of prediction performance meas-
urement, known as recursive prediction [29] was used. Recursive prediction is performed by

first of al training a predictor to obtain the mapping in equation (4.2), i.e.
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F(n+1) = f(x(n))

Then the trained predictor is given one input vector from the available data. From then on the
output of the predictor is fed back to its input, and the system becomes autonomous. Thisis
illustrated in Figure 4.5.

. C . C
x(n) . Trained Z(n+1) %(n) . Traiped (n+1)
< (n) JDB Predictor < (n) o B Predictor

A A

@) (b)

Figure 4.5: Recursive prediction. Recursive prediction is achieved as follows. As shown in
(a), close switch AB, open switch BC, and initialise the trained predictor with a
vector from the input datax(n), to obtain an output samplé,(n + 1), from the
predictor. This output is the predictor’s estimate of the next sampte+ 1). Next,
as shown in (b), open switch AB and close switch BC. Update the egtpwith
the 1-step ahead (or next sample) estimate, + 1), to form the next input vector
%(n). Keep BC closed and AB open, and continue feeding the predictor’s output
back to update the input vect&(n).

Haykin and Principe [29] suggested using recursive prediction as a pragmatic approach for
testing how well a 1-step ahead predictor had managed to model the underlying dynamics of
a chaotic signal. If the predictor is successful at modelling the underlying dynamics of the
chaotic signal, then the predictor’s output, in recursive prediction mode, should satisfy the two
conditions[29] listed below.

1. Short term behaviournce initialisationis completed, the reconstructed time
series{Z(n)} in Figure 4.5 should closely follow the original
time series {«(n) }, for aperiod of time approximately equal
to the prediction horizon of the signal.
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2. Long term behaviourThe dynamic invariants, (such as the correlation dimension),
computed from the reconstructed time series {4 (n) } should
closely match the corresponding ones from the original time series,
{z(n)}. Thisisbecause these dynamic invariants measure global

properties of a chaotic signal.

4.6 Prediction of Logistic map data

4.6.1 Logistic map

The Logistic map [24, 105] is a chaotic time series whose dynamics are governed by the differ-
ence eguation,

z(n) =4z(n— 1)[1 —z(n—1)] (4.19)

Thisisafirst order nonlinear process where only the previoussample z(n — 1) determines the

value of the present sample z(n). The Logistic map isknown to be chaotic on theinterval [0,1].

Figure 4.6 shows a plot of the Logistic map in 2-dimensional state space; thisplot is known as
the attractor of the L ogistic map.

0.8 7
/

06 - /

x(n-1)

0.4

0.2 / Y\

0 0.2 0.4 0.6 0.8 1
x(n)

Figure4.6: Plot of the Logistic map attractor using 2000 data points.

The correlation dimension estimate for the Logistic map was evaluated using the method of

maximum likelihood, which was discussed in Chapter 2. The estimate for the maximum likeli-

70



Nonlinear prediction of chaotic signals

hood correlation dimension D s, was 1.07. A plot of the mutual information for the Logistic

map dataisgivenin Figure 4.7.

Mutual information
w S (4]
-

N}
T

10 12 14 16 18 20
Delay [samples]

Figure4.7: Plot of the mutual information for the Logistic map data.

1-step ahead prediction of the Logistic map data was carried out using linear, RBFN, and V SF
predictors. This prediction analysisis how discussed.

4.6.2 Linear prediction

Prediction results are shown for a 25 tap LP [116] in Figure 4.8. The taps of the LP were
trained using the Householder transform. It should be noted that, unless otherwise stated, the
delay between samplesfor aLP isjust 1 sample, and that the prediction step is also 1 sample,

in the remainder of thisthesis.

Figure 4.8 demonstrates that the L ogistic map datais not linearly predictable. The reason for
this becomes clear when the second order statistics of the Logistic map are inspected. Figure
4.9 shows a plot of the power spectral density (PSD) for the Logistic map data, formed using
65536 samples, aswell as a plot of the ACF for the Logistic map data, which was also formed
using 65536 samples.

From Figure 4.9 it isclear that the L ogistic map spectrum iswhite. Therefore the Logistic map
islinearly unpredictablein the sense that the value of the L ogistic map at time » is uncorrelated
with all past values of the process, up to and includingtimen — 1, (aswell asbeing uncorrelated

with all future values of the process).
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Figure 4.8: Linear prediction of Logistic map data. Results are shown for training (train),
testing (test), and validation (valid) data sets, for a 25 tap LP which was trained
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using the Householder transform.
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Figure 4.9: Second order statistics of the Logistic map, estimated using 65536 samples: (a)

PSD, (b) ACF.
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4.6.3 Nonlinear prediction using RBFN’s

The Logistic map, in one and two dimensional space, will be used to highlight some issues
associated with choosing appropriate kernel centres for a RBFN predictor (RBFNP). The per-
formance of NRBFN predictors (NRBFNP's) and UNRBFN predictors (UNRBFNP's) will be
reported. Previous work on the prediction of Logistic map data using RBFN's is reported in
[105].

RBFN prediction results are presented in Figure 4.10. Figure 4.10(a) showsresultsfor a NRB-
FNP which was trained using the RSC method (section 4.4.4) to select the centre positionsfor
the NRBFN'’s kernels. Figure 4.10(b) shows results for an UNRBFNP which was trained us-
ing the RSC method to pick centres. Figure 4.10(c) shows results for a NRBFNP which was
trained using the OAKM algorithm (section 4.4.4) to select kernel centre positions. Finally,
Figure 4.10(d) shows results for an UNRBFNP which was trained using the OAKM method to
pick centres. It should be noted that for the RBFN prediction resultsin Figure 4.10, a different
set of centres was selected for each different training length: this aspect of the RSC centres
selection technique was discussed in section 4.4.4. For a given training length and centres se-
lection technique, the same set of centres was used by both the NRBFNP and the UNRBFNP.
Figure 4.10 shows results for two different cases of embedding dimension N (i.e. size of the
RBFN input layer): N=1, and N=2. The reason for presenting resultsfor two different cases of
embedding dimension isto illustrate some aspects associated with the selection of basis func-
tion parameters, which will be discussed below. To facilitate the discussion of the resultsin
Figure 4.10, a plot of the centres used by the RBFNP’ s to obtain the resultsin Figure 4.10 are
presented in Figure 4.11, for the RBFNP swith input layer size N=1, and in Figure 4.12 for the
RBFNP'swith input layer size N=2. The kernel widths corresponding to the centres plotted in
Figure 4.11 are given in Table 4.1. The kernel widths corresponding to the centres in Figure
4.12 aregiven in Table 4.2.

There are several interesting points to be observed from the prediction resultsin Figure 4.10.

These pointswill now be highlighted.

NRBF vs UNRBF

Before discussing the results in Figure 4.10, it should be pointed out that following the dis-
cussion in Chapter 2, it might seem sensible to choose an embedding dimension for a RBFNP

according to Takens' embedding delay theorem. However, it should be pointed out that Takens'
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Figure 4.10: 1-step ahead nonlinear prediction of Logistic map data using (a) a NRBFNP with
centres selected using the RSC method, (b) an UNRBFNP with centres selected
using the RSC method, (c) a NRBFNP with centres selected using OAKM method,
and (d) an UNRBFNP with centres selected using the OAKM method. NMSE
results are shown for RBFNP’s for 2 cases of embedding dimension (N=1,2), with
an embedding delay of 1 sample and 25 kernels used for each case of embedding
dimension. Results are shown for training (train), testing (test), and validation

(valid) data sets.
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Different sets of centres
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sion of 1. These centres correspond to those used by the RBFN'’s to obtain the
prediction results in Figure 4.10, for the cases where an embedding dimension
N of 1 was used. The y-axis represents the range of the Logistic map data in 1-
dimensional space. On the x-axis, the centres selected using the optimal adaptive
k-means algorithm, OAKM method, and the centres selected at random, using the
RSC method, are displayed as follows. Atx=1,2,3,...,10 the centres selected using
the OAKM algorithm are displayed for training lengths of 1000 samples, 2000
samples, 3000 samples,...,10,000 samples, respectively. At x=1.5,2.5,...,10.5, the
centres selected at random from the training data are displayed for training
lengths of 1000 samples, 2000 samples,...,10,000 samples, respectively. For a
given training length the randomly selected centres were used to both initialise
the OAKM algorithm and as centres for the RBFN's that used the RSC method.
For a given training length and centres selection technique, the same centres were
used by both the NRBFN and the UNRBFN.
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Figure 4.12: Centre positions of RBFN'’s with embedding dimension of 2, in 2-dimensional

space, for training length¥” of 1000 up to 10,000 samples. Initial centres se-

lected using RSC method, final centres obtained from the initial centres using the
OAKM method.
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Training length | Width Width
[samples)] [RSC method] | [OAKM method]
1000 0.194027 0.197891
2000 0.199426 0.195599
3000 0.176180 0.198082
4000 0.199232 0.197051
5000 0.197071 0.196827
6000 0.199345 0.195937
7000 0.196257 0.197474
8000 0.199112 0.198145
9000 0.198592 0.197568
10000 0.198552 0.197907

Table 4.1: Widths for NRBFN's and UNRBFN's fa¥ =1, M =25 case.

Training length | Width Width
[samples] [RSC method] | [OAKM method]
1000 0.226046 0.221207
2000 0.225085 0.224215
3000 0.224554 0.223252
4000 0.225090 0.223173
5000 0.225856 0.222547
6000 0.225938 0.220350
7000 0.223248 0.224809
8000 0.225924 0.220792
9000 0.224663 0.222932
10000 0.224458 0.223575

Table 4.2: Widths for NRBFN's and UNRBFN's fa¥ =2, M =25 case.
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embedding delay theorem is a sufficient, but not necessary condition for dynamic reconstruc-
tion[29]. It was found for the Logistic map data, that to achieve the same prediction perform-
ance as a RBFNP with an embedding dimension of one, a RBFNP with embedding dimension
greater than one had to use many more kernels than the RBFNP with an embedding dimension
of one. This will be discussed further below. Additionally, from Figure 4.7 it can be seen
that there are no obvious minima, and therefore, the mutual information plot does not yield an
obvious choice of embedding delay for a RBFNP, according to the discussion in section 2.2.7.
However, through atrial and error procedureit wasfound that avalue of embedding delay equal
to 1 sample produced the best NM SE prediction results.

For the cases where N =1, no significant difference in performance between the NRBFNP and
the UNRBFNP was observed. However for the N=2 cases, the NRBFNP performed better
then the UNRBFNP. The RBFN prediction results were better for the N =1 cases than for the
N=2 cases. For both choices of N, 25 kernelswere used in each RBFNP. So, from the above
observations, it would appear that 25 kernels managed to sufficiently span the 1-D input space,
for the N=1 cases, but 25 kernels did not sufficiently span the sparser 2-D input space for
the cases where N=2. In the 2-D case, where there were not enough kernels to sufficiently
span the input space, the NRBFNP managed to span the input space better than the UNRB-
FNP. The input space covered by normalised kernels, with respect to the space covered by
un-normalised kernels, is discussed in [4, 118, 122]. A more specific explanation for the im-
provement in prediction performance when normalised kernels are used is that a NRBFN can
exhibit both localised and non-localised behaviour [121], whereas an UNRBFN only features
localised behaviour. Described loosely, a normalised kernel will display localised behaviour
if it is surrounded by other kernels, whereas a normalised kernel which is not close to other
kernels will exhibit non-localised, sigmoid-like, behaviour [121].

RSC method versus OAKM method

In the cases where N =1, there were no significant differences between the performance of the
RBFNP that used the OAKM centres selection method and the performance of the RBFNP
that used the RSC centres selection method. For the cases where N=2, it was observed that
although both the RSC and the OAKM centres selection techniquesresulted in RBFNP swhose
prediction performance varied with training length, the RBFNP which used the OAKM method
suffered less performance variability than did the RBFNP which used the RSC method. It
should be noted that, see Figures 4.11 and 4.12, it took 10,000 training samples before the
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input space (for both the V=1 and N =2 cases) was, approximately, equally partitioned (into M
clusters) by the OAKM method. From the resultsin Figure 4.10, the equal partitioning of the

input space appears to result in good prediction performance.

The variability of the prediction results for the RBFNP which used the RSC method in the
2-D input space is smply explained by considering the random areain the 2-D space that the
RBFN’s 25 kernels covered, for each different set of random centres. The 25 kernels did not
manage to sufficiently span the input space, and the different sub-space that each set of centres
covered, produced different prediction performance results. The variability of the prediction
resultsfor the RBFNP which used the OAKM method is understood by looking at Figure 4.12.
Figure 4.12 shows that the OAKM method moved the centres around the attractor, and even
off the attractor, which had an impact on the prediction performance of the RBFNP. It should
be noted however, that despite the OAKM method moving some kernels off the attractor, the
OAKM method can still produce better results than the RSC method, if the kernelsleft on the
attractor are better distributed across the attractor than those selected at random using the RSC
method (given that the same number of kernelsare used in each centres selection technique, as
is the case in this example). Thisisthe case, for example, in Figure 4.12(h). In that Figure,
the final kernel positions of the OAKM method still managed to cover the attractor better than
theinitial centres selected using the RSC method, despite some final centres being moved off
the attractor. The effect on prediction performance for thisexampleis shownin Figures 4.10(a)
and 4.10(c): for the case N =2, and atraining length of 8000 samples, the NRBFNP which used
the RSC method only had a prediction performance of around -45dB, whereas the NRBFNP
which used the OAKM method, had a prediction performance of around -85dB.

This variability in the sparser 2-D space can, however, be eliminated by using enough kernels
to sufficiently span theinput space. Doing so not only eliminates the variability associated with
centres selection, but also improves prediction performance. Thisis shown in Figure 4.13. For
comparison with Figure 4.12, the centres obtained using the RSC method for the NRBFNP and
the UNRBFNP, using a RNG seed of 1, are shown in Figure 4.14.

From the above results, the crucial aspect of centres selection seems to lie in the choice of a
suitably large number of kernels which can sufficiently span the input space, rather than trying
to partition the input space into M equal clusters. However, without prior knowledge of the
input space, the OAKM centres sel ection technique does seem offer an advantage over the RSC

method: it resultsin a RBFNP that suffers less prediction performance variability.
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Figure 4.13: 1-step ahead nonlinear prediction of Logistic map data using RBFNP’s with an
embedding dimension of 2, 100 kernels and an embedding delay of 1 sample.
Results are shown for (a) a NRBFNP and (b) an UNRBFNP with centres selected
using the RSC method, for different sets of random centres which were obtained
by changing the seed to the RNG which was used to pick the centres at random
from the training data. The training length for these RBFNP’s was 3000 samples.
Results are shown for (c) a NRBFNP and (d) an UNRBFNP with centres selected
using the OAKM method. The seed used by the RSC initialisation part of the
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Figure 4.14: Centre positions in 2-dimensional space for centres obtained using the RSC
method, with training length size of 3000 samples, an embedding delay of 1
sample, 100 kernels and a RNG seed of 1. These centres correspond to those used
by the RBFN’s to obtain the prediction results in Figures 4.13(a) and 4.13(b), for
a random number generator seed of 1.

4.6.4 Nonlinear prediction usinga VSFP

Prediction results are shown for a cubic (i.e. order=3) VSFP, with an embedding dimension of
10 and an embedding delay of 1 sample, in Figure 4.15. As can be seen, the VSFP achieves
similar performance to that of the RBFNFP's discussed in section 4.6.3, which used enough
kernels to sufficiently span the input space selected.
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Figure 4.15: 1-step ahead nonlinear prediction of Logistic map data using a cubic VSFP, with
an embedding dimension of 10 and an embedding delay of 1 sample.
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4.6.5 Recursiveprediction

Figure 4.16(a) shows recursive prediction of the Logistic map data, using a 25 tap LP with a
training length of 3000 samples. The LP was seeded initially with thefirst vector from the test-
ing data set. Aswould be expected from the resultsin section 4.6.2, the LP failed to recursively
predict the Logistic map data. Figure 4.16(b) shows recursive prediction of the Logistic map,
using an UNRBFNP with an embedding dimension of 2, 100 kernels, an embedding delay of
1 sample, and a training length of 3000 samples. The UNRBFNP was seeded initialy with
the first vector from the testing data set. The UNRBFNP successfully managed to recursively
predict the Logistic map time series. The estimate of correlation dimension for the recurs-
ively predicted time series was 1.07, which agrees with the estimate for the original time series
which was also estimated at 1.07. These valueswere estimated using 35,000 samples. Notethat
Takens' embedding delay theorem would suggest that a minimum embedding dimension size of
3 should be used to recursively predict the L ogistic map data, however, dynamic reconstruction

was achieved using an embedding dimension of only 2.
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Figure 4.16: Recursive prediction of Logistic map data using, (a) a LP with 25 taps, and (b) an
UNRBFNP with an embedding dimension of 2, an embedding delay of 1 sample,
and 100 kernels. The RSC method was used to pick the UNRBFNP’s centres, and
the seed used by the RNG in the RSC method was 1. 3000 samples were used
to train both predictors, and the first input vector from the testing data set was
used to seed both predictors, for the recursive prediction task. The prediction
horizon {.e. the point where the original and recursively predicted series begin
to diverge) can be seen to be approximately 17 samples in Figure 4.16(b).
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4.7 Prediction of Lorenz data

471 Lorenzattractor

The following coupled system of three nonlinear differential equations[29],

da;it) _ ope(t) ory(®) (4.20)
d@(/i_iﬂ = rpa(t) — y(t) — 2(t)=(1)
di;) — —bpa(t) + 2(D)y(0)

where o1, r1, and by, are dimensionless, describe the dynamics of the Lorenz attractor. For
cor,=10, by, = % the system behaves chaotically, whenever the Rayleigh number, r,, exceeds a
critical value, which is approximately 24.74 [31]. Equation (4.20) can be solved for z(t) using
a4'" order Runge-Kutta [87] technique with a suitable discrete step-size to produce a discrete
Lorenz time series. For the work in this thesis, a step-size of 0.05, and avalue of ;=28 were
used to obtain Lorenz time series data. Figure 4.17 is a plot of the Lorenz time seriesin 3-D

state space, or, in other wordsit isa plot of the Lorenz attractor.

5
x(n) 0 45

Figure4.17: Plot of the Lorenz attractor using 2000 data points.

The correlation dimension estimate for the L orenz datawas eval uated using the method of max-
imum likelihood, which was discussed in Chapter 2. The estimate for the maximum likelihood

correlation dimension D, was 2.11. A plot of the mutual information of the Lorenz datais
givenin Figure 4.18.

1-step ahead prediction of the Lorenz data was carried out using linear, RBFN and V SF pre-
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Figure 4.18: Plot of the mutual information for the Lorenz data.

dictors. Thisprediction analysisis now discussed.

4.7.2 Prediction of Lorenz data

The 1-step ahead prediction performance of linear, VSF and RBFN predictors is reported in

this section. Previouswork on the prediction of Lorenz datais reported in [99, 100].

Linear and RBFN prediction results are presented in Figure 4.19. From Takens' embedding
delay theorem a suitable choice for embedding dimension, for the prediction of the Lorenz
signal, would be 7 or greater. From the plot of mutual information in Figure 4.18, a suitable
choice of embedding delay would be 3 samples. However, from trial and error experiments,
the optimal values for a RBFN’s embedding dimension and embedding delay, in terms of the
NMSE performance measure, were 3 and 1 sample, respectively. Results are presented in
Figure 4.19 for RBFN’swith an embedding dimension of 3, and embedding delay of 1 sample,
trained using the RSC method (Figure 4.19(a)) and the OAKM method (Figure 4.19(b)) to

select centres. Results, for comparison, are also shown for aLP with 30 taps.

From the results in Figure 4.19, 100 kernels seems sufficient to adequately span the input 3-
D space, and therefore (as discussed in section 4.6.3), there was found to be no significant
difference in terms of NM SE between a RBFNP which used the RSC method, and one which
used the OAKM method. The nonlinear RBFNP's were able to exploit the nonlinear nature

of the Lorenz signal, and therefore performed better than the LP. As there was found to be no
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Figure 4.19: 1-step ahead nonlinear prediction of Lorenz data using RBFNP’s with an embed-
ding dimension of 3, 100 kernels and an embedding delay of 1 sample. Results
are shown for (a) a RBFNP with centres selected using the RSC method, and for
(b) a RBFNP with centres selected using the OAKM method. Results are also
shown for a 30 tap LP.
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Figure 4.20: 1-step ahead nonlinear prediction of Lorenz data using a cubic VSFP, with an
embedding dimension of 4 and an embedding delay of 1 sample.

significant difference in NM SE between using the two different centres sel ection techniques, for
both the L ogi stic map dataand the Lorenz data, the computationally more efficient RSC method
was preferred to the OAKM method, for the prediction analysis reported in the remainder of
this chapter. For convenience, a RBFNP with centres selected using the RSC method will be
referred to as a RBFNP-RSC, and a RBFNP with centres selected using the OAKM method
will be referred to asa RBFNP-OAKM, in the remainder of thisthesis.

Results for a cubic VSFP with an embedding dimension of 4 are shownin Figure 4.20. Aswas

the case for a RBFNP, the V SFP was able to exploit the nonlinear nature of the Lorenz signal.

4.7.3 Recursiveprediction of noisy L orenz data

In [29] Haykin and Principe presented results for the recursive prediction of Lorenz data in
white Gaussian noise, with a SNR of 25dB. They presented results for an UNRBFN which
showed that it could not recursively predict the noisy Lorenz data. They also showed results
for a RUNRBFN, which was able to recursively predict the noisy Lorenz data. Haykin and
Principe used afully regularised solution.

To assessthe usefulness of regularisation as atool for being able to reconstruct the dynamics of

a chaotic signal, Lorenz data was generated as discussed in section 4.7.1, and white Gaussian
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noise was added to the Lorenz data. The SNR was chosen to be 25dB.

A fully regularised UNRBFN was implemented with the same number of kernels as Haykin
and Principe used: 400. An embedding dimension of 20, and an embedding delay of 1 sample
were used, just as Haykin and Principe had used. The training data file used was 420 samples
long, which provided 400 input vectors of length 20, and 400 1-step ahead samples. the 400
input vectors were used as centre positions for the 400 kernels. The testing data file consisted
of the next again 420 samples from the noisy Lorenz file, and the validation set, consisted
of the next again 420 samples. Haykin and Principe did not report the particular value of
the regularisation parameter A which resulted in successful recursive prediction, but they did
say that the value of A\ used varied between 10~'* and 10~2, depending on the specific data
set analysed. Recursive prediction was attempted using the fully regularised UNRBFNP-RSC
described above for regularisation parameter values: 10~1'4, 10~'3, 10-12,..., 10~2. However,
unlike the results reported by Haykin and Principe, for the range of regularisation parameter
values discussed above, regularisation did not result in recursive prediction working. It should
be noted that the fully regularised solutionimplemented hereis different to that used by Haykin
and Principe in that Haykin and Principe used a weighted norm [24] distance measure, as
opposed to the Euclidean distance measure used in thiswork. The fully regularised approach
resulted in over-fitting to the training data for regul arisation parameter valuesof 10~1* — 107°.
For this range of A, the recursive prediction worked for the training data, in actual fact the
recursively predicted signal was identical to the original time series, see Figure 4.21(a). For
the range of A = 10=* — 1072, recursive prediction failed for the training data, see Figure
4.21(b). For A = 10~'* — 10~ recursive prediction failed for the testing data. The initial
input vector from the training data set was used as the seed for the recursive prediction of the
training data, and the initial input vector from the testing data set was used as the seed for the
recursive prediction of the testing data set. As discussed in [17], in order to claim that the
underlying dynamics of a chaotic process have been captured successfully, recursive prediction
must be shown towork on non-training data. Therefore, it can be stated that thefully regularised
UNRBFNP-RSC was not able to successfully recursively predict the noisy Lorenz time series.

Recursive prediction results are presented in Figure 4.22 for a LP, an UNRBFNP-RSC and a
NRBFNP-RSC. Ascan be seen, the LP and UNRBFNP-RSC both failed to capture the under-
lying dynamics of the Lorenz data. However, the NRBFNP-RSC did manage to capture the

underlying dynamics.
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Figure 4.21: Recursive prediction of noisy Lorenz data (SNR=25dB) using a fully regularised
UNRBFNP-RSC with an embedding dimension of 20, 400 kernels, an embedding
delay of 1 sample and (a) a regularisation parameter®f >, (b) a regularisation
parameter ofl 0~*. Results are shown for the training data sets.

Recursive prediction was also attempted using approximate regularisation (see section 4.4.5).
For an UNRBFNP-RSC with an embedding dimension of 20, an embedding delay of 1 sample,
400 kernels, and atraining length of 2000 samples, approximate regularisation wasused to train
the output layer weights, for arange of regularisation parameters: A = 10~!,1072, ..., 107,
Recursive prediction failed for each regularisation parameter value. Note that in order to com-
pare the effect of the regularisation parameter on the approximately regularised solution, with
that for the fully regularised solution, the effect of training length must be taken into account.
This is best explained by considering the cost function [29] for the regularisation technique
which isgiven in equation (4.21),

Y-1
err = arg min ¢ { Z (x(n+1)—2(n+1)*+ /\||Perr||2} (4.21)
n=N

where z(n + 1) isthe next sample, &(n + 1) is the predictor’s estimate of the next sample,
Y isthe length of the training data file, \||Perr||? is known as the regularising term which
represents a model complexity-penalty option. S is the input space of dimension N. Obvi-
oudly, as Y isincreased the errors will increase. To normalise the cost function with respect

to training length, the regularisation parameter can be modified as follows. Given aregularisa-

88



Nonlinear prediction of chaotic signals

original time series original time series
20 ¢ recursively predicted time series ] 20 ¢ recursively predicted time series
10
© ©
c c
2 2 3
n n 0F
10 F
—20 ‘ ‘ ‘ ‘ ‘ ‘ ‘ —20 ‘ ‘ ‘ ‘ ‘ ‘
50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Time [samples] Time [samples]
(@ (b)
original time series
20 ¢ recursively predicted time series
10

©

c

2

n 0F

10 F
-20

50 100 150 200 250 300 350 400
Time [samples]

(©

Figure 4.22: Recursive prediction of noisy Lorenz data (SNR=25dB) using (a) a 30 tap LP,
(b) an UNRBFNP-RSC, and (c) a NRBFNP-RSC. The RBFNP's both used an
embedding dimension of 20, 400 kernels and an embedding delay of 1 sample. In

all cases recursive prediction was initialised with the first vector from the testing
data set.
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tion parameter range for training length Y7, the required regularisation parameter range for a
training length of Y, can be obtained by multiplying the range for Y; by % In thisway, the
effect of regularisation parameter can be compared for the two different training lengths. For
the approximate regul arisation recursive prediction mentioned above, arange of regularisation
parameters, A = 1071,1072, ....,10~%, was used. The normalisation method just described,
was used to obtain this range, so that the effect of regularisation parameter used for the fully
regularised UNRBFN results could be compared with the results for the approximately regu-
larised solution. The multiplication factor is actually %, which is 4.76. This would mean
the appropriate range of the regularisation parameter for the approximately regularised solution
shouldbe A = 4.76 x 1072 — 4.76 x 10~!*. Therange used, A = 1071,1072,....,107 14,

incorporates these values.

4.7.4 Further recursive prediction analysisusinga NRBFNP-RSC

Having established that a NRBFNP-RSC can be used to recursively predict noisy Lorenz data,
it is useful to reconsider the size of the embedding vector used for this recursive prediction
exercise: theprincipal questiontoask is, issuch alarge embedding dimensionreally necessary?
Haykin and Principe suggested using an embedding dimension that was obtained as follows.
Having established a suitable embedding dimension N using a correlation dimension estimate,
and a suitableembedding delay 7 using the mutual information of the data, Haykin and Principe
then suggested using an embedding dimension of N 7, with an embedding delay of 1 sample.

In the noise-free case, it has been found that Lorenz data can be recursively predicted using a
NRBFNP-RSC with an embedding dimension of 3 (lessthan Takens' embedding delay theorem
criteriawould suggest), 100 kernels, and an embedding delay of 1 sample. Thisisillustratedin
Figure 4.23(a). However, in the case with noise added, and a SNR of 25dB, using an embedding
dimension of 3, 400 kernels, and an embedding delay of 1 sample, a NRBFNP-RSC failed to
recursively predict the noisy Lorenz data. The maximum likelihood correlation dimension
estimate for the noisy Lorenz data was estimated using 35,000 samples to be 2.38. This gives
a minimum embedding dimension of 7, for dynamic reconstruction using Takens embedding
delay theorem. The mutual information plot of the noisy Lorenz data revealed that a suitable
choice for embedding delay would be 3 samples. Recursive prediction for a NRBFNP-RSC
with an embedding dimension of 7 and an embedding delay of 3 samples is shown in Figure
4.23(b). As can be seen, the NRBFNP-RSC managed to not only successfully recursively
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Figure 4.23: Recursive prediction using a NRBFNP-RSC with a training length of 2000
samples and (a) an embedding dimension of 3, 100 kernels and an embed-
ding delay of 1 sample on noise-free Lorenz data, (b) an embedding dimension
of 7, 400 kernels and an embedding delay of 3 samples on noisy Lorenz data
(SNR=25dB), (c) an embedding dimension of 7, 400 kernels and an embedding
delay of 1 sample on noisy Lorenz data (SNR=25dB). In each case recursive pre-
diction was initialised using the first vector from the testing data set.
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predict the noisy Lorenz data, but it also seemingly managed to capture as much signal detail
as did the NRBFNP-RSC whose results were reported in Figure 4.22(c). To explain what is
meant by “signal detail”, consider the recursive prediction results for the NRBFNP-RSC with
an embedding dimension of 7, and an embedding delay of 1 sample, shown in Figure 4.23(c).
In Figure 4.23(c) it can be seen that athough recursive prediction did not completely fail, it
failed to capture much of the original signal’s detail: when the original time series and the
recursively predicted time series diverged, the recursively predicted time series merely seemed
to oscillate between a positive and negative signal amplitude. After the recursively predicted
time series diverged from the original time seriesin Figure 4.23(b), 3-peak and 4-peak features,
observable in the original time series, were aso observable in the recursively predicted time
series. Effectively the NRBFNP-RSC with an embedding dimension of 7 and an embedding
delay of 3 samples managed to capture the underlying dynamics of the signal, whereas the
NRBFNP-RSC with an embedding dimension of 7 and embedding delay of 1 sample did not.
This can be explained by considering the evolution of the NRBFNP-RSC input vectorsin state
gpace. Increasing the embedding delay has the effect of “opening out” the attractor in state
space, which reduces the likelihood that noise will cause any vector to erroneously evolve (or
jump) to the wrong part of the attractor. Avoiding such erroneous evolution eventualitiesresults

in correctly capturing the underlying dynamics of the chaotic signal in question.

Table 4.3 shows the maximum likelihood correlation dimension estimates, along with train-
ing, testing, and validation NM SE’s for the following NRBFNP-RSC’s (which were discussed
above): the NRBFNP-RSC with an embedding dimension of 7, and an embedding delay of
1 sample, the NRBFNP-RSC with an embedding dimension of 7, and an embedding delay of
3 samples, and for the NRBFNP-RSC with an embedding dimension of 20, and embedding
delay of 1 sample. As aready discussed, each predictor was trained using a training length
of 2000 samples, and each predictor was used to recursively produce a time series of length
35,000 samples, using thefirst vector of the testing data set to initialisethe recursive prediction

process.

As can be seen from Table 4.3, the recursively produced time series with the closest correlation
dimension estimate, to that of the original time seriesis that produced by the NRBFNP-RSC
with an embedding dimension of 7 and an embedding delay of 3 samples. A fact that implies
thisNRBFNP-RSC isthe one which has managed to produce a time series with the closest (out
of the three networkslisted in Table 4.3) long term properties (see section 4.5.2) to those of the

92



Nonlinear prediction of chaotic signals

NRBFNP-RSC | NRBFNP-RSC | Correlation Training | Testing | Validation
embedding embedding dimension NM SE NMSE | NMSE
dimension delay estimate (Dyas) | [dB] [dB] [dB]

7 1 2.03 -23.63 -20.97 | -20.85

7 3 2.28 -21.59 -19.16 | -17.92

20 1 2.25 -21.43 -19.64 | -18.78

Table 4.3: Recursive prediction of noisy Lorenz data (SNR=25dB), using a NRBFNP-RSC.

original timeseries. A reasonwhy the D, estimate wasslightly poorer for the NRBFNP-RSC
with an embedding dimension of 20, than for the NRBFNP-RSC with embedding dimension
of 7 and embedding delay of 3 samples, isthat thisembedding dimension is actualy too large,
and as a result the additive Gaussian noise has degraded the quality of the dynamic reconstruc-
tion[29]. It should aso be noted that the network that best managed to capture the underlying
dynamics was not the network with the best NMSE performance values. The best predictor
network in terms of NM SE was the NRBFNP-RSC with an embedding dimension of 7 and an
embedding delay of 1 sample. The correlation dimension estimate for the time series recurs-
ively produced by this network was 2.03, the poorest estimate of the three estimates in Table
4.3, supporting the comments made above about the level of detail captured in the recursively
predicted time series produced by the NRBFNP-RSC with an embedding dimension of 7 and
an embedding delay of 1 sample.

So to answer the question posed above, a large embedding dimension of 20 can be used to
recursively predict noisy Lorenz data, and thus to capture the underlying dynamics, however,
similar (and dlightly better) results can be achieved using a substantially smaller embedding
dimension, with a suitable embedding delay.

48 Summary

In this chapter the structure and training of two nonlinear models, the Volterra series filter
and the radial basis function network, were discussed. In particular, the network architecture
and the selection of the kernel centres for a RBFNP were considered in some detail, using
two well known chaotic signals. Logistic map and Lorenz data. 1t was shown that a RBFNP
with normalised Gaussian kernel functions could outperform a RBFNP that used un-normalised

Gaussian kernel functions, in terms of NMSE. For a given RBFNP, little NM SE performance
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difference was observed for the two different kernel centres selection techniques considered:

the RSC method and the OAKM method. The RSC method was therefore preferred for the
prediction of these chaotic signals as it is computationally less expensive. It was found that

the embedding delay which resulted in the best NM SE prediction estimate for a RBFNP was 1
sample, for both Logistic map and Lorenz data. It was aso shown that a NRBFNP-RSC could
capture the underlying dynamics of a chaotic signal corrupted by noise. Attempts using an

UNRBFNP-RSC and a UNRBFNP-RSC with regularisation failed to successfully recursively
predict the same data.
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Chapter 5
Nonlinear prediction of sea clutter

5.1 Introduction

Attention is now turned to the task of predicting sea clutter. As discussed in section 2.2.11,

research has been carried out [9, 12-18] which has shown that sea clutter is predictable using
a nonlinear predictor (NLP). As aready mentioned, these prediction studies were part of a
broader agenda: to prove that sea clutter is a chaotic process. Leung and Lo [12] demonstrated
that aglobal NLP could achieve better prediction performance on sea clutter amplitude data sets
than a global linear predictor (LP), in terms of mean square error (MSE). The interest in the
predictability of sea clutter, for maritime surveillance radar, is in the possible incorporation of

a predictor into a detection algorithm. Indeed, Leung and Lo [12] showed how a NLP could be
used as the basis of a detection technique: a nonlinear predictor-detector (NLPD). ThisNLPD
technique performed better than both alinear predictor-detector (LPD), and a “standard” non-
coherent detector (although the details of this standard detector were not specified). The topic
of predictor-detectorsfor the clutter data sets described in Appendix A is considered in Chapter
7. In[9] Haykin and Leung carried out recursive prediction [29] (see section 4.5.2) on one of
the sea clutter data sets used by Leung and Lo [12] in their work. A NLP was found to be able
to recursively predict the clutter, however a LP was hot able to do this. These prediction results
were taken as evidence that sea clutter is nonlinearly predictable. The use of a LP comparison
with the NLP in the above mentioned papers seems both sensibleand necessary: the data might
only have been linearly predictable, in which case aNL P would simply betrying to approximate
alinear predictor function, and so asimpler LP would be preferred. Using only aNLP, it is not
possible to distinguish between linear predictability and nonlinear predictability. However, in

[13-15, 17] many more sea clutter data sets than those analysed in [9, 12] were analysed using

NLP's, but there were no reported L P comparisons!

It isthe task of this chapter to further investigate the predictability of sea clutter, using the new
sea clutter data sets described in Appendix A, and the nonlinear prediction techniques intro-

duced in Chapter 4. It should be noted that no assumptions were made about the sea clutter
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data sets (i.e. about whether or not they were best modelled as a stochastic or deterministic
process) analysed in this thesis. A pragmatic approach was adopted: regardless of sea clut-
ter model, it was investigated whether the clutter was predictable at all, and if so, whether a
global NLP could give better prediction performance than a global LP. Aninvestigation of this
nature is essential in determining whether or not a NLP can be used to enhance the perform-
ance of existing radar detectors (as is claimed in [12,17]), which is the subject of Chapter 7.
Unlike previouswork [9, 12—-18] which investigated the predictability of sea clutter, prediction
analysis was carried out on stochastic surrogate sea clutter data sets. These surrogates were
generated using the popular compound K-distribution model [22] (see Chapter 3). Also, re-
cursive prediction was carried out on the real sea clutter data sets described in Appendix A.
An investigation into the recursive predictability of sea clutter is particularly relevant bearing
in mind the successful sea clutter recursive prediction results presented in [9, 13, 17], and a so,
bearing in mind the claim made that sea clutter is chaotic [11, 13,14, 17-21]. Moreover, in
[17] recursive prediction was used by Haykin and Li to demonstrate the good generalisation

properties of anonlinear predictor for sea clutter, after the training phase had been compl eted.

Thischapter isstructured asfollows. In section 5.2 predictionresultsfor the 12ms ~! wavetank?®
range gate sea clutter data sets are reported. In section 5.3 the prediction resultsfor the 4m.s 1,
5ms™t, 6ms™t, Tms™1, 8ms™1, 9ms™!, 10ms™1, and 11ms—! wavetank sea clutter data
sets are presented. A summary of the prediction results for the wavetank data setsis given in
section 5.4, together with an explanation for the source of the predictability of these data sets.
In section 5.5 the prediction results for the Dawber clutter data sets are presented. A summary
of the prediction results for the Dawber data setsis given in section 5.6. A chapter summary is

givenin section 5.7.

5.2 Prediction of the 12ms~! wavetank range gate data sets

5.2.1 Correation dimension and mutual infor mation

This section describesthe processfor choosing the embedding dimension and embedding delay

for aRBFNP, for theinitial prediction analysis of the 12ms~! wavetank sea clutter data sets.

As discussed in Chapter 2, the correlation dimension estimate and mutual information plot for

11t should be noted that the convention for referring to the wavetank range gate data setsisthat adataset collected
during awindspeed of Xms ™ will be referred to asthe Xms™' wavetank data set.
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a data set can be used to embed a chaotic signal. However, as mentioned in sections 4.6 and
4.7, this embedding criterion does not always lead to the best prediction performance, in terms
of NMSE.

For the initial prediction analysis of the 12ms~! data sets, a pragmatic approach for the se-
lection of a suitable RBFNP embedding dimension and embedding delay was adopted, which
is now discussed. The maximum likelihood method (see Chapter 2) was used to estimate the
correlation dimension for each 12ms~! range gate data set. The D, estimate for each wind-
speed range gate data set, can be found in Table E.1, in Appendix E. Mutual information plots
were produced for all 32 range gate data sets.

The Dy, estimates for the different 12ms~! range gate data sets, were observed to vary
between 3 and 8. For a Dy, of 3, the minimum embedding dimension N according to Takens
theorem, for dynamic reconstruction,is N > 7, andfor a D1, of 8 thecriterionfor embedding
dimensionis N > 17. However, as observed in sections 4.6 and 4.7, this criterion for dynamic
reconstruction does not aways result in the best NMSE performance. Indeed, values smaller
than this criterion for both the L ogistic map and the L orenz data sets, were found to give bet-
ter NM SE performance (given the same number of Gaussian kernels for the smaller values of
embedding dimension, as for the larger values of embedding dimension). Therefore, for the
initial prediction analysis of the wavetank data, a number of different embedding dimensions
were chosen: N = 5,10, 20,40. In other words, some embedding dimensions which did not

obey the criterion for dynamic reconstruction, and some that did, were used.

For the choice of a suitable embedding delay for a RBFNP, the mutual information plots for
each range gate data set were examined. Unfortunately, most of these plots were found to be
monotonically decreasing, and therefore had no minima, and so, according to the criterion in
section 2.2.7, asuitable choice for embedding delay from the mutual information plotswas not
possible, for most range gates. Therefore, a value of 1 sample for the embedding delay, for
each range gate was selected, as this had given the best NM SE resultsin sections 4.6 and 4.7.
Additionaly, it should be noted that using a large embedding dimension with an embedding
delay of 1 sample, is consistent with the approach adopted towards predictionin [17, 29].

An example of amonotonically decreasing mutual information plot for the 12ms~* clutter data

isgiveninFigure 5.1, below.
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Figure5.1: Mutual information forl2ms~! range gate 0 data set.

5.2.2 Initial prediction results

Linear prediction results for 5, 10, 20 and 40 tap LP's are given in Appendix F. Nonlinear
prediction results are presented for cubic VSFP's, with embedding dimensions of 5 and 10
and an embedding delay of 1 sample for each case of embedding dimension, in Appendix F.
Embedding dimensions of 20 and 40 were not considered on the grounds of computational
complexity: a cubic VSFP with an embedding dimension of 20 would have 1770 Volterra

kernels!

The choices for embedding dimension and delay, discussed in section 5.2.1, were used for a
NRBFNP-RSC. Additionally, a NRBFNP-OAKM, an UNRBFNP-RSC, and an UNRBFNP-
OAKM were used with an embedding dimension of 20 and an embedding delay of 1 sample.
Each RBFNP used 100 Gaussian kernels. The RBFNP results are given in Appendix F.

Several observations were made from these initial prediction simulations. The most important
observation isthat for any given embedding dimension, training length, and range gate, a non-
linear predictor was found to be only as good as, or worse than a LP with a number of taps
equivalent to the embedding dimension of the NLP, and an equivalent training length. Further-
more, a predictor with 5 taps, or an embedding dimension of 5, had as good performance, or
better than the same type of predictor with larger choices for number of taps, or embedding
dimension. Thiswastrue for the datain each range gate. These two observationsare illustrated
in Figure 5.2, for all the 12ms~! range gate data sets. The apparent linear predictability of sea
clutter isfurther investigated in section 5.4 Note that in Figure 5.2 there isa noticeabl e variation
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Figure 5.2 Initial 1-step ahead prediction results for the wavetains ~! range gate data
sets: (a) training and (b) testing data set results. Results are shown for LP’s with
number of tapsV equal to 5, 10, 20, 40, and for NRBFNP-RSC'’s with embedding
dimensionsgV of 5, 10, 20, 40, with 100 kernels and an embedding delay of 1
sample used in each case, and for cubic VSFP’s, with embedding dimefsadns
5 and 10, and an embedding delay of 1 sample in each case. All predictor results
are shown for a training length of 10,000 samples.

in predictability across range gates. Thisis discussed in more detail in section 5.4.

It was aso observed that the NRBFNP's, in general, performed better than the UNRBFNP's,
and that there waslittle difference in terms of NM SE, between the RBFNP's that used the RSC
techniqueto select centres, with those that used the OAKM method. These factsareillustrated
in Figure 5.3. This evidence was used to justify the use of RBFNP-RSC's instead of RBFNP-

OAKM'’sin the remainder of thisthesis.

Close ingpection of the NMSE results for the NRBFNP's in Appendix F reveals that some
entries are not numbers, but they are listed as “oo”. The reason for obtaining these infinite

values will be explained in more detail in the next section.

5.2.3 NRBFNP results: further analysis

As already mentioned, infinite NMSE values have been obtained from some of the NRB-
FNP simulations listed in Appendix F. For example, the testing data set NMSE results for
the NRBFNP-RSC with an embedding dimension of 5 show an occurrence of such a value.

99



Nonlinear prediction of sea clutter

10 10
G—ONRBFNP-RSC G—ONRBFNP-RSC
*——% NRBFNP-OAKM *——% NRBFNP-OAKM
5t E—F UNRBFNP-RSC U 5t E—F UNRBFNP-RSC
*—x UNRBFNP-OAKM 4 A +—+ UNRBFNP-OAKM

NMSE [dB]
I
(4]

-
NMSE [dB]
I
(4]

-10 £

|
=
o

-15 - -15 -

-20 I I I I . . 20 . . . . . .
0 5 10 15 20 25 30 0 5 10 15 20 25 30

Range gate Range gate

@ (b)

Figure 5.3: Initial 1-step ahead RBFN prediction results for the wavetaiks ~! range gate
data sets: (a) training and (b) testing data set results. Each RBFNP used an em-
bedding dimension of 20, 100 kernels, an embedding delay of 1 sample, and a
training length of 10,000 samples.

The reason for obtaining infinite values is best explained by looking at a case where an infinite
NM SE value was encountered. Arbitrarily, range gate 15 is considered for this explanation. A

plot of the time seriesin range gate 15isgivenin Figure 5.4.
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Figure5.4: Time series plot of th&2ms~! range gate 15 data set.

From Figure 5.4, it can be seen that the datais very impulsiveor “spiky”, inthat it contains sev-
eral samples with avery large amplitude (large, relative to the mgjority of the clutter samples),
which are commonly referred to as spikesin the radar literature. These spikes are the cause of
the infinite NMSE values: if a NRBFNP input vector of sea clutter, in N-dimensional space,

istoo far away from al the centres of the network’s kernels, then all the kernel outputs will be
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zero, and in this case the normalised kernel output becomes infinite. Encountering an infinite
NMSE will be referred to as NRBFNP failure from this point onwards. This problem is now
examined in greater detail for the case of the NRBFNP-RSC with an embedding dimension of
20, whichisgivenin Appendix F. Specifically consider the testing NM SE’sfor training lengths
of 2000 and 6000 samples, and the validation NMSE’s for training lengths of 1000 and 2000

samples.

From these examples, first consider the failure of the NRBFNP-RSC (i.e. the occurrence of an
infinite NM SE value), on the validation data set for a training length of 1000 samples: where
(as discussed in section 4.5.1) the first 1000 samples of range gate 15 were used as the training
data set, the second 1000 samples were used as the testing data set and the third 1000 samples
were used as the validation data set. From Figure 5.4 it can be seen that in the validation data
set for thisexample (between 2000 and 3000 sampl es) there are spikesthat are much larger than
any of the samplesin the training data set. Upon closer inspection of the NRBFNP-RSC used,
it was observed that the spikesin the validation data set (just after 2000 samples) were large
enough, and far enough away from the centres selected at random in the training data, to result
in all the kernel outputs being zero?, and thus an infinite NM SE value was encountered. In this
example there were no spikesin the testing data set, and therefore there was no problem with the
NMSE value for the testing data. The above explanation can also be applied to the occurrences
of the infinite NMSE value, for the testing and validation sets with a training length of 2000
samples, and for the validation set, with atraining length of 6000 samples. Rather surprisingly,
for the case where the training length is 3000 samples, the largest spike (in between 6000 and
7000 samples) did not result in an infinite NM SE value for the validation data set. After closer
inspection of the NRBFNP-RSC, it was found that by chance the RSC method had picked
centres from the training data that were close enough to this large spike value to prevent al the
kernels from going to zero when this spike was read in, and thus the occurrence of an infinite
NM SE value was avoided: the training data set had fortunately contained large enough spikes

which allowed such centres to be selected.

An obvious approach to avoid the occurrence of infinite NM SE valueswould be to collect abig
enough training data set, which would hopefully contain a representative sample of al possible
clutter sasmplevalues. Centres could then be picked from the training data set in afashion, so as

to ensure that they covered the dynamic range of samplesin the training data set, and therefore,

2To within double precision accuracy on a Sun Sparc 10 workstation.
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also of the unseen clutter data. In a practical situation, at sea, this might involve re-training the
predictor when changes occurred in environmental conditions. This of course would only be
attempted if aNRBFNP could be used to perform better than aLP. If thiswas not the case, then
the simpler LP would be preferred.

A simplistic technique to avoid the occurrence of an infinite NM SE value was investigated for
the NRBFNP-RSC example already discussed above, for the prediction of the data in range
gate 15. Thissimplistic technique involved modifying the RSC centres selection method (this
new technique will be referred to as the modified-RSC method), so that the training data set
was scanned once from start to finish, and any value above a certain threshold (which will be
termed the spike threshold) was picked as the starting element of a centre vector: the scanning
continued from the end of each centre vector selected in thisfashion, until the end of thetraining
data set was encountered. After scanning the training data set once for centres above the spike
threshold, centres were picked at random, using the usual RSC method. As with the RSC
method, the algorithm for the modified-RSC method was written to ensure that no centres were
selected more than once, to avoid ill-conditioning of the data matrix sent to the Householder

transform, during training.

Results are now reported for aNRBFNP, with centres sel ected using the modified-RSC method,
for training lengths of 2000 and 6000 samples, using the range gate 15 data set. An embed-
ding dimension of 20, an embedding delay of 1 sample, and 100 Gaussian kernels were used.
NRBFNP-RSC resultsobtained using the same embedding parameters and number of Gaussian

kernels are given in Appendix F. The NM SE resultsfor both cases are presented in Table 5.1.

Training | Spike Number of | Training Testing Validation
length threshold | spikes NMSE [dB] | NMSE [dB] | NM SE [dB]
2000 15 1 -6.906503 -2.917879 -3.878289
6000 35 3 -11.831847 | -4.025095 -11.119162

Table 5.1: NRBFNP results for2ms~1! range gate 15 data set, using the modified-RSC centres
selection techniqgue. An embedding dimension of 20, an embedding delay of 1
sample and 100 Gaussian kernels were used in each case.

From Table 5.1 it can be seen that for the case with a training length of 2000 samples, the
spike threshold in the modified-RSC centres selection method was selected to be 15. Thiswas
chosen by visual inspection of the training data set. If it was deemed beneficial, thistechnique

could be improved upon to perhaps use statistical measures of the signal to automate the se-

102



Nonlinear prediction of sea clutter

lection of a suitable spike threshold. However, from the initial prediction analysis described in
section 5.2.2, the 12ms~ ! range gate data setsall appeared to be linearly predictable, and there-
fore such elaboration was not deemed necessary here. Nevertheless, for the case of a training
length of 2000 samples, this approach resulted in one centre position being picked, which had
a starting element above avalue of 15. Ascan be seen, unlikethe resultsfor the corresponding
NRBFNP-RSC in Appendix F, no infinite NM SE value was encountered for either the testing
or validation data sets. Similar results were obtained for a training length of 6000 samples,
which used a spike threshold of 35, which was selected by visual inspection. For both cases of
training length, the results reported in Table 5.1 show that infinite NM SE values were avoided,
and so NRBFNP failure or breakdown was avoided. However, the simple modified-RSC tech-
nique, which was employed to avoid NRBFNP failure, only succeeded because there were large
enough spikesin the training data set which made it possibleto select at least one centre from,
so that the larger spikesin the testing and validation sets did not cause all kernel outputsto be
zero. Unfortunately, the spikesin thetesting and validation data sets, for the case with atraining
length of 2000 samples, and in the testing data set, for the case with a training length of 6000
samples, were still that much bigger than the spikesin the training data set to degrade the pre-
dictor’s performance with respect to thetraining NM SE. Therefore, spikes present a problem to
NRBFNP's. Such spikes also degrade UNRBFNP performance, however, these predictors do

not suffer from infinite NM SE values, as no kernel normalisation is performed.

In [14], Haykin also reported that spikes proved a problem for the task of sea clutter prediction.
However, the strategy he adopted to deal with spikes must be questioned in view of the claim
made by him that clutter is chaotic. Haykin effectively thresholded the training data, so that
any training sequences with sea spikes over a certain level were “edited” and not used. There
are two consequences to adopting this approach. The first consegquence of removing such val-
ues from the training phase is that the predictor will not learn to recognise these spikes, and
could therefore mistake them for target signals. However, this may be acceptable in a practical
situation, where the predictor is part of a detector: false alarms, or mistaking clutter or noise
for real targets, ispart and parcel of radar target detection systems, the aim isto minimise these
false alarms. The second consequenceisfar more seriousfor the clutter classification argument
Haykin put forward in the same paper. Haykin presented evidence to suggest that sea clutter is
a chaotic process, and in fact went so far as to say,

“...it can be said with confidence that sea clutter is a chaotic process.”
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However, if a global NLP cannot obtain better prediction performance than a global LP, this
would suggest alack of evidence of underlying nonlineardynamics and thusalack of evidence
of chaos: adiscussion along these lines was given in section 4.1. Therefore, if spikes (and thus
spiky clutter as a whole) are not found to be nonlinearly predictable (as is the case reported
herein and by Haykin [14]), thiswould suggest that clutter is not a chaotic process. Spikes are
an artefact of the clutter signal and may not be regarded as noise or interference, and therefore

they may not be simply removed or thresholded from a signal classification perspective.

5.2.4 Further prediction analysis

From the experience gained with the prediction analysis of the Logistic map data and also the
Lorenz data, described in sections 4.6 and 4.7, respectively, the best prediction performance
in terms of NM SE does not always seem to coincide with a choice of embedding according to
Takens' embedding theorem. Whether or not thisis true for a wider range of chaotic signals,
and indeed, whether or not clutter is actually chaotic at all, it was considered prudent to further
investigate the predictability of clutter, using RBFNP's with a wider range of embedding para-
meters, number of kernels, and prediction steps than already considered. Furthermore, Leung
and Lo [12] also adopted a trial and error approach to find the best embedding, and RBFNP

parameters for the sea clutter prediction problem.

As discussed in section 5.2.1, most 12ms~! range gate data sets had plots of mutual inform-
ation that were monotonically decreasing, however, a few had plots with discernible minima.
Therefore, for further analysis, two range gates were selected, one for each type of mutual
information result. Gate 14 was selected as an example of a gate with a monotonically de-
creasing mutual information plot. Gate 22 was selected as an example of a gate with a mutual

information plot with a noticeable minimum value.

Results for range gate 14

Figure 5.5 shows a plot of the time seriesin range gate 14, along with the mutual information

plot for thistime series.

Further prediction results for range gate 14 are given in Figure 5.6. Figure 5.6(a) shows
NRBFNP-RSC results for NMSE vs number of kernels, where an embedding dimension of
20, an embedding delay of 1 sample, and a training length of 4000 samples were used. LP
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Figure 5.5: The wavetank2ms~! range gate 14 amplitude data set, (a) time series plot, (b)
mutual information plot.

results are also shown, for a 10 tap LP, which used a training length of 4000 samples. As can
be seen in this plot, the ssimple LP with 10 taps performed better than the NRBFNP-RSC for
each number of kernels considered. In fact, increasing the number of kernels above 60, did not
add any further NM SE improvement, and for 160 kernels and above, evidence of over-fitting
was observed. The reason for the poor performance of the NRBFNP-RSC on the testing data
was due to the large spike observed between 4000 and 8000 samplesin Figure 5.5(a). The LP
did not appear to be adversely affected by this spike.

Figures 5.6(b), 5.6(c), and 5.6(d), show NRBFNP-RSC results for various embedding dimen-
sions, embedding delays and prediction steps®, respectively. Ascan be seenin each plot, the LP
always performed better than the NRBFNP-RSC, which provides further evidence to suggest
that the data is linearly predictable. The reason for the linear predictability of sea clutter is
investigated in section 5.4.

Results for range gate 22

Figure 5.7 shows a plot of the time seriesin range gate 22, along with the mutual information

plot for thistime series.

Figure 5.7(a) is shown with the same signal amplitude axisrange asin Figure 5.5(a). As can be

3The prediction step is equivalent to K in equation (4.3).
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Further prediction analysis of the2ms ~! range gate 14 data set, using NRBFNP-
RSC's with a training length of 4000 samples: (a) NMSE vs number of kernels
using an embedding dimension of 20, an embedding delay of 1 sample, and a pre-
diction step of 1 sample, (b) NMSE vs embedding dimension using 100 kernels, an
embedding delay of 1 sample, and a prediction step of 1 sample, (¢) NMSE vs em-
bedding delay using an embedding dimension of 20, 100 kernels, and a prediction
step of 1 sample, (d) NMSE vs prediction step using an embedding dimension of
20, 100 kernels, and an embedding delay set equal to the prediction step. Linear
prediction results are also shown in each plot for a 10 tap LP which had a delay of

1 sample between each tap, a prediction step of 1 sample and a training length of

4000 samples.
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Figure5.7: The wavetank2ms~! range gate 22 amplitude data set, (a) time series plot, (b)
mutual information plot.

seen from these two plots, the dynamic range in range gate 14 is far greater than that in range
gate 22: the range gate 22 data set is less spiky than the range gate 14 data set. Figure 5.7(b)
showsaplot of the mutual information for the datain range gate 22, with afirst minimum value

at adelay of 9 samples.

Further prediction results for range gate 22 are given in Figure 5.8. Figure 5.8(a) shows
NRBFNP-RSC results for NM SE vs number of kernels, where an embedding dimension of 20,
an embedding delay of 1 sample, a prediction step of 1 sample, and atraining length of 4000
samples were used. LP results are also shown, for a 10 tap L P, which used a training length of

4000 samples. Figure 5.8(b) showsNRBFNP-RSC resultsfor NM SE vs embedding dimension,
where 100 kernels, an embedding delay of 1 sample, a prediction step of 1 sample, and atrain-
ing length of 4000 sampleswere used. As can be seen from Figures 5.8(a) and 5.8(b), asimple
10tap LP performed aswell asor better than the NRBFNP-RSC's considered. However, unlike
theresultsin Figures 5.6(a) and 5.6(b), where the NRBFNP-RSC'’s were consistently observed
to perform less well than the 10 tap LP, in Figures 5.8(a) and 5.8(b) it can be seen that with a
large enough number of kernels and embedding dimension, the NRBFNP-RSC's performed as
well as the LP. These results would suggest that the data is linearly predictable as opposed to

nonlinearly predictable, and that the NLP' swere simply acting asa LP. The fact that theNLP's
did as well as the LP with this data set, and not so well with the range gate 14 data set can

be attributed to the presence of many large spikesin the range gate 14 data, and fewer spikes
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Figure 5.8: Further prediction analysis of the2m s ~! range gate 22 data set, using NRBFNP-
RSC's with a training length of 4000 samples: (a) NMSE vs number of kernels
using an embedding dimension of 20, an embedding delay of 1 sample, and a pre-
diction step of 1 sample, (b) NMSE vs embedding dimension using 100 kernels,
an embedding delay of 1 sample, and a prediction step of 1 sample, (c) NMSE vs
embedding delay using an embedding dimension of 20, 100 kernels, and a predic-
tion step of 1 sample, (d) NMSE vs prediction step using an embedding dimension
of 20, 100 kernels, and an embedding delay equal to the prediction step. Linear
prediction results are also shown in each plot for a 10 tap LP which had a delay of
1 sample between each tap, a prediction step of 1 sample and a training length of

10

-10 g

-15

G—©O NRBFNP-RSC, train
E—+8 NRBFNP-RSC, test
*——* NRBFNP-RSC, valid |
A—ALP, train
V—V LP, test
>——=LP, valid 1

el el el el esles] o 8 v 2
KRR

mmmmm e eslmstemies
S i i i e e OEUSORUSORUSRORO

NMSE [dB]

-20
0

100 150 200 250 300 350 400
Number of kernels

@)

10

o
k=
— w
5 o 8
z
_10 O—ONRBFNP-RSC, train | |
N 3—FE NRBFNP-RSC, test
*——% NRBFNP-RSC, valid
A—ALP, train
-5 V—VLP, test ]
>—LP, valid
—50 ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30

Embedding delay [samples]

(©

4000 samples.

108

10

-15

G—©O NRBFNP-RSC, train
O—+H NRBFNP-RSC, test
*——% NRBFNP-RSC, valid | ]
A—ALP, train
V—V LP, test
>——=LP, valid 1

10 15 20 25 30 35 40 45 50
Embedding dimension

(b)

10

-5
Y "
_10 O—ONRBFNP-RSC, train | |
N 3—FE NRBFNP-RSC, test
*——% NRBFNP-RSC, valid
A—ALP, train
-5 V—VLP, test ]
>—=5 LP, valid
—50 ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30

Prediction step [samples]

(d)



Nonlinear prediction of sea clutter

in the range gate 22 data set: the presence of spikes in the range gate 14 data set degraded
NRBFNP-RSC performance, and this is why it could not perform as well as the LP. NLP's
can only perform as well as a LP, if the data they are used on has a linear predictor function.
Figures 5.6(c) and 5.6(d), show NRBFNP-RSC results for various different embedding delays
and prediction steps, respectively. As can be seen in both plots, the LP always performed at
least as well as, or better than the NRBFNP-RSC, which provides further evidence to suggest
that the datais linearly predictable. As already mentioned, the reason why the sea clutter has a
linear predictor function isinvestigated in section 5.4.

5.2.5 Prediction of thequadrature channels

Figure 5.9 shows the mutual information plots for the quadrature* channel data sets in range
gates 14 and 22. As can be seen, the first minimum in the mutual information plots, for al
the quadrature channels, in Figure 5.9 occurs at a delay of 4 samples. Compare these mutual
information plotswith those for the amplitudesignals, shownin Figures5.5 and 5.7 for gates 14
and 22 respectively: the mutual information plot for the amplitude signal in gate 14 was found
to be monotonically decreasing, the mutual information for the amplitude signal in gate 22 had
afirst minimum at a delay of 9 samples. The Dy, estimates for the quadrature channels are
givenin Table 5.2.

Linear and nonlinear prediction was carried out on the quadrature channels of range gates 14
and 22. Nonlinear prediction was carried out using NRBFNP-RSC’s. Two different embedding
choices were used for the NRBFNP-RSC's: one choice for the embedding parameters was
obtained from the D, valuesand mutual information plotsfor the quadrature channels, using
the criteria discussed in Chapter 2. The other choice for embedding was the same as that used
in the prediction of the corresponding amplitude signalsin Figures 5.6 and 5.8. The prediction

resultsare given in Figures 5.10 and 5.11.

The prediction results show that, as with the amplitude data, the quadrature channel data is
linearly predictable. In fact, for range gates 14 and 22, the quadrature channel datais dlightly
less predictable than the amplitude data. The NRBFNP-RSC's were observed to have better
generalisation properties on the less spiky gate 22 data, than on the more spiky gate 14 data.

However, as the data has been found to be linearly predictable, this observation is moot.

“i.e. thel (or in-phase) and Q (or quadrature-phase) channel components.
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Figure 5.9: Mutual information plots for the2ms ~! range gate 14 (a) | channel, (b) Q chan-
nel, and range gate 22 (c) | channel, (d) Q channel.

Gate | Channel Correlation dimension estimate
14 in-phase 4.14815
14 quadrature-phase 4.03896
22 in-phase 5.2027
22 quadrature-phase 5.5244

Table 5.2: Maximum likelihood correlation dimension estimatBs,;r, for the quadrature
channel signals in gate 14 and gate 22.
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Figure 5.10: Prediction analysis of thé2ms~! range gate 14 (a) | and (b) Q channel data
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each case of embedding dimension 100 kernels and a prediction step of 1 sample
were used. Results are also shown for a 10 tap LP with a delay of 1 sample
between each tap, and a prediction step of 1 sample.
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Figure 5.11: Prediction analysis of the2ms~! range gate 22 (a) | and (b) Q channel data

sets, using NRBFNP-RSC'’s with embedding dimensions of 12 and 20 in (a) and
13 and 20 in (b). An embedding delay of 4 samples was used with embedding
dimensions of 12 and 13, and an embedding delay of 1 sample was used with an
embedding dimension of 20. For each case of embedding dimension 100 kernels
and a prediction step of 1 sample were used. Results are also shown for a 10 tap
LP with a delay of 1 sample between each tap and a prediction step of 1 sample.
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5.2.6 Recursiveprediction

Recursive prediction was attempted on the amplitude and the in-phase data sets for range gates
14 and 22, as described below.

Recursive prediction was attempted for the gate 14 amplitude, the gate 14 in-phase, the gate
22 amplitude, and the gate 22 in-phase data sets using a LP with 10, 10, 16, and 12 taps
respectively. Inall casesresultswere obtained for traininglengths of 1000 samples up to 10,000
samplesin steps of 1000 samples. A delay of 1 sample between each tap and a prediction step

of 1 sample were used for each LP.

Recursive predictionwasa so attempted for three typesof NLP: an UNRBFNP-RSC, aNRBFNP-
RSC, and an approximately regularised UNRBFNP-RSC. Each NL P used a prediction step of 1
sample and 500 kernels. An embedding dimension of 10, 10, 16, and 12 were used for the gate
14 amplitude, the gate 14 in-phase, the gate 22 amplitude, and the gate 22 in-phase data setsre-
spectively, for each NLP. An embedding delay of 1 sample, 4 samples, 9 samples, and 4 samples
were used for the gate 14 amplitude, the gate 14 in-phase, the gate 22 amplitude, and the gate
22 in-phase data sets respectively, for each NLP. In all cases results were obtained for training
lengths of 2000 samples up to 10,000 samples, in steps of 1000 samples. The following range
of regularisation parameters were used in the approximately regularised UNRBFNP-RSC, for
each training length: A = 10°,107%,1072,..., 10714,

Recursive prediction was not successful for any of the above simulations. These results demon-
strate alack of evidence of any underlying nonlinear dynamics for these wavetank clutter data
sets. In fact, combined with the results in sections 5.2.2 to 5.2.5, which have shown evidence
to suggest that the 12ms ! data sets have linear predictor functions, the data appears to be best
described as alinear process, contradicting the conclusion reached in [9, 12] that sea clutter has
anonlinear predictor function, and which also contradictsthe claim in [11, 13, 14, 17-21] that

sea clutter is a chaotic process with underlying nonlineardynamics.

5.3 Prediction of therest of thewavetank data sets

This section discusses the predictability of the wavetank 4ms =1, 5ms~t, 6ms~!, Tms™!,
8ms~!, 9ms~!, 10ms~!, and 11ms~! wind speed data sets.

Figure 5.12 shows a plot of prediction results for the 11ms~! range gate data sets, using a 10
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tap LP, and a cubic V SFP with an embedding dimension of 10, and an embedding delay of 1

sample.

-10

NMSE [dB]

GC—-OLP, train
1 P, test B
A—ALP, valid
O—-FE1VSFP, train
k——k VSFP, test
V—V VSFP, valid

_20 T ) S S T T S S |
0 5 10 15 20 25 30

Range gate

-15 F \

Figure5.12: 1-step ahead prediction of the ms ! range gate data sets. Results are shown
for a 10 tap LP, and a cubic VSFP with an embedding dimension of 10, and an
embedding delay of 1 sample. For each range gate data set, the prediction NMSE
result was obtained by using a training length of 10,000 samples, for both the LP,
and the VSFP.

An embedding delay of 1 sample was chosen, after consideration of the nonlinear prediction
results already discussed for the 12ms~—! wavetank data sets, and the nonlinear prediction res-
ultsin sections 4.6 and 4.7: an embedding delay of 1 sample has been shown to provide the
best NM SE results. Ascan be seen from Figure5.12, thelinear and nonlinear prediction results
were very similar. Although the V SFP results were consistently slightly better than the LP on
the training phase, the LP and V SFP errors were practically identical on the validation phase:
the VV SFP could be said to be dlightly over-fitting to the training data, but the fact that the LP and
V SFP results were similar on the validation data, suggests that the data has a linear predictor
function. Furthermore, this analysis was repeated (using a 10 tap LP, and a cubic V SFP with
an embedding dimension of 10 and an embedding delay of 1 sample), for the prediction of the
4ms~t, bms™, 6ms™t, Tms™1, 8ms~!, 9ms1, and 10ms~! data sets. Again, for these data
sets, the LP and V SFP results were very similar: the LP validation error results were always
as good as, or better than, the corresponding V SFP results. This evidence suggests that these
wind speed data sets also have alinear predictor function.
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54 Summary of prediction resultsfor the wavetank data

Evidence has been found to suggest that the amplitude and quadrature channel wavetank data
sets have alinear predictor function. No evidence of underlying nonlinear dynamics was found
using recursive prediction. These resultsindicate that the wavetank clutter datais not a chaotic

process.

Having established the fact that the data is linearly predictable, the variation of predictability
with wind speed and across range gates can be illustrated with LP results. Figure 5.13 shows
prediction results for the amplitude signal, using a 10 tap LP, for al range gates in each wind
speed data set.

NMSE [dB]

_20 T ) S S T T S S |
0 5 10 15 20 25 30

Range gate

Figure 5.13: Linear prediction results for wavetank amplitude data sets. Results obtained us-
ing a 10 tap LP, with a training length of 10,000 samples, for all range gates in
every wind speed data set.

Ascan be seen from Figure 5.13, in general, the higher wind speed data sets were more predict-
able than the lower wind speed data sets. There does not appear to be asimplerelationship such
as the higher the wind speed, the more predictable the data. For instance, some range gatesin
the 12ms~! dataset were less predictable than corresponding® range gates in lower wind speed
data sets. It should be noted that the result, in general, that as windspeed is increased (and

5The wavetank data sets were recorded using range gates that were approximately fixed in space: range cells
were reported to not move by more than a range cell between different wind speed data recordings. Therefore
an exact comparison between range cells for different wind speeds cannot be carried out, however, a reasonable
comparison can be.
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thus sea state increases) clutter predictability increases, contradicts work done by Haykin and
Puthusserypady [21]. Haykin and Puthusserypady noticed that the positive Lyapunov exponent
estimates for their sea clutter data sets increased with sea state, and because the magnitude of
the largest Lyapunov exponent isinversely proportional to the prediction horizon of a chaotic
time series, they stated that thisimpliesthat clutter will become less predictable with increasing

Sea state.

To further investigate the apparent linear predictability of the wavetank sea clutter data sets, and
to consider whether or not the compound K-distribution is an appropriate model for these data
sets, prediction analysis was carried out using a compound K-distributed surrogate data set of
the 12ms~! gate 14 amplitude data set.

The processfor obtai ning compound K -distributed surrogate data sets for any given (seaclutter)
amplitude data set, was detailed in Chapter 3. It was found that using a window of size 250
samples (i.e. 250ms), the gate 14 amplitude data set was locally Rayleigh distributed. Thisis
illustrated using a Weibull paper plotin Figure 5.14(a).
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Figure 5.14: Obtaining surrogate data for th&2ms~! gate 14 data, (a) Weibull paper plot,
and (b) gamma component ACF plots for the actual clutter and surrogate data
sets.

To obtain an estimate of the gamma component of the gate 14 amplitude data set, a diding
window of length 250 samples was used to average out the Rayleigh speckle, and produce
gamma sample estimates. The shape parameter estimate for these gamma samples was obtained
using the method of moments, and was estimated to be 0.1. The scale parameter was estimated

to be 0.035. The ACF of these gamma samples was also estimated, and thisis shownin Figure
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5.14(b) together with the ACF plot of the gamma component of the surrogate clutter data set.
As can be seen in Figure 5.14(b), the ACF of the gamma component of the actual clutter data
is not accurately represented by a decaying exponentia function, which is the method adopted
in thisthesis for modelling the correlation properties of the gamma component of a compound
K-distributed surrogate data set (see Chapter 3). Therefore, the correlation properties of the
gamma component of the actual data could only be approximated by the surrogate data set.
An IR filter correlation coefficient of 0.99726 was chosen as a compromise between trying to
closely model thefirst 80 delays of the actual ACF, and avoiding too large a correlation length
for the surrogate data. Thefirst 80 delayswere recognised as being important® asthiswasfound
to be the length over which the speckle component had discernible correlations. The correlation
properties of the speckle component were estimated, as discussed in Chapter 3, for the first 80
delays. A 4096-long complex FFT (with zero-padding) was used to obtain the weights for the
speckle correlation filter H (w), discussed in Chapter 3, using the first 80 delays of the ACF of
the speckle component of the actual data. A good fit between the speckle complex ACF's for
the actual and surrogate data sets was obtained over the first 20 samples, asis shownin Figure
5.15(a).
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Figure 5.15: Obtaining surrogate data for the2ms ~! gate 14 data, (a) complex ACF of the

speckle component of the actual and surrogate clutter data sets, and (b) the amp-
litude surrogate data set.

Due to the multiplicative nature of the compound K-distribution simulation technique, and assuming that the
speckleand chi (i.e squareroot of the gamma) componentsare independent, then the complex ACF of the compound
K-distribution isthe product of the complex ACF of the speckle component and the chi ACF.
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Surrogate amplitude, in-phase, and quadrature-phase data sets were produced for the corres-
ponding 12ms~! gate 14 clutter data sets. Figure 5.15(b) shows a plot of the amplitude sur-
rogate data set for gate 14, which can be compared with a plot of the actual data set, given in
Figure 5.5(a).

Prediction analysis of the surrogate amplitude data set was carried out using a 10 tap LP, and
a NRBFNP-RSC with an embedding dimension of 20, 100 kernels, an embedding delay of 1
sample, and aprediction step of 1 sample. Resultsof thisprediction analysisare givenin Figure
5.16.
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Figure5.16: 1-step ahead prediction analysis of thizns —! gate 14 surrogate amplitude data
set, (a) linear prediction, (b) nonlinear prediction. A delay of 1 sample was used
between each LP tap.

As can be seen from Figure 5.16, there is a strong similarity between the prediction results
for the actual and surrogate clutter data sets. This evidence suggests that the compound K-
distribution is an appropriate model for the 12m.s~! gate 14 data set. Moreover, it is suspected
that the (linear) correlations associated with the speckle component of the gate 14 data are the
source of its (linear) predictability. If thisis the case then the variation in predictability that
wasillustratedin Figure 5.13, across range for the different wind speed wavetank data sets, can
be attributed to corresponding changes in the correlation properties of the speckle component.
Further evidence to support this theory is now presented. Figure 5.17 shows the speckle com-
plex ACF plotsfor range gate 15 from the 4m.s~!, and the 12m.s~! wind speed data sets. The
4ms~! dataisuncorrelated, whereas the 12ms~! datahas a correlated speckle component. As

can beseenin Figure5.13, the4ms~! gate 15 data set was not linearly predictable (NM SE was
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Figure 5.17: Speckle complex ACF plots for range gate 15 from, (a}the —!, and (b) the
12ms~! wind speed data sets.

approximately 0dB), whereasthe 12m.s~! gate 15 data set waslinearly predictable (NM SE was
approximately -15dB).

Theinfluence of specklecorrelationsisfurther illustrated by considering the difference between
the correlation propertiesof the 11ms~! gate 0 and 12m.s~! gate O data sets, whichisshownin

Figure 5.18. Ascan be seen in Figure 5.18(a), the complex speckle component of the 11m.s~1
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Figure 5.18: The difference between the correlation properties of (a) the complex speckle com-
ponent, and (b) the amplitude component ofthe:s ~! gate 0 and the2ms~!
gate 0 wavetank data sets.

gate O data set is more correlated than that of the 12m.s~! gate 0 data set, over thefirst 30 or so
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delays. These short-term correlation differences have a related effect on the correlation prop-
erties of the corresponding amplitude data sets, and a consequent effect on the predictability of
the 11ms~! and 12ms~! gate 0 amplitude data sets which were reported in Figure 5.13: the
NMSE for the 11ms~! gate O data set was approximately -12dB, whereas the NM SE for the
12ms~1 gate O data set was, approximately, only -4dB.

The above evidence suggests that the wavetank data sets can be well modelled by a compound
Gaussian, locally Rayleigh stochastic process, even if the overall processis not K-distributed.
For example, Noga[39] found that the underlying component of the sea clutter he analysed was

better modelled by alognormal distribution than by the gamma distribution.

The prediction results for the wavetank data sets are now summarised.

¢ The amplitude and quadrature channel data setswere found to be linearly predictable
¢ A compound Gaussian stochastic model was found to be a suitable model

¢ Thelinear predictability wasfound to be associated with the correlation properties of the

speckle component of the compound Gaussian model

e The variation in predictability across range gates, and/or, between windspeed data sets
was due to a corresponding variation in the correl ation properties of the speckle compon-

ent

To establish the factors that cause a variation in the correlation properties of the speckle com-
ponent, a more thorough experimental set-up would be required. For instance, fixed range gates
would need to be used for the different windspeed conditions, and quantities such as sea sur-
face wave height and wavelength (with respect to the range gate positions) should be recorded
to seeif thereisany correlation between these measurements, and the variation of predictability

across range.

At thispoint it should be noted that although the results presented for the wavetank data sets
appear to suggest that the data setsare linearly predictable, and are best modelled by a stochastic
(locally Rayleigh) compound model, such as the compound K-distribution, rather than as a
chaotic process, there are two important differences between the coll ection of the wavetank data
and the collection of the data analysed by the researchers who found evidence to suggest that

clutter isnonlinearly predictable and chaotic. Thefirst differenceisthat polarisation agility was
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used in the collection of the wavetank data, but not by the researchers who found evidence that
clutter ischaotic. However, thisisnot considered significant, asthisagility wasnot randomised,
but applied in a known sequence. The second difference is that pulse compression [43, 126]
was used in the collection of the wavetank data, but not used by the researchers who found
evidence of chaotic behaviour in their sea clutter data sets. Pulse compression is a technique
used to achieve a higher resolution in range (i.e. a shorter transmitted pulse width). It may
be possible that the operation of pulse compression could mask or remove any evidence of
nonlinear predictability, and of chaotic behaviour. Furthermore, the area illuminated on the
sea surface is proportional to the width of the uncompressed pulse, and not to the width of
the compressed pulse. To further investigate whether or not pulse compression is responsible
for the removal of the nonlinear predictability of clutter, it is suggested that experiments be
carried out using two radars: one which employs pulse compression to obtain sea clutter data at
a certain range resol ution, the other which does not employ pulse compression to abtain clutter

at the same resolution.

Apart from the difference in radar parameters used to collect the wavetank data, it should also
be pointed out that the wavetank in which the data sets were collected might not accurately
represent conditions at sea. For example, the effects of gravity waves on the collection of sea
clutter may not be well modelled in the experimental set-up of the wavetank. This could be a
further reason why no chaotic behaviour has been detected. However, to counter thisargument,
the popular compound K-distribution model of sea clutter provides a suitable model for the

wavetank data, suggesting that perhaps conditions at sea have been represented accurately.

One fina note, to complement the above comparison of data sets, is to make the following
observation. The data sets analysed in [9, 12-18], for evidence of nonlinear predictability and
of chaotic dynamics (using recursive prediction) all appeared to be much less spiky than the
wavetank dataanalysed inthisthesis. Thisis despite spiky data being available to the research-
erswhose work isreferenced in [9, 12-18]. Spiky data sets, with similar time historiesto some
of the wavetank data sets were presented in [62]. These data setswere collected using the | PIX
radar facility whichis availableto the researchers whose work isreferenced in [9, 12-18]. This
discussion is also relevant to the observations made about the detrimental effect spikes were
observed to have on a NRBFNP, as discussed in section 5.2.
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5.5 Prediction of the Dawber data sets

This section discussesthe prediction of the Dawber amplitude and quadrature channel data sets,

which are discussed in Appendix A.

55.1 Timeseries plots, mutual information plots, and correlation dimension es-

timatesfor the amplitude data sets

Time series and mutual information plotsfor the Dawber amplitude data setsare givenin Figure

5.19.
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Figure 5.19: The Dawber HH amplitude data, (a) time series plot, (b) mutual information plot,

and the Dawber VV amplitude data, (c) time series plot, (d) mutual information
plot.
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The mutual information plots for both Dawber data sets were found to be monotonically de-

creasing. Table 5.3 shows the correlation dimension estimates for the Dawber amplitude data

sets.

Dataset | Correlation dimension
HH 7.46876
VvV 3.45714

Table 5.3: Maximum likelihood correlation dimensioh 5,7, estimates for the Dawber amp-
litude sea clutter data sets.

5.5.2 Prediction of theamplitude data

Initial prediction results, see Figure 5.20, for the Dawber amplitude data sets gave evidence

which suggested that these data sets have a linear predictor function. An embedding delay of

1 sample was used for thisanalysis, as the mutual information plotsin Figure 5.19 were found

to be monotonically decreasing, and an embedding delay of 1 sample has been shown to be the

optimal choice for the prediction of the signalsso far considered in thisthesis.
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G—-OLP, train
G——HLP, test
S—= LP, valid
A—ANRBFNP-RSC, train | 7
V— NRBFNP-RSC, test
*——* NRBFNP-RSC, valid | -

NMSE [dB]
I
N
5

G—-OLP, train
G—aLP, test
&—= LP, valid
A—ANRBFNP-RSC, train | |
¥— NRBFNP-RSC, test
*——* NRBFNP-RSC, valid | |

L
0 2000

L L L
4000 6000 2000

Training length [samples]

8000
Training length [samples]

(@ (b)

Initial 1-step ahead prediction analysis of the (a) Dawber HH and (b) Dawber VV
amplitude data sets, using NRBFNP-RSC'’s with 100 kernels and an embedding
delay of 1 sample. An embedding dimension of 17 was used for the analysis in
(a), whilstan embedding dimension of 10 was used for the analysis in (b). Results
are also shown for a 10 tap LP.

NRBFNP-RSC prediction results were recorded for arange of embedding parameters, number
of kernelsand prediction steps, to determine if a NRBFNP-RSC could outperform aLP. These

results are presented in Figure 5.21.
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Figure 5.21: Further prediction analysis of the Dawber amplitude data sets, using NRBFNP-
RSC'’s with a training length of 3000 samples: (a) NMSE vs number of kernels
using an embedding dimension of 17 for the HH data and 10 for the VV data,
with an embedding delay of 1 sample, and a prediction step of 1 sample for both
data sets, (b) NMSE vs embedding dimension using 100 kernels, an embedding
delay of 1 sample, and a prediction step of 1 sample for both data sets, (c) NMSE
vs embedding delay using an embedding dimension of 17 for the HH data and 10
for the VV data, with 100 kernels, and a prediction step of 1 sample for both data
sets, (d) NMSE vs prediction step using an embedding dimension of 17 for the HH
data and 10 for the VV data, with 100 kernels, and an embedding delay equal to
the prediction step for both data sets. Linear 1-step ahead prediction results are
also shown in each plot for a 10 tap LP (Wwia 1 sample delay between each tap
input) which had a training length of 3000 samples.

123



Nonlinear prediction of sea clutter

Results are also presented for a simple LP with 10 taps. The resultsin Figure 5.21 show that
for anumber of different parameter combinations, the performance of thesimple 10 tap LP was
always as good as, or better than, a NRBFNP-RSC, for both the HH and VV data sets. This
evidence suggests that both data sets have a linear predictor function. Also note from Figure
5.21, that the HH data was | ess predictable than the V'V data. A discussion of the source of the
predictability of the Dawber data setsis given in section 5.5.5.

Note that in Figures 5.21(c) and 5.21(d), some very large positive NMSE values were en-
countered. These values were encountered due to the ill-conditioning of the data matrix. 1l1-
conditioning was mentioned in section 4.4.5, and as also mentioned in section 4.4.5, singular
value decomposition can be used instead of the Householder transform to avoid the problems
associated with an ill-conditioned datamatrix, such asthe spuriouslarge positive NM SE values

mentioned above. Thisis demonstrated in Figure 5.22.
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Figure 5.22: Using singular value decomposition to solve for a NRBFNP-RSC's output layer
weights when the data matrix is ill-conditioned. Results are shown in (a) for the
HH amplitude data and in (b) for VV amplitude data. NMSE vs embedding delay
results obtained using a NRBFNP-RSC with an embedding dimension of 17 for
the HH data and 10 for the VV data, with 100 kernels, and a prediction step of 1

sample were used for both data sets.

The results in Figure 5.22 confirm that the spurious results obtained in Figure 5.21(c) were
due to ill-conditioning. The spurious results in Figure 5.21(d) were aso attributed to ill-

conditioning.

124



Nonlinear prediction of sea clutter

55.3 Timeseries plots, mutual information plots, and correlation dimension es-
timatesfor the quadrature channel data sets

Time series and mutua information plots for the in-phase HH and VV data sets are given in
Figure 5.23.
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Figure 5.23: The Dawber HH in-phase data, (a) time series plot, (b) mutual information plot,
and the Dawber VV in-phase data, (c) time series plot, (d) mutual information
plot.

A minimum was discernible in both mutual information plots, at a delay of 57 samples for

the HH in-phase channel mutual information plot, and for a delay of 50 samples for the VV
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in-phase channel mutual information plot. Correlation dimension estimates for the Dawber

quadrature channel data setsare given in Table 5.4.

Data set Correlation dimension
HH in-phase 5.70967
HH quadrature-phase 5.70967
VV in-phase 3.47368
VV quadrature-phase 3.45454

Table 5.4: Maximum likelihood correlation dimensiai »;;, estimates for the Dawber quad-
rature channel sea clutter data sets.

5.5.4 Prediction of thequadrature channels

Initial prediction results, see Figure 5.24, for the Dawber in-phase channel data sets gave evid-
ence which suggested that these data sets have alinear predictor function. An embedding delay
of 1 sample was used for this analysis, as this has been shown to be the optimal choice for the

prediction of the signals so far considered in thisthesis.
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Figure 5.24: Initial 1-step ahead prediction analysis of the (a) Dawber HH and (b) Dawber
VV in-phase data sets, using NRBFNP-RSC's with 100 kernels and an embedding
delay of 1 sample. An embedding dimension of 14 was used for the analysis in
(a), whilstan embedding dimension of 10 was used for the analysis in (b). Results
are also shown for a 10 tap LP.

In Figure 5.25 NRBFNP-RSC results are shown for arange of embedding parameters, number
of kernels, and prediction steps.
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Figure 5.25: Further prediction analysis of the Dawber in-phase data sets, using NRBFNP-
RSC'’s with a training length of 3000 samples: (a) NMSE vs number of kernels
using an embedding dimension of 14 for the HH data and 10 for the VV data,
with an embedding delay of 1 sample, and a prediction step of 1 sample for both
data sets, (b) NMSE vs embedding dimension using 100 kernels, an embedding
delay of 1 sample, and a prediction step of 1 sample for both data sets, (c) NMSE
vs embedding delay using an embedding dimension of 14 for the HH data and 10
for the VV data, with 100 kernels, and a prediction step of 1 sample for both data
sets, (d) NMSE vs prediction step using an embedding dimension of 14 for the HH
data and 10 for the VV data, with 100 kernels, and an embedding delay equal to
the prediction step for both data sets. Linear 1-step ahead prediction results are
also shown in each plot for a 10 tap LP (Wwia 1 sample delay between each tap
input) which had a training length of 3000 samples.
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Results are also presented for a simple LP with 10 taps. The resultsin Figure 5.25 show that
for arange of different parameter combinations, the performance of the simple 10 tap LP was
always as good as, or better than a NRBFNP-RSC, for both the HH and VV in-phase channel
data sets. This evidence suggests that both data sets have a linear predictor function. The
spurious large values of NMSE in Figures 5.25(c) and 5.25(d) are a result of ill-conditioning,
as discussed in section 5.5.2.

5.5.5 Surrogate prediction

To further investigate the apparent linear predictability of the Dawber sea clutter data sets,
prediction analysis was carried out using compound K-distributed surrogate data sets of the
Dawber VV data sets.

The process for obtaining a compound K-distributed surrogate data set for any given (sea clut-
ter) data set, was detailed in Chapter 3. It was found that using a window of size 5000 samples
(i.e. 250ms), the Dawber VV amplitude data set was locally Rayleigh distributed. This is
illustrated using a Weibull paper plot in Figure 5.26(a).

‘ ‘
/ »
! : —— Surrogate gamma

""" Clutter gamma

05

|
o
T

10log,, [In[1/P,]]
i
o
ACF

-15

-60 -40 -20 0 20 ~o 1000 2000 3000 4000 5000
10log,, [v] Delay [samples]

@) (b)

Figure 5.26: Obtaining surrogate data for the Dawber VV data, (a) Weibull paper plot, and (b)
gamma component ACF plots for the actual and surrogate clutter data sets.

To obtain an estimate of the gamma component of the Dawber VV amplitude data set, asliding
window of length 5000 samples was used to average out the Rayleigh speckle, and produce

gamma sample estimates. The shape parameter estimate for these gamma samples was obtained
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using the method of moments, and was estimated to be 23. The scale parameter was estimated
to be 661. The ACF of these gamma samples was also estimated, and thisis shown in Figure
5.26(b) together with the ACF plot of the gamma component of the surrogate clutter data set.
As can be seen in Figure 5.26(b), the ACF of the gamma component of the actual clutter data
is not accurately represented by a decaying exponential function, which is the method adopted
in thisthesis for modelling the correlation properties of the gamma component of a compound
K-distributed surrogate data set (see Chapter 3). Therefore, the correlation properties of the
gamma component of the actual data could only be approximated by the surrogate data set.
An IR correlation coefficient of 0.99979999 was chosen as a compromise between trying to
closely model thefirst 440 delays of the actual ACF, and avoidingtoo large a correlation length
for the surrogate data. Thefirst 440 delayswere recognised as being important as thiswasfound
to be the length over which the speckle component had discernible correlations. The correlation
properties of the speckle component were estimated, as discussed in Chapter 3, for the first 440
delays. A 4096-long complex FFT (with zero-padding) was used to obtain the weights for the
speckle correlation filter H (w), discussed in Chapter 3, using the first 440 delays of the ACF of
the speckle component of the actual data. A reasonablefit between the speckle complex ACF's
for the actual and surrogate data sets was obtained over the first 100 samples, asis shown in

Figure 5.27(a).
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Figure 5.27: Obtaining surrogate data for the Dawber VV data, (a) speckle complex ACF of
the actual and surrogate clutter data sets, and (b) the amplitude surrogate data
set.

Surrogate amplitude, in-phase, and quadrature-phase data sets were produced for the corres-
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ponding Dawber VV clutter data sets. Figure 5.27(b) shows a plot of the amplitude surrogate
data set, which can be compared with a plot of the actual data set, given in Figure 5.19(c).

Prediction analysis of the surrogate amplitude data set was carried out using a 10 tap LP, and
a NRBFNP-RSC with an embedding dimension of 10, 100 kernels, an embedding delay of 1
sample, and aprediction step of 1 sample. Resultsof this prediction analysisare givenin Figure
5.28.
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Figure 5.28: 1-step ahead prediction analysis of the Dawber VV surrogate amplitude data set,
(a) linear prediction, (b) nonlinear prediction.

As can be seen from Figure 5.28, the surrogate data set was found to be less predictable than
the actual clutter data set. At first it might be thought that this implies that the compound K-
distribution is not an appropriate model for the Dawber VV data. However, from the evidence
in Figure 5.26(a) it would appear that the Dawber VV datais at least alocally Rayleigh (i.e. a
compound Gaussian) process. It may be that the mean level of thelocally Rayleigh component
of the Dawber VV data does not have a chi-distributed mean level, and therefore the compound
K-distribution would not be an appropriate model for the data: for example Noga [39] found
that a locally Rayleigh process with a lognormal distributed mean level better fitted the sea
clutter available to him, than did alocally Rayleigh process with a chi-distributed mean level.
However, the high PRF (20 times that used for the collection of the wavetank data), and the
short data record (less than the number of samples collected in each range cell of the wavetank
data sets), are thought to be responsible for the inability to obtain a reasonabl e estimate for the
average complex ACF of the speckle component of the Dawber data. This poor estimation of
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the speckle ACF is thought to be the reason why there is a lack of correspondence between
the prediction results for the actual and surrogate data sets. Therefore, evidence has not been
presented to suggest that the compound K-distributionis an appropriate model for the Dawber
VV data, although evidence has been presented which suggests that the data can be modelled
as a compound Gaussian process. In which case, the linear predictability of the Dawber data

sets discussed in sections 5.5.2 and 5.5.4 can be associated with Gaussian correl ations.

55.6 Recursiveprediction

Recursive prediction was initially carried out on the in-phase Dawber VV data set, as thiswas
found to be the most predictable data set (of all the Dawber amplitude and quadrature channel

data sets), and it had a discernible mutual information minimum value.

Recursive prediction was attempted for the Dawber VV in-phase data set using the following
predictors. A LP with 10 taps, a 1 sample delay between each tap, and a prediction step of 1
sample, for training lengths of 1000 up to 10,000 samples, in steps of 1000 samples. Addition-
aly, LP simulations were run with exactly the same parameters as those above, except a delay
of 50 sampleswas used between each tap. Three types of NLP were used: an UNRBFNP-RSC,
aNRBFNP-RSC and an approximately regularised UNRBFNP-RSC. Each NLP used an em-
bedding dimension of 10, an embedding delay of 50 samples and a prediction step of 1 sample.
These embedding parameters were chosen using the criteria given in Chapter 2. Each NLP used
500 kernels. Recursive prediction results were obtained for the NLP's using training lengths
of 2000 up to 10,000 samples, in steps of 1000 samples. The following range of regularisa-
tion parameters were used in the approximately regularised UNRBFNP-RSC, for each training
length: A = 10°,1071, 1072, ....,107 1%

Recursive prediction was not successful for any of the LP, UNRBFNP-RSC or approximately
regularised UNRBFNP-RSC simulations. Recursive prediction was successful for 2 NRBFNP-
RSC simulations: for training lengths of 6000 and 8000 samples. However, athough recursive
prediction worked, therecursively predicted signal clearly did not represent the original Dawber
VV in-phase data set. Thisisillustrated in Figure 5.29.

As some success was encountered for recursive prediction with the embedding criteria of
Chapter 2, it was decided that a trial and error approach (towards the selection of the em-
bedding parameters of a NRBFNP-RSC) would be used to try and find out if a NRBFNP-RSC
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Figure 5.29: Recursive prediction of the Dawber VV in-phase data set. Results are shown for
a NRBFNP-RSC with an embedding dimension of 10, an embedding delay of 50
samples, and prediction step of 1 sample, for 2 different training lengths: (a) 6000
samples, and (b) 8000 samples.

could achieve better recursive prediction resultsthan thoseillustrated in Figure 5.29. NRBFNP-
RSC simulations were run with an embedding dimension of 10, 500 kernels, a prediction step
of 1 sample, and embedding delays of 1 sample, 2 samples,...,10 samples. For each differ-
ent embedding delay, simulations were run for training lengths of 1000 samples up to 10,000
samplesin steps of 1000 samples. Promising recursive prediction results were obtained for an
embedding delay of 8 samples, and a training length of 4000 samples. Thisresult is shownin
Figure 5.30.

The recursively predicted time series shown in Figure 5.30(a) looks similar to the actual time
series, and it certainly is an improvement on the results obtained in Figure 5.29. Upon closer
inspection, see Figure 5.30(b), it can be seen that there is no prediction horizon associated
with the recursively predicted time series, i.e. the original and recursively predicted time series

diverge from the first recursively produced sample.

Using the NRBFNP-RSC with an embedding delay of 10, 500 kernels, an embedding delay of 8
samples, aprediction step of 1 sample, and atraining length of 4000 samples, 25600 (the length
of the Dawber data sets) samples were recursively predicted. From this recursively produced
time series, the mutual information was plotted, see Figure 5.31, and the maximum likelihood
correlation dimension was estimated as 4.50538.
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Figure 5.30: Recursive prediction of the Dawber VV in-phase data set. Results are shown for
a NRBFNP-RSC, with an embedding dimension of 10, 500 kernels an embedding
delay of 8 samples, and prediction step of 1 sample, for a training length of 4000
samples: (a) first 4000 recursively predicted samples, (b) first 600 recursively
predicted samples.
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Figure 5.31: Mutual information plot of the recursively predicted time series which was pro-
duced using a NRBFNP-RSC with an embedding dimension of 10, 500 kernels, an
embedding delay of 8 samples, a prediction step of 1 sample, and a training length
of 4000 samples. 25600 samples were used to estimate the mutual information.
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As can be seen from Figures 5.31, and 5.23(d), there is a significant difference between the
mutual information plots of the recursively predicted and actual Dawber in-phase time series,
respectively. Thissuggeststhat the actual clutter and recursively predicted data sets have differ-
ent properties (i.e. different dynamics). Also note the difference in the correlation dimension
estimate for the recursively predicted time series, with that given for the actual time seriesin
Table 5.4. The difference in the mutual information plotsfor the original, and recursively pre-
dicted time series, would suggest that these two signals are significantly different. Furthermore
the differencein correlation dimension might be taken as evidencethat the recursively predicted
time series does not share the same dynamics as the actual time series, if indeed the actual time
seriesis chaotic and hasassociated dynamics. Before coming to a conclusion on the evidence
of the underlying dynamics of the Dawber sea clutter data sets, it was decided that the other

Dawber data sets would also be analysed for evidence of underlying dynamics.

The NMSE training, testing, and validation errors for the NRBFNP-RSC with an embedding
dimension of 10, 500 kernels, an embedding delay of 8 samples, a prediction step of 1 sample,
and atraining length of 4000 samples, were-19.701821dB, -12.945741dB, and -10.630493dB,
respectively. These values support the observation already made in section 5.5.4, that the pre-
dictor function for the Dawber quadrature channel data sets is linear: see the LP results in
Figure 5.25.

Recursive prediction was attempted using NRBFNP-RSC’ s with embedding dimensions of 10,
14, and 14 for the Dawber VV amplitude, the Dawber HH in-phase and the Dawber HH
amplitude data sets, respectively. For the recursive prediction of each data set the following
NRBFNP-RSC parameters were used: 500 kernels, a prediction step of 1 sample, and em-
bedding delays of 1 sample, 2 samples,..., 10 samples. For each different embedding delay,
simulations were run for training lengths of 1000 samples up to 10,000 samples, in steps of

1000 samples.

Recursive prediction was successful for certain embedding delays and training lengths for the
Dawber VV amplitude and Dawber HH in-phase data sets. However, as with the initial Dawber
VV in-phase recursive prediction results shown in Figure 5.29, the recursively predicted data
was hot avery good representation of the actual time series. No successful recursive prediction

results were obtained for the Dawber HH amplitude data set.

To summarise, therecursive prediction resultsfor the Dawber amplitudeand quadrature channel
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data setswould seem to suggest that the Dawber data sets do not have any underlying dynamics.
The reasons for this assertion are now discussed. For all the data sets analysed using recursive
prediction, a successful, reasonably fair representation of the original signal was not achieved
using Takens' embedding delay theorem. Takens' theorem is a known sufficient condition for
dynamical reconstruction of chaotic signals (assuming a smooth observation map), and it was
shown to be sufficient for the recursive prediction of Lorenz data, even when it was embedded
in noise. Furthermore, in only 1 out of 4 data sets analysed wasthere achieved areasonably fair
recursively predicted representation of the original signal, and thiswas shown to have different
propertiesto the original signal. Moreover, for the recursively predicted signal, givenin Figure
5.30, there was no evidence of a prediction horizon, which is a characteristic of chaotic signals.
What these results seem to point to, is that the underlying dynamics could not be captured,
because there were no underlying dynamics to capture. This would support the conclusions

reached in section 5.5.5, about the linear stochastic nature of the Dawber sea clutter data sets.

5.6 Summary of resultsfor the Dawber data sets

The prediction results presented in sections 5.5.2 and 5.5.4, for the Dawber HH and VV amp-
litude and quadrature channel data sets suggest that these data sets have alinear predictor func-
tion. This evidence, combined with the lack of evidence in section 5.5.6 for the existence
of underlying dynamics, would suggest that the Dawber sea clutter data sets are not chaotic.
Indeed, evidence was presented in section 5.5.5 which suggested that a compound Gaussian

stochastic model was more appropriate.

A possible explanation for the lack of evidence of underlying dynamics might be that the range
resolution of the radar used to collect the Dawber data sets was too low. The range resolution
of the radar was 1;:s. However, in [21] Haykin and Puthusserypady found evidence of chaotic
dynamics with data that used a radar with arange resolution of 2us. Therefore, the resolution
was not considered to be a reason for the lack of evidence of chaotic dynamics. Besides, if all’

clutter is a chaotic process, this should be evident not only at high but also at low resolutions.

Another reason for the lack of evidence of underlying nonlinear dynamics and chaotic beha-

viour could be due to the fact that the Dawber data records represent only a very short time

"i.e. that there exists a nonlinear deterministic mechanism responsible for the generation of all clutter, whichis
what is claimed by Haykin and Puthusserypady.
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period, spanning only 1.28 seconds. These clutter data record lengths are much shorter than
those analysed, for example, by Haykin and Puthusserypady [21] for evidence of chaotic be-
haviour, who used data records which lasted for between 25 and 50 seconds. In other words,
the Dawber data sets may appear to be linear over short time periods, such as 1.28 seconds,
but over longer time periods nonlinear, chaotic behaviour might be detected. This discussion
issimilar to that given in section 4.1, about the use of locally linear predictors by Casdagli, to
predict Lorenz data. From apractical perspective, it is significant that chaotic behaviour cannot
be detected during a period of 1.28 seconds. For example, in a scanning radar the dwell timeis
typically on the order of afew milliseconds, and if chaotic behaviour is not observable during
periods on the order of a second, but only over longer time periods, then chaotic behaviour
could not be exploited to improve the performance of scanning radars. In other words, the

debate over whether or not clutter is chaotic would be irrelevant for scanning radars.

5.7 Chapter summary

A comprehensive prediction analysis of the wavetank and Dawber sea clutter data sets was
presented in this chapter. These clutter data sets were collected using a land-based radar that
was operated in a dwelling mode, that is, with the antenna pointing towards a patch of sea
surface along a fixed direction. The prediction analysis of the wavetank and Dawber data sets
was carried out using global linear and nonlinear predictors on the in-phase, quadrature-phase,
and amplitude channels of the radar data sets. In particular the nonlinear prediction analysis
was carried out using RBFNP's with a wide range of embedding dimensions, number of ker-
nels, embedding delays, and prediction steps. Thisnonlinear prediction analysisincluded using
embedding parameters which adhered to Takens' embedding theorem for dynamical recon-
struction. Results were presented which showed that the wavetank and Dawber data sets have
linear predictor functions. Additionally, recursive prediction was carried out on these clutter
data sets which demonstrated a lack of evidence of any underlying nonlinear dynamics. These
results suggest that the wavetank and Dawber data sets are not examples of chaotic time series.
Indeed, evidence was presented which showed that a compound Gaussian stochastic model is
appropriate for the wavetank and Dawber clutter data sets. Furthermore, these results are in
contrast to those published during the last 10 years by Simon Haykin and his co-workers, who

have argued and provided evidence to support the following:
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¢ that sea clutter has a honlinear predictor function,

¢ that the underlying dynamics of sea clutter can be modelled using a nonlinear network

(in recursive prediction mode), and

¢ that seaclutter is a chaotic process.

The data sets used to come to these conclusions were collected using a land-based radar oper-
ated in a dwelling mode. Despite collecting data using the same radar mode, it was pointed out
that there were differences, in terms of radar and environmental parameters, between Haykin
and his co-workers' clutter data sets, and the clutter data sets described in Appendix A. It was
stated that these differences might be responsible for the lack of evidence of chaotic behaviour.
In the case of the wavetank data sets, chaotic behaviour may have been concealed due to pulse
compression. In the case of the Dawber data sets, chaotic behaviour may not have been noticed
because the data sets analysed were collected during a much shorter time period than those
analysed by Haykin and his co-workers, and they could just represent alocally linear section of

an overall nonlinear process.
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Chapter 6

Nonlinear prediction of sea clutter:
further analysis

6.1 Introduction

The purpose of this chapter is to investigate if there are nonlinearities in the sea clutter data
sets, which are described in Appendix A, that were not identified in the prediction analysis
reported in Chapter 5. Thisis done as follows. In section 6.2 and 6.3, filters are applied to the
clutter data sets, in order to try and reduce noise effects such as receiver and quantisation noise.
Prediction analysisisthen carried out on thefiltered time series. In section 6.2 asmoothingfilter
isapplied to the clutter, and in section 6.3 alinear phase FIR lowpassfilter isused. Haykin and
Puthusserypady [21] used these filtering techniques when cal culating the chaotic invariants of
their clutter data, however, they did not carry out aprediction analysison their filtered clutter. In
section 6.4 a novel structure for a forward-backward [116] RBFNP is presented, and forward-
backward linear and nonlinear prediction of sea clutter is reported. A chapter summary is

presented in section 6.5.

6.2 Applying a Smoothing filter to the clutter data before predic-

tion analysis

In their analysis of sea clutter [21], Haykin and Puthusserypady used the simple smoothing
filter, given in equation (6.1), to reduce the effect of experimenta noise, and to obtain the

smoothed clutter sequence {z;(n) } from the original clutter sequence {z(n)}.

T = Z %x(n +i—2) (6.1)
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This smoothing filter was applied to the Dawber VV amplitude and in-phase channel data sets.
The PSD plotsfor the un-smoothed and smoothed data sets are given in Figure 6.1.

The mutual information plotsfor the smoothed data sets are given in Figure 6.2. It can be seen
there are no significant differences between these plotsand those for the un-smoothed data sets,

given in Figures5.19(d) and 5.23(d) for the amplitude and in-phase data sets, respectively.

Correlation dimension estimates for the smoothed data sets are presented in Table 6.1. For
convenience, the estimates already presented for the un-smoothed Dawber data setsare repeated
againin Table 6.1.

Data set Correlation dimension
VV amplitude 345714
VV amplitude smoothed 3.91139
VV in-phase 3.47368
VV in-phase smoothed 4.39024

Table 6.1: Maximum likelihood correlation dimensidn,,;, estimates for the smoothed Daw-
ber sea clutter data sets.

Initial prediction resultsfor the smoothed data setsare givenin Figure 6.3. An embedding delay
of 1 sample was used as for all previous analysis presented in this thesis it produced the best
prediction performance, given al other parameters were constant. The correlation dimension
estimates in Table 6.1 were used to select a suitable embedding dimension. As can be seen
in Figure 6.3, LP results were always as good as, or better than the NLP results. In fact, the
generalisation properties of the NRBFNP-RSC were much poorer than those of the LP. The
generalisation properties of the NRBFNP-RSC for the un-smoothed Dawber VV amplitude
data set, see Figure 5.20, were poorer than for the LP, and these poor generalisation properties

appear to have been amplified after applying the smoothing filter.

A more rigorous prediction analysis was carried out for a variation of NRBFNP-RSC free
parameters. These results are given in Figure 6.4. The results given in Figure 6.4 provide
evidence to suggest that the smoothed data sets have a linear predictor function. The spurious
large NM SE valuesin Figures 6.4(c) and 6.4(d) are aresult of ill-conditioning. This matter was
discussed in section 5.5.2.
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Figure6.1: PSD’s for (a) the smoothed, and (b) the un-smoothed Dawber VV amplitude data,
and for the (c) smoothed, and (d) the un-smoothed Dawber VV in-phase data.
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Figure 6.2: Mutual information plots for (a) the smoothed Dawber VV amplitude data, and (b)
the smoothed Dawber VV in-phase data.
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Figure 6.3: Initial 1-step ahead prediction analysis of the (a) smoothed Dawber VV amplitude
and (b) smoothed Dawber VV in-phase data sets, using a NRBFNP-RSC with an
embedding dimension of 10, 100 kernels and an embedding delay of 1 sample.
Results are also shown for a 10 tap LP with a delay of 1 sample between each tap.
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phase (VV-I) data sets, using NRBFNP-RSC's with a training length of 3000
samples: (a) NMSE vs number of kernels using an embedding dimension of 10,
an embedding delay of 1 sample, and a prediction step of 1 sample for both data
sets, (b) NMSE vs embedding dimension using 100 kernels, an embedding delay of
1 sample, and a prediction step of 1 sample for both data sets, (c) NMSE vs embed-
ding delay using an embedding dimension of 10, 100 kernels, and a prediction step
of 1 sample for both data sets, (d) NMSE vs prediction step using an embedding
dimension of 10, 100 kernels, and an embedding delay equal to the prediction step
for both data sets. Linear 1-step ahead prediction results are also shown in each
plot for a 10 tap LP (wih a 1 sample delay between each tap input) which had a
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6.3 Applying aLinear phase finite impulse response lowpass filter

to theclutter before prediction analysis

In addition to the smoothing filter discussed in section 6.2, Haykin and Puthusserypady [21]

used a finite impulse response (FIR) [127] filter to suppress noise, in their analysis (from a
chaos theory perspective) of sea clutter. Therefore, thistype of filter was also used, to seeif it
could suppress noise and improve clutter predictability, and if it could be used to uncover any
hidden nonlinearities. Haykin and Puthusserypady used a linear phase FIR filter with 100 taps,
and a low frequency passband which was chosen in an attempt to suppress noise, but which
would avoid altering the spectra of the actual clutter data. For the analysisin this thesis, the
Dawber VV amplitude and in-phase data sets were filtered using a lowpass linear phase FIR
filter with 101 taps, and a cut-off frequency of 0.05 normalised frequency. The corresponding
filtered PSD plots, along with the PSD plots for the un-filtered Dawber data sets are given in
Figure 6.5.

The mutual information plots for the filtered data sets are given in Figure 6.6. It can be seen
there are no significant differences between these plots, and those for the un-filtered data sets,

given in Figures5.19(d) and 5.23(d) for the amplitude and in-phase data sets, respectively.

Correlation dimension estimates for the filtered data sets are presented in Table 6.2. For con-
venience, the estimates already presented for the un-filtered Dawber data sets are repeated again
in Table 6.2.

Data set Correlation dimension
VV amplitude 345714
VV amplitude filtered 6.33334
VV in-phase 3.47368
VV in-phasefiltered 4.64045

Table 6.2: Maximum likelihood correlation dimensidn »;;, estimates for the filtered Dawber
sea clutter data sets.

Initial prediction results for the FIR filtered data sets are given in Figure 6.7. For the reason
aready discussed in section 6.2 an embedding delay of 1 sample was used. The correlation
dimension estimates in Table 6.2 were used to select a suitable embedding dimension. As can
be seenin Figure 6.7, LP resultswere alwaysas good as, or better than the NLP results. In fact,

the generalisation properties of the NRBFNP-RSC were much poorer than those for the LP.
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Figure 6.5: PSD’s for (a) the un-filtered, and (b) the FIR filtered Dawber VV amplitude data,
and for the (c) un-filtered, and (d) the FIR filtered Dawber VV in-phase data.
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Figure 6.6: Mutual information plots for (a) the FIR filtered Dawber VV amplitude data, and
(b) the FIR filtered Dawber VV in-phase data.
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Figure 6.7: Initial 1-step ahead prediction analysis of the (a) FIR filtered Dawber VV amp-
litude and (b) FIR filtered Dawber VV in-phase data sets, using a NRBFNP-RSC
with an embedding dimension of 14 for the results in (a), and 12 for those in (b),
with 100 kernels and an embedding delay of 1 sample used for the results in both
(a) and (b). Results are also shown for a 10 tap LP.
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The generalisation properties of the NRBFNP-RSC for the un-filtered Dawber VV amplitude
data set, see Figure 5.20, were poorer than for a LP, and these poor generalisation properties
appear to have been amplified after applying the FIR filter, even more so, than for the case of
the smoothing filter (see Figure 6.3). A more rigorous prediction analysis was carried out for
avariation of the NRBFNP-RSC's free parameters. These results are givenin Figure 6.8. The
results given in Figure 6.8 provide further evidence to suggest that the filtered data sets have
a linear predictor function. The large spurious NM SE values obtained in Figures 6.8(c) and

6.8(d) are duetoill-conditioning. This matter was discussed in section 5.5.2.
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Figure 6.8: Further prediction analysis of the FIR filtered Dawber VV amplitude (VV) and
in-phase (VV-1) data sets, using NRBFNP-RSC’s with a training length of 2000
samples: (a) NMSE vs number of kernels using an embedding dimension of 14 for
the VV data and 12 for the VV-I data, with an embedding delay of 1 sample, and
a prediction step of 1 sample for both data sets, (b) NMSE vs embedding dimen-
sion using 100 kernels, an embedding delay of 1 sample, and a prediction step of
1 sample for both data sets, (c) NMSE vs embedding delay using an embedding
dimension of 14 for the VV data and 12 for the VV-I data, with 100 kernels, and a
prediction step of 1 sample for both data sets, (d) NMSE vs prediction step using
an embedding dimension of 14 for the VV data and 12 for the VV-I data, with 100
kernels, and an embedding delay equal to the prediction step for both data sets.
Linear 1-step ahead prediction results are also shown in each plot for a 10 tap
LP (with a 1 sample delay between each tap input) which had a training length of
2000 samples.
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6.4 Forward-backward prediction

Until now, the emphasis in thisthesis has been on forward prediction of data. Attentionis now
turned to forward-backward (FB) [116] prediction. It is well known that FB prediction can
be used to improve prediction performance with respect to forward prediction alone. Of addi-
tional interest in applying the method of FB prediction to sea clutter, is to investigate whether

nonlinearities not observable using forward prediction, are observable using FB prediction.

6.4.1 Forward-backward RBFN

The structure of the forward-backward RBFN (FB-RBFN) used for thisinvestigationis given
in Figure 6.9.

The FB-RBFN isshown with 2V input nodes: N input nodes either side of the test cell, which

it tries to predict. The forward section of the FB-RBFN is associated with the input nodes, 1

throughto V. The backward section isassociated with theinput nodes N + 1 throughto2V. In

order to compare the prediction performance of aforward RBFN with that of a FB-RBFN, the
centres used in the forward section were also used by the backward section. Aswiththeforward

RBFN case, centres could be selected using the RSC or OAKM methods. The FB-RBFN's 2 M
weights were trained using the Householder transform, in the same way that the M weights
of the forward RBFN were trained. To the best of the author’s knowledge, this structure for a
FB-RBFN isnovel, asis the training methodol ogy.

6.4.2 Forward-backward prediction of L orenz data

To demonstrate the improvement gained by the use of FB prediction, forward and FB linear
and nonlinear prediction results for the noise-free Lorenz data, described in section 4.7.1, are

shownin Figure 6.10.

As can be seen from Figure 6.10, FB prediction improved the performance of both the linear
and nonlinear predictors. The FBLP performed approximately 30dB better than the LP, and
the FB-NRBFNP-RSC managed to perform more than 20dB better than the NRBFNP-RSC,
for atraining length of 10,000 samples. Interestingly, the FBLP managed to achieve a similar
performance to that of the NRBFNP-RSC.
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Forward-backward (a) linear and (b) nonlinear prediction of noise-free Lorenz
data. Results are shown in (a) for a (forward) LP which used 20 taps, and for
a FBLP which used 20 taps in the forward section and 20 taps in the backward
section. Results are shown in (b) for a NRBFNP-RSC which used an embedding
dimension of 3, 100 kernels and an embedding delay of 1 sample, and for a FB-
NRBFNP-RSC which used an embedding dimension of 3, 100 kernels and an
embedding delay of 1 sample in both the forward and backward sections.
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6.4.3 Forward-backward prediction of Dawber VV amplitude data

Forward-backward prediction results are given in Figure 6.11, for the Dawber VV amplitude
data set.
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Figure 6.11: Forward-backward (a) linear and (b) nonlinear prediction of Dawber VV amp-
litude data. Results are shown in (a) for a (forward) LP which used 10 taps, and
for a FBLP which used 10 taps in the forward section and 10 taps in the backward
section. Results are shown in (b) for a NRBFNP-RSC which used an embedding
dimension of 10, 100 kernels and an embedding delay of 1 sample, and for a FB-
NRBFNP-RSC which used an embedding dimension of 10, 100 kernels and an
embedding delay of 1 sample in both the forward and backward sections.

As can be seen from Figure 6.11, the FB predictors did manage to achieve dlightly better pre-
diction results than the forward predictors. The improvement margin was approximately 1 dB.
Note however, that in the case of the FB-NRBFNP-RSC, after atraininglength of 5000 samples,
this predictor started to over-fit to the data, and as a consequence its generalisation properties
became poorer. Similarly poor NRBFNP-RSC generalisation properties were observed for the
(forward) prediction of the VV amplitude, smoothed VV amplitude and FIR filtered VV amp-
litude data sets. The similar performance of the FBL P and of the FB-NRBFNP-RSC on training
data, coupled with the fact that the FBL P had better generalisation properties adds further evid-
ence to suggest that this data has alinear predictor function.
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6.4.4 Forward-backward prediction of Dawber VV in-phase channel data

Forward-backward prediction results are given in Figure 6.12, for the Dawber VV in-phase
channel data set. As can be seen from Figure 6.12, the forward-backward predictors did man-
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Figure 6.12: Forward-backward (a) linear and (b) nonlinear prediction of Dawber VV in-
phase data. Results are shown in (a) for a (forward) LP which used 10 taps,
and for a FBLP which used 10 taps in the forward section and 10 taps in the
backward section. Results are shown in (b) for a NRBFNP-RSC which used an
embedding dimension of 10, 100 kernels and an embedding delay of 1 sample, and
for a FB-NRBFNP-RSC which used an embedding dimension of 10, 100 kernels
and an embedding delay of 1 sample in both the forward and backward sections.

age to achieve dlightly better prediction results than the forward predictors. The improvement
margin was approximately 1 dB for the FBLP, with respect to the LP. The FBLP and the FB-
NRBFNP-RSC performed similarly on training data, however the FBLP performed better on
non-training data sets. The similar performance of the FBLP and of the FB-NRBFNP-RSC
on training data, coupled with the fact that the FBLP had better generalisation properties adds
further evidence to suggest that this data has alinear predictor function.

6.5 Chapter summary

To determineif receiver and/or measurement noise were responsible for the lack of evidence of
chaotic behaviour, the Dawber clutter data sets werefirst filtered and then aprediction analysis

was carried out. This filtering was performed using two techniques employed by Haykin and
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Puthusserypady [21] in their measurement of chaotic invariants from sea clutter data sets. The
first technique was a smoothing filter, which simply produced an average of 3 clutter samples
a atime. The second was a FIR lowpass filter. The prediction analysis of the filtered data
was carried out using global linear and nonlinear predictors. As was the case for the analysis
reported in Chapter 5, RBFNP's were used with a wide range of embedding parameters, num-
ber of kernels, and prediction steps. The results of this analysis provided further evidence to
suggest that the Dawber clutter data sets have linear predictor functions, and are consequently
not chaotic. In other words, noise was not thought to be responsible for the concealment of

chaotic behaviour.

A novel structure for a forward-backward RBFNP was proposed. Forward-backward linear
and nonlinear (global) prediction was carried out on the Dawber data setsin order to establish
if there was any evidence of nonlinear predictability that was not detected with forward pre-
diction analysis alone. The results obtained showed that there was no evidence of nonlinear

predictability using forward-backward prediction.

Theresults presented in thischapter provide further evidenceto that already given in Chapter 5,
which suggested that the clutter data sets analysed in thisthesis have linear predictor functions,

and are consequently not examples of chaotic time series.
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Chapter 7
Radar target detection

7.1 Introduction

Asreported in Chapter 5, acomprehensive prediction analysiswas carried out for the seaclutter
data sets described in Appendix A. The most significant conclusion reached from that analysis
was that the clutter data sets were found to have linear predictor functions: LP NMSE results
were found to be as good as, or better than NLP NMSE results. Furthermore, evidence was
presented in Chapter 5, which suggested that the clutter data setsanalysed are best modelled asa
stochastic, locally Rayleigh, process and not, asis claimed in[9-21], as a deterministic chaotic
process. The linear predictability of the clutter data sets was attributed to Rayleigh (speckle)
correlations. In [12] evidence was presented which showed that a NLPD could outperform
both a LPD [128], and a “standard” non-coherent detector. A similar comparison was carried
out in [17], which compared the performance of a NLPD and a conventional radar (CFAR)
detector. This study showed that a NLPD could perform better than a conventional CFAR
detector. The implicationsof the prediction results obtained in Chapter 5, for single pul se radar
target detection in a marine environment, are discussed in this chapter as follows. In section
7.2 some basic radar target detection concepts are presented. A discussion of radar detection
techniques used in this chapter is given in section 7.3. Before presenting any detection results
using clutter data, Lorenz data (described in section 4.7.1) is used to assess which is more
important for better target detection results using a predictor-detector: is it NMSE, or is it
capturing a signal’ sunderlying dynamics (assuming that the signal is chaotic)? Thisquestionis
investigated in section 7.4. In section 7.5, resultsfor single pulse radar target detection, against

a sea clutter background are presented. A chapter summary is presented in section 7.6.
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7.2 Basicradar target detection concepts

7.2.1 Introduction

Maritime surveillance radar is used to detect targets in an ocean environment, where the radar
reflections from the sea surface, the sea clutter, usually are the main sources of interference,
which degrade the performance of the radar: the clutter to thermal noise ratio is often large
enough for the thermal noise to be ignored in the design and performance eval uation of a mari-
time surveillance radar. The term targetin a marine environment is used to refer to any radar
backscatter that does not come from the ocean surface. Such backscatter may come from man-

made objects (i.e. a submarine periscope or a ship), or some natural object (i.e. an iceberg).

7.2.2 Radar target detection: elementary definitionsand jargon

Given a backscattered sample which could consist entirely of reflections from the sea, or which
could be composed of target reflectionsaswell asreflectionsfrom the sea, thereare two possible
options. declare that no target is present, or alternatively, declare that a target is present in the

received sample. For each option, there are two consequences:

o if “notarget” isopted for, and atarget is present in the recovered sample, the consequence
isamissed target detection.

o if “notarget” isoptedfor, and no target is present in the received sample, the consequence

is asuccessful non-detection.

o if “target present” is opted for, but none is present, the consequence is referred to as a

fasealarm.

o if “target present” is opted for, and a target is present, the consegquence is a successful

target detection.

To distinguish between clutter and clutter plus targetreturns, a threshold can be used: any
returns above thisthreshold will be classified as “ clutter plustarget”, and any below, as “clutter
only”. Such an approach has an obvious trade-off: setting the threshold at very low values will
improve the probability of successfully detecting targets, but will equally increase the number
of false dlarms, as more clutter samples will cross the threshold. Thistrade-off isillustrated in

Figure 7.1.
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Figure 7.1: Threshold tradeoff. Having the threshold level set at Vtl results in a low false
alarm count {.e. the number of times the clutter crosses the threshold). However,
only the target samples at times Ta, Tb, and Tc are correctly detected. Decreasing
the threshold level to Vt2 improves the probability of detection, but increases the
probability of false alarm: more clutter samples now cross the threshold level.

Two quantities used to describe the performance of a radar target detector are the probability
of false darm Py, and the probability of detection P;. To define these two quantities for sea
clutter returns, consider that the clutter returns {z(n) } are described by apdf P, (z). Then the
probability that a false alarm will occur (i.e. Py,), isthe probability that a clutter sample z(n)
will exceed the threshold of value, say, v+, i.e.

P, = /OO P, (z)dz (7.1

vt

Given that the pdf for an arbitrary target signal ¢(n) isgiven by P, (), and the signal plusclutter
pdf isgiven by P..(z + t), then the probability that a signal will be detected (i.e. P;), isthe
probability that a clutter plus signal sample z(n) + ¢(n) will exceed the threshold v, i.e.

Py = / T Ppole 4 (e + 1) (72)

vt

155



Radar target detection

Idedlly, a radar target detector would always detect a target, when a target was present (i.e
P;=1), and it would never mistake clutter or noise, or any other interfering signal for a target,
when no target was present, (i.e. P;,=0). However, thisis never achieved in practice, but the
amistotry and build a detector witha P, ascloseto 1, and a Py, as closeto O as possible, for
a given threshold value. One method for comparing the performance of radar target detectors
iswhat is known as a receiver operating curve (ROC). Thisis simply aplot of Py, versus P;.
ROC's are the chosen method for assessing detection performance in this thesis. ROC's were
also used in [12,17] to assess the detection performance of of a NLPD relative to a CFAR
detector.

7.2.3 Target models

To assess the detection performance of aradar target detector, and therefore to plot aROC, itis
necessary to use some kind of target signal. It isoften impractical to obtain experimental target
data, and therefore a common approach within the radar community isto use what are referred
to as Swerling target models[7,126].

A Swerling case |, or simply a Swerling I, model has an intensity I, (i.e. power) pdf given by

the exponential distribution, i.e.

t Ot

P(L|oy) = Uiexp [_—If] (73)

while the corresponding amplitude returns «; are Rayleigh distributed,

a —a?
Plai|oy) = U—texp [2—0:] (7.4)

where o, isthe average power.

A Swerling | target fluctuates slowly, on a scan to scan basis. A Swerling 11 target is described
by the same intensity pdf, equation (7.3), and the same amplitude pdf, equation (7.4), as the
Swerling | target. However, the Swerling |1 target is modelled as fluctuating more quickly than
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the Swerling | case: on a pulseto pulse basis, rather than on a scan to scan basis.

A Swerling I11 target has an intensity pdf given by the chi-square distribution, with four degrees
of freedom, i.e.

4T [—2@] (75

P(li|oy) = ?exp o
i

A Swerling 111 target fluctuates slowly, on ascan to scan basis. A Swerling 1V target isdescribed
by the same intensity pdf asthe Swerling 111 target, but is modelled as fluctuating more quickly,

on apulseto pulse basis.
A non-fluctuating (i.e. constant amplitude) target is often referred to as a Swerling O target.

The Swerling target models are summarised in Table 7.1.

Swerling target model | Description
0 Constant amplitude
[ Rayleigh amplitude pdf, slowly fluctuates
I Rayleigh amplitude pdf, quickly fluctuates
Il Chi-sguare intensity pdf, slowly fluctuates
v Chi-sguare intensity pdf, quickly fluctuates

Table 7.1: Swerling target models.

Swerling | and |l target models represent targets which consist of a large number of inde-
pendent scatterers, with no one scatterer contributing more than a small fraction of the total
backscattered energy. Swerling 111 and IV target models are indicative of scattering from one

large dominant scatterer together with a collection of small independent scatterers.

It has been suggested that if only one parameter is used to describe a complex target, it should
be the median value of the target amplitude returns, with Rayleigh statistics (i.e. Swerling |
and Il models) [7]. Furthermore, onceit has been decided to use a Rayleigh target model, quite
often the Swerling | model is used to assess radar performance in preference to the Swerling 11

model, sincethe Swerling | model resultsin a more conservative performance evaluation [7].

For the purposes of thisthesis, the signal to clutter ratio (SCR) is defined asin equation(7.6),
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2
clutter

O-Zi nal
SCR = 10log;, g (7.6)

where o2

signa

, isthevariance of thetarget signal, and o2 isthevariance of theclutter signal.

clutter

7.3 Detection techniques

7.3.1 Introduction

This section discusses the detection techniques used in this thesis. Firstly, detectors based on
linear and nonlinear predictors are discussed in section 7.3.2. Then, standard constant false
aarm rate (CFAR), and fixed threshold detectors are described in sections 7.3.3 and 7.3.4,
respectively.

7.3.2 Predictor-detectors

The incorporation of a (forward) predictor into a radar detector is now discussed. A block
diagram of a predictor-detector isgiven in Figure 7.2.

2u(n) e(n) 'Blnary Decision |
b1 if e(n) > v,
. ) then target present
Trained d
S~ K-step ahead e
predictor then NO target present

Figure 7.2: Predictor-detector. A K-step ahead predictor (linear, VSF, or NRBFN) is trained
as described in Chapter 4. Once trained, clutter samples which were not used to
train the predictorz ,(n) are presented to the predictor through a K-step delay.

The clutter data{«,(n)} could consist of clutter alone, or clutter plus target. To
determine if a target is present or not, the predictor eredr) is compared with

a threshold leveb;. If the predictor error is greater than the threshold a target
is declared to be present, and if it is less than the threshold level a target is not

declared to be present.

Note that, as depicted in Figure 7.2, detection analysisis carried out for a predictor-detector by

thresholding the predictor error samples, e(n). The concepts of section 7.2 can be extended to

158



Radar target detection

the predictor error samples. For example, if an error sample crosses the error threshold (which
thusresultsin the predictor-detector declaring atarget is present), but no target is present in the

sample being predicted, thisisknown as afase aarm.

For the analysis in this chapter, linear, VSF, and NRBFN predictors were used as predictor-
detectors. Note that for all the NRBFNP-detector simulations discussed in this chapter, the
RSC method was used to abtain centre positionsfor the NRBFNP, asthere wasfound to be very
little difference in the performance between the RSC and OAKM centre selection techniques,
as discussed in Chapters 4 and 5. The RSC method was preferred asit is computationally more
efficient. To obtain ROC plotsfor the predictor-detectors, the following approach was adopted.

Detection analysis using a predictor-detector:

¢ The predictor wastrained, as discussed in Chapter 4, using atraining data set, of length

Y samples. The predictor errors e(n) were collected during training.

¢ Thenext block of X samples, immediately following the training data set, were selected
as a non-training data set which was used for the detection analysis, and to produce
a ROC. The trained predictor was used on the non-training data set, and the predictor

errors were collected.
o A desired SCR was chosen.

¢ The selected SCR was used to generate X Rayleigh variates with the appropriate vari-
ance. Note that the same target data set was used in each predictor-detector (LP, VSFP,
NRBFNP) simulation, so that the performance of each predictor-detector could be com-
pared.

¢ Theabsolutevauesof theerrors(i.e. |e(n)|) collected during the training of the predictor
were used to determine a suitable range of values for the threshold level, over which to
carry out the detection analysis on the non-training data set. This was done as follows.
The number of different »; values to use was selected and this will be referred to as
Y'Y. The maximum and minimum absolute training error values were determined, and
these will be referred to as e, and e,,,;,, respectively. The range of v; values used was,
{emin, [emin + (=25575722) [ [emin + (VY = 1) (Smagpmin) [,

¢ A Swerling | target wasimplemented as follows. A Rayleigh target sample was sel ected,
from the X generated, as discussed above. Thiswas added to each non-training data set
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predictor error: in effect the Rayleigh sample was held constant for the duration of the

non-training data record, X .

o P;, estimates for a given v, value were obtained by dividing the number of times the
absolute predictor errors from the non-training data set crossed v, by the total number of

non-training data set predictor errors.

¢ P, estimates were obtained for a given v, value and target sample ¢(n) by dividing the
number of times a non-training absolute predictor error plustarget sample (i.e. |e(n)| 4+
t(n)) crossed v, by the total number of non-training predictor errors. To obtain an av-
erage P, estimate, for any »; setting, the P; estimates for each of the X different target

samples were averaged.

¢ Usingtheestimated P; and Py, values, aROC could be plotted for the predictor-detector.

7.3.3 Cell-averaging constant false alarm rate detector

A standard engineering approach to radar target detection is to design a detector which can
maintain a constant false alarm rate. These detectors are known as constant false alarm rate
(CFAR) detectors [6, 7,126, 129, 130]. Thisis a broad class of radar detector, with many vari-
ants[7,126,131, 132]. The simplest type of CFAR detector is the cell-averaging CFAR (CA-
CFAR) [7,126, 129, 130] detector. The CA-CFAR isdepicted in Figure 7.3.

o(n) Binary Decision \
~ "] Tappeddelay line if ec(n) > vy
then target present
z(n)| z(nt+l)| z(nt(N-1)) dse
‘ e0 000 ‘ then NO target present
z |

Figure 7.3: Cell-averaging CFAR. A sliding window of lengthis used to estimate the average
clutter valuez,,,,(n). To determine if a target is present in the test ciedl. (z (n +
N)), the test cell sample is compared with,, (n). If z(n + N) exceeds ., (n)
by greater tharv;, a target is declared to be present, and if it does not, a target is
declared to be not present.
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It can be seen from Figure 7.3, that a CA-CFAR isvery similar to an N -tap (1-step ahead) LP,
except that instead of obtaining a set of N-tap weights (for some desired cost function, e.g.
mean square error), the weights of the CA-CFAR are simply +-. The CA-CFAR can be thought

of asacrude LP.

More often than not, a CFAR will be designed with a tapped delay line either side of the test
cell. Thisdesignis very similar to the forward-backward predictors discussed in section 7.4.
For the purposes of thisthesis, a CA-CFAR with atapped delay line before the test cell will be
referred to as, simply, a CA-CFAR. A CA-CFAR with atapped delay line either side of the test
cell will be referred to as a forward-backward CA-CFAR (FB-CA-CFAR). The structure of a
FB-CA-CFAR isgivenin Figure 7.4.

z(n) Test cell
— 4 Tapped delay line z(nt+N) Tapped delay line
z(n)| z(nt+l)| z(n+(N-1)) z(n+(N+1)) z(n+(2N+1))
® 06000 ®® 0o 00

z | z |

1 1

| Binary Decision \
if ec(n) > vy
then target present

else
then NO target present

Z|
=
2
S
=
=
Z|

Figure 7.4: Forward-backward CA-CFAR. A sliding window of length (V either side of the
test cell) is used to estimate the average clutter valug,(n). To determine if a
target is present in the test cellé. =(n + N)), the test cell sample is compared
with 2,4 (n). If 2(n 4+ N) exceeds,,,(n) by greater tharnv,, a target is declared
to be present, and if it does not, a target is declared to be not present.

Guard cells[6] can be used between the test cell and the tapped delay lines (or CFAR window),

in case a target signa is spread across many samples, and is not local to just one sample.
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However, for the controlled detection analysisin thisthesis, this precaution was not required.

Notethat in asimilar fashion to the threshol ding techni que empl oyed for the predictor-detectors,
the absolute value of the test cell sample minusthe CFAR estimate of the average clutter value,
(i.e. |z(n+ N) — z4.4(n)]), was used to set the threshold of the CFAR detector. This absolute

value will bereferred to as e (n) hereafter.

To obtain ROC plotsfor the CA-CFAR and FB-CA-CFAR detectors which could be compared
with those for the predictor-detectors, the following approach was adopted.

Detection analysis using a CFAR detector:

¢ The sea clutter data was divided into the same training (of length Y samples) and non-

training (of length X samples) data sets, as for the predictor-detector simulations.

¢ For any given SCR, the target data generated for use by the predictor-detectors was used
by the CFAR detectors.

e Theec(n) values of the CFAR were collected during the processing of the training data
set through the CFAR. These values were used to determine a suitablerange of valuesfor
thethreshold level, over which to carry out the detection analysison the non-training data
set. Thiswas done as follows. The number of different v; valuesto use was selected, i.e.
Y'Y. The maximum and minimum training data set e (n) values were determined, and
these will be referred to as ecq aNd ecimin, respectively. The range of v; values used

Was, {€cmin, [€Cmin + (S9matzteming] | [ecmin + (YY — 1) (S9mag=tomm )|,

o P;, estimatesfor agiven v; value were obtained by dividing the number of timesae(n)
value from the non-training data set crossed v, by the total number of non-training data

set ec(n) values.

¢ P, estimates were obtained for a given v, value and target sample ¢(n) by dividing the
number of times a non-training e (n) value plus target sample (i.e. ec(n) + t(n)),
crossed v;, by the total number of non-training e (n) values. To obtain an average P
estimate, for any v; setting, the P; estimates for each of the X different target samples

were averaged.

¢ Using the estimated P; and Py, values, a ROC could be plotted for the CFAR detector,
which could be compared with the ROC's for the predictor-detectors.
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7.3.4 Fixed threshold detector

Another standard radar target detection techniqueis the fixed threshold detector. This detector
selects a value, usually chosen with knowledge of the clutter statistics involved, to obtain a
tolerable number of false darms. This threshold value is then fixed. Thistype of detector is
optimal in uncorrelated data [39]. However, in correlated clutter CFAR detectors can be used
to obtain better detection performance than afixed threshold detector [66].

To obtain ROC plotsfor afixed threshold detector which could be compared with those for the
predictor-detectors and CFAR detectors discussed above, the following approach was adopted.

Detection analysis using a fixed threshold detector:

¢ The sea clutter data was divided into the same training (of length Y samples) and non-
training (of length X samples) data sets, asfor the predictor-detector and CFAR detector

simulations.

¢ For any given SCR, the target data generated for use by the predictor-detectors was used
by the fixed threshold detector.

¢ Theclutter samples z(n) in the training data set were used to determine a suitable range
of valuesfor thethresholdlevel, over whichto carry out the detection analysison the non-
training data set. Thiswas done as follows. The number of different »; valuesto use was
selected, i.e. Y'Y. The maximum and minimum training data set valueswere determined,
and these will be referred to as x,,,.- and z.,,;,,, respectively. The range of v; values used

o P;, estimatesfor agiven v, valuewere obtained by dividing the number of timesaclutter
sample from the non-training data set crossed v;, by the total number of non-training data

set clutter samples.

¢ P, estimates were obtained for a given v, value and target sample ¢(n) by dividing the
number of times a non-training clutter sample plus target sample (i.e. z(n) + t(n)),
crossed v, by the total number of non-training clutter samples. To obtain an average Py
estimate, for any v; setting, the P; estimates for each of the X different target samples

were averaged.

¢ Using the estimated P; and Py, values, a ROC could be plotted for the fixed threshold
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detector, which could be compared with the ROC's for the predictor-detectors, and the
CFAR detectors.

7.4 Theimportanceof learning a signal’s underlying dynamicsfor

radar target detection

From the prediction results presented in Chapter 5, it was established that a LP could predict
the sea clutter data sets described in Appendix A, as well as, or better than, a NLP, in terms
of NMSE. Furthermore, there was no evidence found of underlying nonlinear dynamicsin the
clutter data sets, using recursive prediction. Where recursive prediction did work, for the Daw-
ber VV in-phase channel data set, the recursively predicted data had different properties to
those of the original data, see Chapter 5. Despitethislack of evidence of chaotic behaviour, an
interesting question was considered during the prediction analysis of the clutter data sets. The
questionisasfollows: is capturing asignal’ sunderlying dynamics (assuming it hasunderlying
dynamics) more important than NMSE, in terms of predictor-detector performance? In other
words, which would work better, a NLPD that consisted of a NLP that had been trained so
as to capture a chaotic signal’s underlying dynamics, or one that consisted of a NLP that had
been trained to perform better, in terms of NM SE, than the NLP that had learnt the underlying
dynamics. The answer to this question may seem intuitively obvious: surely the predictor that
could predict the clutter data with the smallest NM SE value would be better able to distinguish
between predictor error samples and predictor error plus target samples. However, it was de-
cided to investigate this more thoroughly using detection simulations. Thiswas done using a
signal known to be chaotic, and therefore known to have associated underlying dynamics. The
signal used was the noisy Lorenz data, described in section 4.7.3. This data consisted of the
noise-free Lorenz data described in section 4.7.1, with Gaussian white noise added to it. The
SNR was 25dB. The NRBFNP's used in section 4.7.4 for the prediction analysis of this data
were used for the detection analysisof the noisy Lorenz data. A NRBFNP-RSC with an embed-
ding dimension of 7, embedding delay of 3, 400 kernels, and atraining length of 2000 samples
had been successfully used to capture the underlying dynamics of the noisy Lorenz data, as
described in section 4.7.4. A NRBFNP-RSC with an embedding dimension of 7, an embedding
delay of 1, 400 kernels, and a training length of 2000 samples was not able to successfully
capture the underlying dynamics of the noisy L orenz data, but it did manage to perform dightly
better, in terms of NM SE, than the NRBFNP-RSC that had managed to capture the underlying
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dynamics, see Table 4.3.

Detection analysiswas carried out on the noisy Lorenz data, usinga Swerling | target, for SNR’s
(where the target isthe signal, and the noisy Lorenz data is the noise), of 0.2dB and 10dB. The
following detectors were used. In addition to the NRBFN predictor-detectors (which used the
NRBFNP-RSC'’s discussed above), a linear predictor-detector with 30 taps, a V SF predictor-
detector with an embedding dimension of 10 and embedding delay of 1 sample, a CA-CFAR
of size' 1, a FB-CA-CFAR of sizé® 1+1, and a fixed threshold detector were all used. The

following detection simulation parameters were common to all the detectors.

¢ Training data set length (Y"): 2000 samples.
¢ Non-training data set length (X'): 35,000 samples.
¢ Number of target ssmples (7 7): 35,000.

o Number of different »; values (YY'): 200

The detection results for the above simulationsare plotted in Figure 7.5. The ROC'sin Figures
7.5(a) and 7.5(c) show the full range of results obtained in the detection analysis of the noisy
Lorenz data. However, because only 35,000 noisy Lorenz samples were used, thereis an in-
herent limit to the range of Py, valuesthat can be investigated. Furthermore, with the range
investigated in Figures 7.5(a) and 7.5(c), there is a level of confidence associated with each
Py, estimate: for example, with the fixed threshold detector, and a non-training data set length
of 35,000 samples, a Py, of 2.857 x 107> was estimated using only 1 false alarm. Relying
on one occurrence of an event is not statistically sound. In the absence of more data®, a ROC
can be edited using a Py, threshold below the threshold, ROC results are thought of as being
unreliable, and are discarded, above the threshold the ROC results are thought of as being more
reliable than those results below the threshold, and these results are used in the edited ROC.
The P, threshold chosen for the work in this thesis was the P, associated with at least 100

falseaarms: i.e. Py, values estimated using less than 100 false alarms were regarded as being

Throughtrial and error, 1 wasfound to be the optimal length for the CA-CFAR

2j.e. 1 element in the forward section, and 1 element in the backward section. Aswith the CA-CFAR, this size
was found to be optimal.

3More noisy Lorenz data could be generated, however, datarecord length is a constraint for the seaclutter data
sets discussedin Appendix A, therefore the implications of such short data records are investigated at thisjuncture.
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unreliable. This choice was an arbitrary one. A higher value could be used to increase confid-
ence in the ROC results. Edited ROC resultsfor Figures 7.5(a) and 7.5(c) are given in Figures
7.5(b) and 7.5(d), respectively. For theresultsin Figure 7.5 a Py, threshold of 0.0029 was used.

10
10"
Fixed threshold
rrrrrr CA-CFAR
/ — — FB-CA-CFAR
I — LP
e \/SFP
! — — NRBFNP, embedding delay=3
- — - — NRBFNP, embedding delay=1
107 L - - c
10° 10" 10° 107 10
Pﬂa
(@
10 ;
Fixed threshold
—————— CA-CFAR
——- FB-CA-CFAR
— LP
e \/SFP
— —- NRBFNP. embedding delay=3
—-— NRBFNP, embedding delay=1
0
0° 10 e
10" L z - c
10" 10° 107 10 10
Pﬂa
(©)

0

10

0”10

10"

10

10

Fixed threshold

—————— CA-CFAR

—— FB-CA-CFAR

— P

wwernnes /SFP

—— NRBFNP, embedding delay=3
—-— NRBFNP, embedding delay=1

10"

‘
10 10

(b)

Fixed threshold

rrrrrr CA-CFAR

——- FB-CA-CFAR

— LP

e \/SFP

——- NRBFNP. embedding delay=3
—-— NRBFNP, embedding delay=1

10"

(d)

Figure 7.5: Detection analysis using noisy Lorenz data: (a) ROC for SNR=0.2dB, (b) edited
ROC for SNR=0.2dB, (c) ROC for SNR=10dB, and (d) edited ROC for SNR=10dB.

For the case of a SNR of 0.2dB, it can be seen that the NRBFNP-detector with an embed-
ding delay of 1 sample performed as well as, or better than, the NRBFNP-detector with an
embedding delay of 3 samples. In other words the NRBFNP-detector with the better NM SE
performed better than the NRBFNP-detector that was able to capture the underlying dynamics
of the noisy Lorenz data. From this evidence, given the choice between NM SE and capturing
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a signal’s underlying dynamics, in terms of detection performance, the predictor-detector with
the better NM SE should be selected. To further consider the importance of NMSE, it is neces-
sary to study the prediction performance of the predictor-detectors and CFAR detectors®* on the

training and non-training data sets, as given in Table 7.2.

Predictor Training NM SE [dB] | Non-training NM SE [dB]
NRBFNP, embedding delay=1 -23.63 -21.19
NRBFNP, embedding delay=3 -21.59 -18.70
VSFP -23.38 -21.79
LP -15.77 -15.52
FB-CA-CFAR -19.90 -19.92
CA-CFAR -11.02 -11.08

Table 7.2: Prediction NMSE performance for predictors on noisy Lorenz data.

The rule that a better (i.e. more negative) NM SE value makes for a better predictor-detector, or
CFAR detector, seems to apply in Figure 7.5(b), except for the case of the NRBFNP with an
embedding delay of 3 samples (i.e. the network that managed to capture the noisy Lorenz data's
underlying dynamics). ThisNRBFNP managed to achieve a better non-training data set NM SE
value than the LP, but for low P, values the NRBFNP-detector with an embedding delay of 3
samples performed more poorly than the L P-detector. The reason for the poorer performance
of the NRBFNP-detector, with an embedding delay of 3 samples, can be seen by considering
the predictor errors plotted in Figure 7.6.

The reason why the NRBFNP-detector with an embedding delay of 1 sample performed bet-
ter than the NRBFNP-detector with an embedding delay of 3 samples, and the L P-detector, is
because it produced smaller errors than the other predictor-detectors, which allowed better dis-
tinction between error plustarget samples and error only samplesto be made. The LP-detector
was able to perform better than the NRBFNP-detector with an embedding delay of 3 samples,
due to the same reason. Although the NRBFNP-detector with an embedding delay of 3 samples
had a better overallNM SE value, it contained many error samplesthat were larger than those of

the L P-detector, which resulted in poorer performance than the L P-detector, at low Py, values.

Before summarising the results for Figures 7.5(a) and 7.5(b), it should be pointed out that for

the case of a SNR=10dB, no discernible performance difference was observed between the

4 Asmentioned in section 7.3.3, aCFAR can be considered as a crude predictor, and consequently aNM SE figure
can beworked out for it, using the CFAR error values, ec(n), seesection 7.3.3.
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Figure 7.6: Predictor errors from the target detection analysis against a noisy Lorenz back-
ground: predictor errors for (a) a NRBFNP-detector with an embedding dimension
of 7 and an embedding delay of 1 sample, (b) a NRBFNP-detector with an embed-

ding dimension of 7 and an embedding delay of 3 samples, and (c) a LP-detector
with 30 taps.
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predictor-detectors and CFAR detectorsin the edited ROC of Figure 7.5(d).

To summarise the above results, for the case of training a NLP for use in a NLP-detector, it
would appear that the smallest NMSE criteria would be preferred to the criteria of training
a NLP to capture a signal’s underlying dynamics, given that the network that had learnt the
underlying dynamics had a poorer NM SE than the network which had not learnt the underly-
ing dynamics of the signal involved. However, as in the case of the NRBFNP-detector with
an embedding delay of 3 samples, using only NMSE alone as a guide to the performance of
a predictor-detector can be deceiving. It may be that in order to use NMSE as a guide to
a predictor-detector’s performance, only predictor-detectors using the same embedding delay
should be compared. However, as the sea clutter data sets in this thesis were not found to be

chaotic, or nonlinearly predictable (see Chapter 5), this matter was not pursued further.

7.5 Detection analysis against a sea clutter background

Detection analysis is now presented using the sea clutter data sets described in Appendix A.
In Chapter 5, the prediction analysis showed that each clutter data set had a linear predictor
function. Evidence was also presented which showed that a stochastic, compound Gaussian
(i.e. locally Rayleigh) model was an appropriate model for the clutter data sets analysed, and
that speckle (or Rayleigh) correlationswere the source of the linear predictability of the clutter
data sets. The implications of the prediction results presented in Chapter 5 are now discussed
by presenting detection results against a sea clutter background, using a correlated clutter data
set and an uncorrelated clutter data set. The correlated data set used wasthe 12ms~! gate 14
wavetank data set. The correlation properties of this data set are given in Figure 5.15(a). The
uncorrelated data set used for this detection analysiswasthe 4ms~! gate 15 wavetank data set.
The complex ACF for the coherent 4ms~! gate 15 wavetank data set is given in Figure 5.17.
The ACF of the amplitude signal of the 4ms~! gate 15 wavetank data set, is given in Figure
7.7.

Two different SCR’s were considered for thisanalysis, a small SCR of 0.2dB, and alarger one
of 10dB. Asin section 7.4, a Swerling | target was used. The wavetank clutter data sets each
only consisted of 30,000 samples, which has obvious constraints on the range of Py, values
that can be considered. Asdiscussed in section 7.4, there were concerns about the reliability of

ROC resultsfor small Py, values, and therefore, asin section 7.4, ROC editing was employed,
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Figure7.7: The ACF of the amplitude signal of the:s ! gate 15 wavetank data set.

using a Py, threshold. Results will be presented for both un-edited, and edited ROC'’s, but the
discussion of resultswill be limited to the (more reliable) edited ROC's.

7.5.1 Detection analysisusingthe amplitude 12ms~! gate 14 wavetank data set

Prediction analysis was reported in section 5.2, for the 12ms~! gate 14 wavetank data set.
Evidence was presented which suggested that this wavetank data set has a linear predictor
function. This evidence was gathered by comparing the performance of a NRBFNP with a
simple 10 tap L P: awide range of NRBFNP free parameters were used in this comparison. The
free parameters of the predictorsused in the predictor-detectors, for the detection analysisof the
amplitude 12ms~! gate 14 wavetank data set, were as follows. A LP with 20 taps, aNRBFNP
with an embedding dimension of 20, an embedding delay of 1 sample, and a VSFP with an
embedding dimension of 10, and an embedding delay of 1 sample. The following detection

simulation parameters were used for each detector.
¢ Training data set length (Y'): 4000 samples.
¢ Non-training data set length (X'): 26,000 samples.

¢ Number of target ssmples (7 7): 26,000.

o Number of different »; values (YY'): 200

The Py, threshold used to edit the ROC's for this analysis was 0.0038. NMSE values for the
predictor-detectors and CFAR detectors are given in Table 7.3.
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From the prediction results obtained using the non-training data set, listed in Table 7.3, it can be
seen that the LP performed better than the other predictors® listed. Using NMSE as a guide to
predi ctor-detector performance, it would be assumed that the L P-detector would perform better
than any of the other predictor-detectors or CFAR detectors. The LP-detector did perform, for
both small and large SCR values, better than any of the other detectors considered, see the
ROC'sin Figure 7.8.

As can be seen from Figure 7.8, the LP-detector performed better than the other predictor-
detectors, and better than the standard CFAR and fixed threshold detectors. The preferred
choice of detection strategy to deal with the correlated 12ms~! gate 14 wavetank clutter data
set would therefore be a L P-detector.

7.5.2 Detection analysisusing the amplitude 4ms—! gate 15 wavetank data set

The same predictor parameters, and detection simulation parameters, as used for the detection
analysis of the 12ms~! gate 14 wavetank data set, were used for the detection analysis of the
uncorrelated amplitude 4ms~! gate 15 wavetank data set.

The Py, threshold used to edit the ROC's for this analysis was 0.0038. NMSE values for the
predictor-detectors and CFAR detectors are given in Table 7.4. ROC results are presented in
Figure 7.9.

From Figure 7.9 it can be seen that for both cases of SCR there was no significant differencein
performance between the predictor-detectors and the CFAR detectors. Moreover, the predictor-
detectors and CFAR detectors performed dlightly better than the fixed threshold detector at high
Py, valuesfor a SCR of 0.2dB, and at low Py, valuesfor a SCR of 10dB. Based on the above
information the CA-CFAR detector would be the preferred choice of detection strategy, as it
performed as well as the FB-CA-CFAR and the predictor-detectors, and it is computationally
cheaper to implement. It should be noted that the reason why the complex ACF and amplitude
ACF plotsfor the 4ms~! gate 15 wavetank dataset, in Figures5.17 and 7.7, respectively, appear
to be uncorrelated, is due to the fact that the speckle, or Rayleigh, component of the clutter is
uncorrelated, assuming a compound Gaussian model isa suitable model for thisdata. However,
after analysing the data set, and assuming that, in particular, the compound K-distributionisan

appropriate model for this data, it was found that the gamma, or underlying, component of

5The CFAR detectors are considered as crude linear predictors, asaready mentioned in section 7.3.3.
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Predictor Training NM SE [dB] | Non-training NM SE [dB]
NRBFNP -10.800497 -7.510112
VSFP -13.506653 -9.142045
LP -12.686211 -14.919746
FB-CA-CFAR -7.304652 -8.160810
CA-CFAR -5.199399 -6.026072

Table 7.3: Prediction NMSE performance for predictors o2ms~! gate 14 wavetank data

set.
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Predictor Training NM SE [dB] | Non-training NM SE [dB]
NRBFNP -0.092089 0.112609
VSFP -0.345078 0.355768
LP 0.189906 0.212722
FB-CA-CFAR 0.088573 0.084429
CA-CFAR 0.212130 0.195670

Table 7.4: Prediction NMSE performance for predictors ¢ms ! gate 15 wavetank data set.
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the clutter was correlated with a correlation length of approximately 170 samples, see Figure
7.10. A fixed threshold detector is only optimal if both components of the compound model are
uncorrelated [39], and thisis the reason why the fixed threshold detector was not optimal for
detection against the 4ms ! gate 15 wavetank clutter data set.
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Figure 7.10: The ACF of the gamma component of thes~! gate 15 wavetank data set,
obtained using a sliding window of length 250 samples to obtain gamma sample
estimates, and then finding the ACF of these gamma samples.

7.6 Summary

Detection results were presented in this chapter which showed that capturing a chaotic signal’s
underlying dynamicsis not as important as obtaining the best possible NM SE value. However,
attention was also drawn to the fact that a predictor’s NM SE value should not be taken as the

absolute guide to how a predictor-detector will perform.

ROC resultswere presented for the detection of aSwerling | target against a correl ated wavetank
clutter data set background and an uncorrelated wavetank clutter data set background. These
results showed that for the correlated data, a LPD performed better than a NLPD, which sup-
portsthe fact that this data was shown to belinearly predictablein Chapter 5. Theresultsfor the
uncorrelated data showed that a CA-CFAR wasthe preferred detection strategy: the lack of any
speckle correlations resulted in poor LP performance (i.e. NM SE values of close to 0dB), and
as a conseguence the LPD was only able to perform as well as the simple CA-CFAR detector.
The CA-CFAR was able to exploit gamma component correlation properties, and it performed
better than afixed threshold detector.
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The above evidence suggests that, given the fact that a NMSE prediction analysis shows a
clutter data set to be linearly predictable, a LPD would be preferred to a NLPD. It may be
possiblethat a simple CA-CFAR performs aswell as, and is preferred to, aLPD, depending on

the correlation properties of the clutter data encountered.
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Chapter 8

Nonlinear cancellation of chaotic and
non-Gaussian interference processes

8.1 Introduction

In Chapters 5 and 6 results were presented which suggested that the clutter data sets described
in Appendix A have linear predictor functions. In Chapter 7 a detection analysis was carried
out which demonstrated that given data sets which are linearly predictable, a linear predictor-
detector would be preferred to, and would perform as well as or better than, a nonlinear
predictor-detector. Therefore, despite the encouraging results presented in [12, 15, 17], for the
application of nonlinear predictor networks to radar detection of targets against a sea clutter
background, it was found that the application of such networks for target detection against the
clutter data sets described in Appendix A was not justifiable. Furthermore, despite the evidence
in [9-21], to suggest that sea clutter is a chaotic process, evidence was presented in Chapter
5 which suggested that the clutter data sets described in Appendix A are best modelled as a

compound Gaussian stochastic process.

Despite the unsuccessful application of a nonlinear predictor network to maritime surveillance
radar target detection, another nonlinear signal processing technique was investigated, to de-
termine if it could be used to improve radar target detection against a sea clutter background.
The nonlinear approach in question was first proposed by Broomhead et al. [25] in 1996 to
cancel chaotic noise from signals of interest, and will be referred to as Broomhead's filtering
method. Broomhead' s filtering method is described in section 8.2, and included in this section
is the justification for applying the filtering method to non-Gaussian processes as well as to
chaotic processes. Thisis followed by an investigation into using Broomhead's filtering tech-
nique to cancel wideband chaotic noise from a sine wave signal of interest, in section 8.3. In
section 8.4 anovel approach to the bandstop linear filtering aspect of Broomhead' sfilter method
ispresented, for the cancellation of wideband chaotic noise from a narrowband Gaussian signal.

The application of Broomhead' sfilter method to cancelling clutter from a narrowband Gaussian
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target signal, using the novel bandstop linear filter method discussed in section 8.4, isdiscussed

in section 8.5. A chapter summary is presented in section 8.6.

8.2 Broomhead’sfiltering method

8.21 Diagram and explanation

A diagram of the filtering method proposed by Broomhead et al. [25] is given in Figure 8.1.
A block diagram of Broomhead's filtering method is shown in Figure 8.1(a), with a spectral
representation of the filtering operations employed in this filtering technique shown in Figure
8.1(b).

The input signal into the Broomhesad filter {6(n) } is the linear sum of a narrowband signal of
interest {¢(n)} and awideband noise process {z(n)}, i.e. b(n) = t(n) + x(n). Itis assumed
that the spectral properties (i.e. the band limits) of the signal of interest are known. In a radar
context, the noise process could be sea clutter, and the signal of interest could be reflections
from a ship or iceberg. A bandstop linear filter is used to remove the signal of interest from
the input signal {b(n)}. The nonlinear inverse network is used to reconstruct the noise pro-
cess {z(n)} from the output of the bandstop filter {b(n)}. The reconstructed noise process
{zr(n)} at the output of the nonlinear inverse can then be subtracted from the input signal
{b(n)} to obtain an estimate of the signal of interest {#(n)}.

Figure 8.1(b) depictsa case where the bandstopfilter is orthogonal to (i.e. completely removes)
the signal of interest, and where the nonlinear inverse manages to reconstruct, perfectly, the

noise process, so that the signal of interest may be obtained, exactly, with no errors.

8.2.2 Linear bandstop filter

The filtering method depicted in Figure 8.1, was originally intended for application to nonlin-
ear deterministic noise cancellation [25]. In such an application, the correct choice of bandstop
filter to useis very important. Essentially, the filter must remove the signal of interest (ideally
completely), and it must also preserve the dynamics of the chaotic noise, so that the nonlinear
inverse can properly reconstruct the chaotic process. A discussion on the selection of an ap-
propriate bandstop filter for this application is given in [4, 25], however the key points of this
discussion are now briefly summarised:
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Figure 8.1: Broomhead'’s filter method, (a) block diagram, (b) spectral representation of the
noise reconstruction process.
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Using ashort enough linear FIR filter preserves the dynamics of a chaotic signal.

If the order of alinear FIR filter is too high, the dynamics of a chaotic signal can be

changed.

The higher the order of abandstop FIR filter, the greater the attenuationisin the stopband.

An infinite impulse response (I1R) filter changes the dynamics of a chaotic signal, as it

has its own associated dynamics.

Clearly, to preserve the dynamics of a chaotic signal, a low order FIR would be preferred.
However, there is a tradeoff between signal suppression, and dynamics distortion: a short
enough filter may not change the dynamics of a chaotic process, but it may also not adequately
suppress the signal of interest. There isambiguity associated with what length of filter consti-
tutes one that is short enough, i.e. of low enough order, to not change the dynamics of a chaotic
process. There appears to be no clear cut answer to this question, other than to try a simple
trial and error approach, to find a suitable filter length which not only adequately suppresses

the signal of interest, but also does not change the dynamics of the noise process.

It should be pointed out that filtering of any kind will distort the dynamics of a chaotic process,
however, the aim is to limit this distortion as much as possible so that the nonlinear inverse
can produce a reasonable reconstruction of the original chaotic noise process {z(n)} from the

bandstop filtered chaotic process {6 (n)}.

Of course, for the application of interest for this thesis (i.e. maritime surveillance radar), the
noisé" process is sea clutter. The evidence presented in Chapter 5 of this thesis suggested that
the clutter data sets described in Appendix A are not chaotic, but rather, they are each better
modelled by a compound Gaussian process. However, as will be discussed in section 8.2.3, the
application of Broomhead's filter method to a broader class of non-Gaussian noise processes,
rather than just limit its application to situationswhen the noise process is chaotic, is perfectly
justifiable. 1n applying Broomhead's filter technique to cases when the noise process is not
chaotic, but isinstead a non-Gaussian stochastic process, it might be reasonable to assume that
a discussion of the preservation of a signal’s dynamicsisirrelevant to the choice of a suitable
bandstop filter. However, the distortion of a chaotic signal’s dynamics resulting from (linear)

filtering can be seen as a more general change in the nonlinear properties of the chaotic signal.

INot to be confused with thermal white noise.
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Furthermore, it is suggested that thisidea of distorting the nonlinear properties of a signal by
filtering can be extended to any non-chaotic noise process, which has nonlinear properties that
would alow Broomhead's filter method to perform better than a conventional linear approach.
In other words, it may be necessary to exercise the same caution in the selection of a suitable
bandstop filter for the application of Broomhead's filtering technique when the noise processis

described as anon-Gaussian stochastic process, asis required when the noise processischaotic.

8.23 Why anonlinear inverse as opposed to a linear inver se?

Linear filtering techniques are unable to relate noise components outside the (target signal)
band of interest, with those inside the band, if the noise process is not available both during
the training of the linear inverse, and also after training. In a situation where the noise process
is only available during training?, the best a linear inverse noise suppression approach can
achieve, isto remove all of the out-of-band noise, still leaving behind the in-band noise, and
therefore performing sub-optimally. The interest in using a nonlinear approach, isto try and
identify a suitable nonlinear relationship that would allow both the in-band and out-of-band
noise components to be suppressed, allowing a nonlinear approach to perform better than a

linear one.

Broomhead's filtering method has already been applied to the cancellation of chaotic noise
[4, 25]. Resultsfrom this previouswork are considered further in the following section, section
8.2.4. The application of interest for this thesis is maritime surveillance radar, where the noise
process (i.e. sea clutter) can be described as a non-Gaussian stochastic process. As already
mentioned in section 8.2.2, it is justifiable to apply Broomhead's filtering technique to the
broad class of non-Gaussian signals. The reason for thisis now given. If a process may be
described as a Gaussian stochastic process (correlated or uncorrelated), then al its frequency
components are independent, and no part of its spectrum is related to another part [133], and
it is therefore impossible to relate out-of-band noise to in-band noise, when the noise process
is not known a priori. However, for non-Gaussian stochastic signalsit may be possible that a
nonlinear approach could relate out-of-band noise to in-band noise, and could therefore be used

to eliminate in-band noise, and achieve better noise suppression than alinear approach.

2This is the case in maritime surveillance radar, where it is assumed sea clutter data can be collected without
any target signal present: for instance, the absence of atarget signal could be ensured by visually inspecting an area
closeto the radar.
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8.2.4 Previouswork

As aready mentioned, Broomhead et al. [25] applied Broomhead's filter technique to cancel
chaotic noise. In an experiment they carried out, involving a sine wave corrupted by chaotic
Ikeda [32, 134] noise, Broomhead et al. showed that a RBF nonlinear inverse was able to
obtain a reasonable performance when the noise process was not known beforehand (i.e. the
RBF inverse was trained using the noise corrupted signal of interest). They also described
the RBF inverse as “indispensable’, when the noise process was known beforehand (i.e. the
RBF inverse was trained using the noise process alone). No linear comparisonswere, however,

carried out in thiswork.

Strauch [4] carried out the same experiments as those carried out by Broomhead et al. [25], but
with linear comparisons. Strauch also proposed three modifications to Broomhead's filtering
technique. In the experiment with a sine wave corrupted by Ikeda noise, Strauch found that
when the noi se process was not known beforehand, there waslittle or no improvement obtained
by using a nonlinear inverse, with respect to using alinear inverse. Also, Strauch reported that
very little improvement was observed when the noise process was known beforehand. This
result issurprising, and it contradicts the “indispensable” verdict of a nonlinear inverse in such
a situation, made by Broomhead et al. [25].

8.2.5 Work discussed in this chapter

Due to the surprising result obtained by Strauch [4], for the case when the noise process was
known beforehand, it was decided to re-investigate one of Broomhead et al.’s[25] chaotic noise
cancellation experiments, using linear filtering comparisons. The experiment chosen was for
the case where the chaotic noise process was from the |keda map, and the signal of interest was
asimple sinusoid. The results of thisexperiment are given in section 8.3. The re-investigation
of thisexperiment lead onto a modified Broomhead filtering approach, which will be discussed
in section 8.4. The Broomhead filtering technique of section 8.4 was applied to the cancellation

of clutter, and results of thisanalysis are presented in section 8.5.
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8.3 Using a sinusoid corrupted by broadband | keda noiseto

investigate Broomhead’sfilter method

This experiment was carried out by Broomhead et al. [25], and by Strauch [4]. The reasonsfor

re-investigating this experiment were as follows:

¢ To thoroughly investigate if the disappointing results obtained by Strauch were correct.

¢ To consider what the effect of using different bandstop linear filters had on the dynamics,
or more generally, on the nonlinear properties, of a signal with known dynamics: the

Ikeda map.

8.3.1 Signal description

The signal of interest used for this experiment was a sine wave with an amplitude of 0.2, and a
normalised frequency f/ f of 0.28125. The chaotic broadband noise, that was used to corrupt
the sine wave, was generated from the complex Ikeda map. This signal will be referred to,

simply, as Ikeda noise. The complex Ikedamap is given in equation (8.1).

i(n+1) =14 p;i(n)exp [ai — %Z(nﬂ?] (8.1)

Thereal part of the complex Ikedamap, z(n) = R{i(n) }, wasused to generate the Ikedanoise.
In order to generate chaotic behaviour, the complex Ikeda map parameters were chosen to be
wi = 0.7, 0; = 0.4,and 3; = 6.0. The SNR using the sinewave signal of interest and the Ikeda

noise time series, described above, was -2.7dB.

The Ikeda noise attractor is plotted in Figure 8.2(a). The maximum likelihood correlation di-
mension for the Ikeda noise data was estimated, using 50,000 samples, to be 1.51. Using
Takens' embedding delay theorem, this would result in a suitable choice for embedding di-
mension Dy of the Ikeda noiseas Dr > 4.02. Abarbanel [32] used the global false nearest
neighbours method to demonstrate that an embedding dimension of 4, i.e. D = 4, wasable
to unfold the Ikeda attractor.

A PSD plot of the Ikeda noise corrupted sine wave is given in Figure 8.2(b).
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Figure 8.2: Plots of (a) the lkeda noise attractor, and (b) the PSD of sine wave corrupted by
Ikeda noise.

8.3.2 Bandpassfiltering: performance benchmark

Before applying Broomhead's nonlinear inverse filter method, as well as a linear inverse com-
parison, to the task of cancelling the Ikeda noise from the sine wave plus Ikeda noise signal, it
was decided to use a standard bandpass filter, to establish a performance benchmark by which
the nonlinear and linear inverse filter methods could be judged. Infinite impul se response (11R)
Butterworth bandpassfilters[127] were used for thistask.

The Ikedanoise corrupted sinewave, with aninput SNR of -2.7dB, wasapplied to 6, 12", and
18" order Butterworth bandpass filters. Each filter had a passband with a startband frequency
of f/fs = 0.28, and a stopband frequency of f/fs = 0.2825 The achieved output SNR for
each filter isgivenin Table 8.1.

Filter order | Input SNR [dB] | Output SNR [dB]
61" 2.7 233
12t -2.7 24.2
1817 2.7 24.5

Table 8.1: Ikeda noise suppression using IR Butterworth filters.

10,000 sampleswerefiltered to obtain the resultsin Table 8.1. Transients of length 600 samples,
1000 samples, and 1200 sampleswere removed for the 617, 12", and 18" order filters, respect-
ively. Figure 8.3, showsthe PSD plot of the output of the 18" order bandpassfilter.
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Figure 8.3: PSD of filtered sine wave corrupted by Ikeda noise data, usingg&horder But-
terworth IIR filter.

8.3.3 Broomhead’sfiltering method using a notch filter

Broomhead's filter method, Figure 8.1, was applied to the (Ikeda) noise corrupted sine wave
signal, described in section 8.3.1. A notch [135] filter was used as the bandstop linear filter
in Broomhead's filter method. A notch filter is a filter which is used to severely, or ideally,
completely, suppress a particular frequency, or anumber of particular frequencies. Thisis done
by the correct placement of complex conjugate zeros on the unit circle [135]. For example, to
suppress afrequency, say f/ fs, apair of complex conjugate zeros are placed on the unit circle
at an angle 27 f/ fs, i.e. zeros = exp[+j2n f/ f;]. Thetransfer function for a FIR notch filter
used to suppressthe frequency f/ fs, isgivenin equation (8.2),

H(z) = G(1—2cos(2n f/fs)2~ 4+ 27%) (8.2

where G isthe amplifying term, and for the work described in this section, was set to 1.0.

The work in this section describes the application of Broomhead's filter method to the Ikeda
noise corrupted sinewave, for two different scenarios. Thefirst scenario discussed iswhen only
the Ikeda noise corrupted sine wave was available to train the nonlinear inverse. The second
scenario discussed is when the Ikeda noise signal was available, separately, from the sinewave
signal of interest, and the nonlinear inverse was trained using the Ikeda noise data alone. For

both scenarios, a linear inverse comparison was used.
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Training the inverse with the signal of interest present

A NRBFN with an embedding dimension of 4 and a training length of 2500 samples was used
as the nonlinear inverse. To test the generalisation properties of the nonlinear inverse, testing
and validation data sets of length 2500 samples were used. The number of Gaussian kernels
used in the NRBFN was varied from 10 to 90 in steps of 10, and from 100 to 800, in steps
of 100. A linear comparison was used with a training length of 2500 samples. As with the
nonlinear inverse, testing and validation data sets of length 2500 samples were used to judge
the generalisation properties of the linear inverse. The number of tapsin the linear inverse was
varied from 100 to 800, in steps of 100.

The PSD and the attractor plot of the notch filtered noise corrupted sine wave signal are given

in Figure 8.4. As can be seen in Figure 8.4(a), the sine wave has been completely removed by
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Figure 8.4: Notch filtered Ikeda noise corrupted sine wave: (a) PSD estimated using 2048
samples, (b) attractor plot.

the notch filter.

The achieved output SNR’s for Broomhead's nonlinear inverse filter method, and for a linear
inverse filter are given in Figure 8.5. As can be seen from Figure 8.5, alinear inverse was able
to achieve a better output SNR than a nonlinear inverse was able to. However, both inverses
performed more poorly than the Butterworth filters mentioned in section 8.3.2. The evidencein
Figure 8.5 suggests that when the noise processis not known beforehand, and the inverse must

be trained on the noise corrupted signal of interest data, the problem is completely, or mostly,

185



Nonlinear cancellation of chaotic and non-Gaussian interference processes

Train

Train
—es Test
20 ¢ ——- Valid 1 20 ¢

. . . . . .
0 200 400 600 800 0 200 400 600 800
Number of kernels Number of taps

@ (b)

Figure 8.5: Output SNR's for (a) nonlinear inverse, (b) linear inverse.

linear and alinear inverse would be preferred to a nonlinear inverse. Also notefrom Figure 8.5,
that with increasing complexity the linear and nonlinear inverses achieve poorer output SNR's.

Thisisdueto thefact that in the training phase, with ever more complexity, the inverse over-fits
to the (noise plus signal of interest) training data, which resultsin the noise corrupted signal of

interest being completely cancelled, instead of only cancelling the noise. Due to the over-fitting
in the training phase, the generalisation properties of the inverse were poor, and resulted in poor
performance in the testing and validation phases. These claims are supported by considering
the NM SE results for the inverse networks, shown in Figure 8.6. The NM SE was evaluated as

follows,

Y
NMSE = 10log,, (% D (b(n) -2 R(n))z) (8.3)
T

n=1

where o7 is the variance of 5(n), the input to Broomhead's filter, z(n) is the reconstructed
(Ikeda) noise process, at the output of the inverse, and Y is the number of samples over which
the NMSE is evaluated. For the work in this chapter, Y samples were used in each phase:
training, testing, and validation.

The PSD of the recovered signal of interest, using a nonlinear inverse with an embedding di-

mension of 4, 100 kernelsand atraining length of 2500 samples, isshownin Figure8.7(a). The
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Figure 8.6: NMSE'’s for (a) nonlinear inverse, (b) linear inverse.

attractor of the reconstructed I keda noise, obtained using the same nonlinear inverse, is shown
in Figure 8.7(b). Theresultsin Figure 8.7 were obtained using the testing data set.

Comparing Figures 8.7(b) and 8.2(a) it can be seen that the reconstructed attractor resembles
the original attractor, but isstill quitedistorted: the presence of the sinewave during thetraining

of the nonlinear inverse hampered the reconstruction of the Ikeda noise.

An embedding dimension of 4 was selected for the nonlinear inverse, as this was the value
suggested in [32] for the embedding dimension required to unfold the Ikeda (noise) attractor.
Additionally, the minimum value of embedding dimension, estimated using the maximum like-
lihood correlation dimension (see section 8.3.1) was 4.02, which is very close to the value
suggested in [32]. However, atrial and error approach was also conducted, and Broomhead's
filter method was re-investigated using embedding dimensionsof 1,2,3,5,6,7,8,9, and 10 for the
nonlinear inverse. Asfor the case with an embedding dimension of 4, aNRBFN with atraining
length of 2500 samples was used, and the number of kernels was varied from 100 to 800 in
steps of 100. In general, the best non-training output SNR’s were achieved using 100 kernels,
and these SNR’s are tabulated for each case of embedding dimension in Table 8.2. For each
case of embedding dimension investigated, the nonlinear inverse performed more poorly than a
linear inverse with 100 taps, see Figure 8.5(b).

To investigate if perhaps the nonlinear inverse could perform better using fewer kernels, and a
shorter training length, Broomhead' sfilter method was re-investigated using a NRBFN with an
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Figure 8.7: Testing data set results for Broomhead's filter method, using a NRBFN inverse
with an embedding dimension of 4, 100 kernels, and a training length of 2500
samples: (a) PSD of the recovered signal of intefg$t)} and (b) the attractor
of the reconstructed lkeda noise data.

embedding dimension of 4, and 80 kernels. The training length was varied from 500 samples
to 2500 samples, in steps of 500 samples. The resultsfrom this experiment did not provide any
evidence to suggest that the NRBFN could perform better with fewer kernelsor shorter training
lengths, and moreover, the output SNR'’s achieved using training lengths of 500, 1000, 1500 and
2000 samples, from this experiment, were poorer than those achieved using a NRBFN inverse,
with an embedding dimension of 4, 100 kernels, and a training length of 2500 samples. The
output SNR achieved using a NRBFN inverse with 80 kernels and a training length of 2500
samples was better by 0.2dB than that achieved by the NRBFN inverse with an embedding

dimension of 4, 100 kernels, and atraining length of 2500 samples.

Training the inverse without the signal of interest present

Now results are presented for the scenario where there was access to the Ikeda noise process
alone, during thetraining of the inverse. In other wordsthe inverse wastrained using noise only

data, without the signal of interest present.

The initial nonlinear inverse experiment that was carried out for the case where the signal of
interest was present during the training of the inverse, was repeated without the signal present
during training: a NRBFN with an embedding dimension of 4, and a training length of 2500

samples was used. The linear comparison carried out for the case where the signal of interest
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N | Training O/P SNR [dB] | Testing O/P SNR [dB] | Validation O/P SNR [dB]
1 -0.3533379510 -0.4681553054 -0.404913140
2 7.4665958247 7.4058175531 7.0103707920
3 14.5318054824 14.4620872437 14.4178614522
4 14.7609502775 14.4826478768 14.5563336367
5 147450003202 14.6280824801 14.5742498827
6 14.9939765265 14.7885139129 14.7425518773
7 13.6287974063 13.7103427855 13.8108309824
8 13.5867909473 13.3334075391 13.3883669692
9 11.5073065062 11.2054245621 11.3985337263

10 10.3900814917 9.9181099523 9.9977550096

Table 8.2: Output SNR'’s for Broomhead's filter method, using NRBFN nonlinear inverses with
100 kernels, and a training length of 2500 samples, for various embedding dimen-

sion, NV, values.

was present during the training of the linear inverse, was repeated without the signal present

during training.

The achieved output SNR’s for Broomhead's nonlinear inverse filter method, and for the linear

inverse filter comparison are given in Figure 8.8.
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Figure 8.8: Output SNR'’s for (a) nonlinear inverse, (b) linear inverse.

As can be seen by comparing Figures 8.8 and 8.5, both the nonlinear and linear inverse tech-

nigques performed much better when the signal of interest was not present during the training

of the inverse than when it was. With a high enough number of taps, the linear inverse man-

aged to achieve an output SNR (approximately 24dB) comparable with that obtained by the
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Figure 8.9: NMSE'’s for (a) nonlinear inverse, (b) linear inverse.

IIR Butterworth filters, which were discussed in section 8.3.2. The nonlinear inverse managed
to achieve even better output SNR's than this, reaching a value of approximately 43dB with
800 kernels. The nonlinear inverse was ableto perform better than the bandpass filters because

it reduced noise that was not suppressed in the [IR Butterworth filter passband, which was
f/fs =028 — f/f, = 0.2825.

Figure 8.9 shows the NM SE results for the nonlinear and linear inverses. It can be seen that
the nonlinear and linear inverses performed very similarly on the testing and validation data
sets. However, the performance of the nonlinear inverse on the training data was substantially
better than that of the linear inverse. Thistraining phase performance difference correspondsto
a better reconstruction of the Ikeda noise process, and to better testing data set and validation
data set output SNR’s.

The PSD of the recovered signal of interest, using a nonlinear inverse with an embedding di-
mension of 4, 800 kernels, and a training length of 2500 samples is shown in Figure 8.10(a).
The attractor of the reconstructed Ikeda noise obtained using the same nonlinear inverse is
shown in Figure 8.10(b). Theresultsin Figure 8.10 were obtained using the testing data set.

Comparing Figures 8.10(b) and 8.2(a) it can be seen that the reconstructed attractor isindistin-
guishable from the original attractor. Despite the additional twists and turns, or distortions, of
the notch filtered attractor shownin Figure 8.4(b), with respect to the original attractor shownin
Figure 8.2(a), the nonlinear inverse was able to accurately reconstruct the |keda noise process.

In other words, the notch filter was able to sufficiently suppress the signal of interest, without
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Figure 8.10: Testing data set results for Broomhead's filter method, using a NRBFN inverse
with an embedding dimension of 4, 800 kernels, and a training length of 2500

samples: (a) PSD of the recovered signal of intefg$t) } and (b) the attractor
of the reconstructed lkeda noise data.

changing the dynamics, or nonlinear properties, of the Ikeda noise process too much, to allow

the nonlinear inverse to accurately reconstruct the | keda noise process.

The encouraging performance of the nonlinear inverse which was trained without the signal of
interest present, isin marked contrast to the resultsreported by Strauch [4], for thisexperiment.
Strauch found that there was little improvement (of the order of 1dB) to be gained by training
the nonlinear inverse without the signal of interest present, with respect to when it was trained
with the signal of interest present. Furthermore, Strauch reported even poorer performance of
the nonlinear inverse when trained with the signal of interest present, than has been reported
herein. Strauch reported output SNR’sof around 7.5dB for the nonlinear inverses he considered,
when the signal of interest was present during training. The encouraging performance of the
nonlinear inverse, reported in thisthesis, which wastrained without the signal of interest present
agrees with the comment made by Broomhead et al. [25], that when a chaotic noise processis

known a priori aRBFN inverse is*indispensable”.

It should be pointed out that, for this simple experiment (using a sine wave as the signal of
interest), given enough complexity and/or along enough training length, a linear inverse should
in theory be able to suppressthe out-of-band noise aswell asthe NRBFN inverse, and therefore
perform as well as the NRBFN inverse. However, given the same number of kernelsin a

NRBFN inverse astapsin alinear inverse, as well asthe same training length for each inverse,

191



Nonlinear cancellation of chaotic and non-Gaussian interference processes

it was observed that a NRBFN inverse could perform substantially better than a linear inverse.

8.3.4 Broomhead'sfiltering method using a bandstop linear IIR filter

A 6'" order bandstop I1R Butterworth filter, with astopband of f/f, = 0.28t0 f/ f, = 0.2825,
was used as the linear bandstop filter in Broomhead's filter method.

The PSD and the attractor plot of the lIR filtered noise corrupted sine wave signal, are givenin
Figure 8.11.
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Figure 8.11: lIR filtered lkeda noise corrupted sine wave, (a) PSD estimated using 2048
samples, (b) attractor plot.

The removal of the sine wave by the IIR bandstop filter is evident from Figure 8.11(a). The
filtered attractor in Figure 8.11(b) bears some resemblance to the original attractor in Figure
8.2(a), but is heavily distorted, or blurred.

Training the inverse with the signal of interest present

A NRBFN with an embedding dimension of 4 and a training length of 2500 samples was used
as the nonlinear inverse. To test the generalisation properties of the nonlinear inverse, testing
and validation data sets of length 2500 samples were used. The number of Gaussian kernels
used in the NRBFN was varied from 10 to 90, in steps of 10, and from 100 to 800, in steps
of 100. A linear comparison was used with a training length of 2500 samples. As with the
nonlinear inverse, testing and validation data sets of length 2500 samples were used to judge

the generalisation properties of the linear inverse. The number of tapsin the linear inverse was
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varied from 100 to 800, in steps of 100.

The achieved output SNR’s for Broomhead's nonlinear inverse filter method, and for a linear

inverse comparison are given in Figure 8.12.
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Figure 8.12: Output SNR’s for (a) nonlinear inverse, and (b) linear inverse.

Ascan be seen from Figure 8.12, thelinear inverse was able to perform better than the nonlinear
inverse. However, both inverses performed more poorly than the Butterworth filters mentioned
in section 8.3.2. The evidencein Figure 8.12 suggests that when the noise processis not known
a priori, and the inverse must be trained on the noise corrupted signal of interest data, the
problem is completely, or mostly linear, and alinear inverse would be preferred to a nonlinear
inverse. Also note from Figure 8.12, that with increasing complexity the linear and nonlinear
inverses achieve poorer output SNR'’s. Thisisdueto thefact that in thetraining phase, with ever
more complexity, the inverse over-fits to the training data, which results in the noise corrupted
signal of interest being cancelled, instead of only cancelling the noise. The NMSE results
corresponding to the SNR resultsin Figure 8.12 are given in Figure 8.13.

Note that the results in Figures 8.12 and 8.13, are comparable with, but slightly poorer than
those shown in Figures 8.5 and 8.6, for the notch bandstop linear filter case. It is suggested that
the poorer performance of the inverses on the IR filtered data could be due, at least in part, to
the distortions, or blurring, introduced by the IR filter, which were briefly discussed above.

The PSD of the recovered signal of interest, using a nonlinear inverse with an embedding di-

mension of 4, 100 kernels and a training length of 2500 samples, is shown in Figure 8.14(a).
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Figure 8.13: NMSE'’s for (a) nonlinear inverse, (b) linear inverse.

The attractor of the reconstructed Ikeda noise obtained using the same nonlinear inverse is
shown in Figure 8.14(b). Theresultsin Figure 8.14 were obtained using the testing data set.

The reconstructed attractor of Figure 8.14(b) resembles a blurred version of the reconstructed
attractor given in Figure 8.7(b), which was obtained for the notch bandstop filter case, where

the signal of interest was present during the training of the inverse.

Training the inverse without the signal of interest present

A NRBFN with an embedding dimension of 4 and a training length of 2500 samples was used
as the nonlinear inverse. To test the generalisation properties of the nonlinear inverse, testing
and validation data sets of length 2500 samples were used. The number of Gaussian kernels
used in the NRBFN was varied from 100 to 800, in steps of 100. A linear comparison was used
with a training length of 2500 samples. As with the nonlinear inverse, testing and validation
data sets of length 2500 samples were used to judge the generalisation properties of the linear

inverse. The number of tapsin the linear inverse was varied from 100 to 800, in steps of 100.

The achieved output SNR’s for Broomhead's nonlinear inverse filter method, and for a linear
inverse filter are given in Figure 8.15. As can be seen from Figure 8.15, the performance of the
nonlinear and linear inverses was better than for the case where the signal of interest was present
during training. However, the performance was still below that of the IR Butterworth bandpass
filters, discussed in section 8.3.2. Furthermore, the performance of the nonlinear inverse was

substantially poorer than that of the nonlinear inverse which was trained without the signal of
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Figure 8.14: Testing data set results for Broomhead's filter method, using a NRBFN inverse
with an embedding dimension of 4, 100 kernels, and a training length of 2500

samples: (a) PSD of the recovered signal of intefg$t) } and (b) the attractor
of the reconstructed lkeda noise data.

interest present when a notch filter was used to remove the signal of interest, see Figure 8.8(a).

The NMSE's corresponding to the SNR’s of Figure 8.15 are givenin Figure 8.16.

The PSD of the recovered signal of interest, using a nonlinear inverse with an embedding di-
mension of 4, 800 kernels and a training length of 2500 samples, is shown in Figure 8.17(a).
The attractor of the reconstructed Ikeda noise obtained using the same nonlinear inverse is
shownin Figure 8.17(b). Theresultsin Figure 8.17 were obtained using the testing data set.

The reconstructed attractor of Figure 8.17(b) resembles a blurred version of the reconstructed
attractor given in Figure 8.10(b), which was obtained for the notch bandstop filter case, where

the signal of interest was not present during the training of the inverse.

8.3.5 Broomhead’'sfiltering method using a bandstop FIR filter

Broomhead's filter method was applied to the sine wave in Ikeda noise problem, using a (non-
notch) conventional linear FIR bandstop filter [127]. This was done to investigate if such a
filter could be used to preserve the dynamics (or more generally the nonlinear properties) of
the Ikeda noise process. As mentioned in section 8.2.2, there is a recognised trade-off between
preservation of dynamics and signal suppression, in terms of choosing a suitable filter length,

or order. For thisreason two different lengths of bandstop FIR filter were used. FIR filterswith

195



Nonlinear cancellation of chaotic and non-Gaussian interference processes

SNR [dB]

NMSE [dB]

25 25
—— Test
e = ——- Valid
20 - - 20 - ,
-
15 - 1 15 - 1
o
B
10 + 1 g 10 -
z
n
5r 1 5r 1
or —— Test ] or ]
——- Valid
_5 . . . _5 . . .
0 200 400 600 800 0 200 400 600 800
Number of kernels Number of taps
@) (b)
Figure 8.15: Output SNR’s for (a) nonlinear inverse, (b) linear inverse.
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Figure 8.16: NMSE'’s for (a) nonlinear inverse, (b) linear inverse.
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Figure 8.17: Testing data set results for Broomhead's filter method, using a NRBFN inverse
with an embedding dimension of 4, 800 kernels, and a training length of 2500
samples: (a) PSD of the recovered signal of intefg$t) } and (b) the attractor
of the reconstructed lkeda noise data.

25 taps, and 193 taps were considered. Moreover, in general, the signal of interest is likely to
be more complicated than a simple sinusoid, and would occupy a larger bandwidth. Therefore,
to get an ideaof how FIR filterswould alter the nonlinear propertiesof asignal, when the signal
of interest occupied a narrow frequency band (rather than just one frequency which isthe case
for a sinusoid), the FIR filters were chosen to suppress a frequency band of f/f; = 0.26, up
to f/f; = 0.30. PSD and attractor plots are given in Figure 8.18, of the bandstop FIR filtered
data. As can be seen in Figure 8.18, both of the FIR filters failed to completely suppress the
signal of interest. The attractor plots of the filtered data are very distorted, and blurred, with
respect to the attractor of the original Ikeda noise attractor, see Figure 8.2(a).

The nonlinear and linear experiments carried out for the notch and IR bandstop filters, in
sections 8.3.3 and 8.3.4, respectively, were repeated for both the 25 tap FIR bandstop filter, and
for the 193 tap FIR bandstop filter. A NRBFN with an embedding dimension of 4 and atraining
length of 2500 sampleswas used asthe nonlinear inverse. The number of Gaussian kernelsused
inthe NRBFN was varied from 100 to 800, in steps of 100. A linear comparison was used with
atraining length of 2500 samples. The number of tapsin the linear inverse was varied from 100
to 800, in steps of 100. Asin sections 8.3.3 and 8.3.4, the training of the nonlinear and linear
inverses was considered for the case when the signal of interest was present during training,

and for the case when it was not. For both cases it was found that the nonlinear and linear
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Figure 8.18: PSD and attractor plots for FIR filtered sine plus Ikeda data: (a) PSD and (b)
attractor plots for data filtered using 25 tap FIR, (¢) PSD and (d) attractor plots
for data filtered using 193 tap FIR.
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inverses performed very poorly, producing very little improvement in the SNR, or even worse,

degrading the SNR. SNR results are presented for the case where the signal of interest was

present during training of the inversesin Figure 8.19, and in Figure 8.20 for the case where the

signal of interest was not present during the training of the inverses. The poor performance of
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Figure 8.19: SNR’s for nonlinear and linear inverses with the signal of interest present during
training, using FIR filter lengths of 25 and 193 taps: (a) nonlinear inverse and
(b) linear inverse using an FIR with 25 taps, (c) nonlinear inverse and (d) linear
inverse using an FIR with 193 taps.

the nonlinear and linear inverses was attributed to both the blurring of the attractor caused by

the FIR filters, and aso to the bandstop filters’ incomplete removal of the sine wave signal of

interest.
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Figure 8.20: SNR'’s for nonlinear and linear inverses without the signal of interest present dur-
ing training, using FIR filter lengths of 25 and 193 taps: (a) nonlinear inverse
and (b) linear inverse using an FIR with 25 taps, (c) nonlinear inverse and (d)
linear inverse using an FIR with 193 taps.
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8.4 Broomhead'sfilter method with a novel linear bandstop

filtering approach

8.4.1 Introduction

From the results in section 8.3, it would appear that the only scenario where Broomhead's
nonlinear inversefiltering method would be preferred to aconventional linear alternative, would
be when the signal of interest could be suppressed by a notch filter, and the noise process was
known a priori, so that it could be used to train the nonlinear inverse. In section 8.3.3 it was
demonstrated that a notch filter was able to both suppress the signal of interest, and preserve
the dynamics of the Ikeda noise process, which allowed a nonlinear inverse to outperform
both a linear inverse, and a linear Butterworth IR bandpass filter. However, in general, the
signal of interest will not be a simple sinusoid, and there would be a need to knock out several

frequencies, not just one.

The novel linear bandstop filtering approach, examined in sections 8.4.3 and 8.4.4, isto use a
filter with several notches(i.e. severa zeroson theunit circle), which sufficiently suppressesthe
signal of interest, but also preserves the dynamics, or nonlinear properties, of the noise process
concerned. To consider whether or not thisis a practical idea, Gaussian narrowband signals
were added to the Ikeda noise process discussed in section 8.3.1. The narrowband signals are
discussed in section 8.4.2, and the results are reported for 2 SNR cases, 8.5dB and -8.5dB, in
sections 8.4.3 and 8.4.4.

8.4.2 Narrowband signals

The narrowband signals were generated by filtering Gaussian white noise with an IR Butter-
worth bandpass filter. Table 8.3 gives the parameters of the filtered Gaussian noise processes,
along with the lIR filter parameters used to obtain the narrowband Gaussian signals. The (nar-

rowband signal to Ikedanoise) SNR is aso given.

Gaussian | Gaussian | IR filter IR filter SNR [dB]
variance mean order passband
5 0 6" f/fs=026— f/f, = 0.285 85
0.1 0 61" f/fs=026— f/f, =0.285 -85

Table 8.3: Generation of the Gaussian narrowband signals of interest.
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8.4.3 Experiment 1: an input SNR of 8.5dB

A benchmark performance measure for the linear and nonlinear inverses was established using
an |IR Butterworth bandpass filter. It was found that using 6% and 4'* order filters altered the
narrowband signal of interest, therefore a 2" order filter was used. A trial and error approach
was adopted to find a passband range that did not affect the narrowband signal of interest. A
passband of f/fs = 0.22 tof/fs = 0.34 was found to both not affect the signal of interest,
and to dightly improve the SNR. The output SNR using this Butterworth bandpass filter was
11.4dB. The PSD of the Gaussian narrowband signal corrupted by Ikedanoiseisgivenin Figure
8.21(a). The PSD of the bandpass filtered Gaussian narrowband signal corrupted by Ikeda

noise, isgivenin Figure 8.21(b).
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Figure 8.21: PSD of (a) Gaussian narrowband signal corrupted by Ikeda noise, and (b) PSD
of bandpass filtered narrowband signal corrupted by lkeda noise.

To suppress the narrowband signal three single notch filters were used in cascade®. The gain
G of each filter was 1.0, and the notches were placed at the following frequencies, f/f; =
0.265, f/fs = 0.275, f/ fs = 0.285. The PSD and attractor plots of the notch filtered data are
givenin Figure 8.22.

Note the similarity (despite afew additional twistsand turns) between the filtered attractor plot
of Figure 8.22(b), and thefiltered attractor plot of the single notch filtered data, givenin Figure
8.4(b).

3A singlefilter with three notches could equally have been used.
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Figure 8.22: PSD of (a) notch filtered data, and (b) the attractor of the notch filtered data.

A NRBFN with an embedding dimension of 4 and a training length of 2500 samples was used
as the nonlinear inverse in Broomhead's filter method. To test the generalisation properties
of the nonlinear inverse, testing and validation data sets of length 2500 samples were used.
The number of Gaussian kernels used in the NRBFN was varied from 100 to 800, in steps
of 100. A linear comparison was used, with a training length of 2500 samples. As with the
nonlinear inverse, testing and validation data sets of length 2500 samples were used to judge
the generalisation properties of the linear inverse. The number of tapswas varied from 10 to 90
taps, in steps of 10, and from 100 to 800 tapsin steps of 100. The training of the nonlinear and
linear inverses was done, for al simulations, using noise only data (i.e. not the noise corrupted
signal of interest). The output SNR results obtained by the nonlinear and linear inverses are

shownin Figure 8.23.

As can be seen from Figure 8.23, both the linear and nonlinear inverses managed to achieve a
better output SNR than the linear 2¢ order Butterworth bandpass filter. The nonlinear inverse

achieved better output SNR valuesthan the linear inverse.

The attractor of the reconstructed | keda noise process, and a plot of the output of Broomhead's
filter method, for the testing data set are given in Figure 8.24.

As can be seen from Figure 8.24(a), the reconstructed attractor resembles the attractor of the

original I1keda noise process, see Figure 8.2(a), despite discernible distortions, or blurring.
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Figure 8.23: Output SNR's for (a) the nonlinear inverse, and (b) a linear inverse comparison.
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Figure 8.24: Testing data set results obtained using Broomhead’s (nonlinear inverse) filter
method, for the case when 500 kernels were used: (a) the reconstructed lkeda
noise attractor, and (b) a plot of the Broomhead filter output versus the signal of
interest.
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8.4.4 Experiment 2: an input SNR of -8.5dB

A benchmark performance measure for the linear and nonlinear inverses was established using
an || R Butterworth bandpassfilter. A 6! order filter withapassbandof f/f, = 0.258tof/ f, =
0.287 was used. The output SNR using this Butterworth bandpass filter was -1dB. The PSD
of the Gaussian narrowband signal corrupted by Ikeda noise is given in Figure 8.25(a). The
PSD of the bandpass filtered Gaussian narrowband signal corrupted by Ikeda noise, isgivenin
Figure 8.25(b).
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Figure 8.25: PSD of (a) Gaussian narrowband signal corrupted by Ikeda noise, and (b) PSD
of bandpass filtered narrowband signal.

To suppress the narrowband signal three single notch filters were used in cascade. The gain
G of each filter was 1.0, and the notches were placed at the following frequencies, f/f; =
0.265, f/fs = 0.275, f/ fs = 0.285. The PSD and attractor plots of the notch filtered data are
givenin Figure 8.26.

A NRBFN with an embedding dimension of 4 and a training length of 2500 samples was used
as the nonlinear inverse in Broomhead's filter method. To test the generalisation properties
of the nonlinear inverse, testing and validation data sets of length 2500 samples were used.
The number of Gaussian kernels used in the NRBFN was varied from 100 to 800, in steps
of 100. A linear comparison was used, with a training length of 2500 samples. As with the
nonlinear inverse, testing and validation data sets of length 2500 samples were used to judge
the generalisation properties of the linear inverse. The number of tapswas varied from 10 to 90

taps, in steps of 10, and from 100 to 800 tapsin steps of 100. The training of the nonlinear and
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Figure 8.26: PSD of (a) notch filtered data, and (b) the attractor of the notch filtered data.

linear inverses was done, for al simulations, using noise only data (i.e. not the noise corrupted

signal of interest).

The output SNR results obtained by the nonlinear and linear inverses are shown in Figure 8.27.
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Figure 8.27: Output SNR's for (a) the nonlinear inverse, and (b) a linear inverse comparison.

As can be seen from Figure 8.27, both the linear and nonlinear inverses managed to achieve a
better output SNR than the linear 6" order Butterworth bandpass filter. The nonlinear inverse
achieved better output SNR values than the linear inverse. Note that a ssimilar improvement
in SNR was obtained using the nonlinear inverse for this experiment, as was obtained using a

nonlinear inverse in experiment 1: the best improvement in SNR was, approximately, 18dB in
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both cases. The attractor of the reconstructed I keda noise process, and a plot of the output of
Broomhead'sfilter method, for the testing data set are given in Figure 8.28.
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Figure 8.28: Testing data set results obtained using Broomhead’s (nonlinear inverse) filter
method, for the case when 600 kernels were used: (a) the reconstructed lkeda
noise attractor, and (b) a plot of the Broomhead filter output versus the signal of
interest.

As can be seen from Figure 8.28(a), the reconstructed attractor resembles the attractor of the

original I1keda noise process, see Figure 8.2(a), despite discernible distortions, or blurring.

8.4.5 Usingalinear IIR bandstop filter

The Broomhead filter method, with an IR bandstop filter, was used as a comparison with
Broomhead's filter method which used the cascade of notch filters, to cancel the Gaussian
narrowband signals of interest. The nonlinear and linear inverse experiments carried out in
sections 8.4.3 and 8.4.4, were repeated using an IR bandstop filter, instead of a cascade of
notch filters. A 6! order Butterworth bandstop filter, with a stopband from f/f, = 0.258 to
f/fs = 0.287 was used. The results for the nonlinear and linear inverses are given in Figure
8.29 for an input SNR of 8.5dB, and in Figure 8.30 for an input SNR of -8.5dB. As can be
seen from Figures 8.29 and 8.30, the Broomhead filter results obtained using an IR bandstop
filter were poorer than when a cascade of notch filters was used. Thisis because the lIR filter
distorted the dynamics of the Ikeda noise process more than the cascade of notch filters did.
This subject has aready been discussed in section 8.3.
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Figure 8.29: Output SNR’s for (a) the nonlinear inverse, and (b) a linear inverse comparison,
for an input SNR of 8.5dB.
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Figure 8.30: Output SNR’s for (a) the nonlinear inverse, and (b) a linear inverse comparison,
for an input SNR of -8.5dB.
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8.5 Broomhead'’s filter method applied to the cancellation of sea

clutter

8.5.1 Introduction

The results of section 8.4, demonstrate that the novel bandstop linear filtering approach, of
using a number of notchesto suppress a narrowband signal, can lead to performance improve-
ments, relative to linear alternatives, when incorporated into Broomhead's nonlinear inverse
filter method. With these promising results in mind, the approach was applied to the cancella
tion of sea clutter. The mativation behind using this approach was, that if Broomhead's filter
method could be used to improve the signal to clutter ratio, then this could be trandated into a

detection performance improvement.

To consider the cancellation of sea clutter using Broomhead's filter method, two sea clutter
data sets were picked. An example from the wavetank data sets was chosen: the 12ms~!
gate 14 amplitude data set. A Dawber data set was also used: the amplitude VV data set.
Considering the PSD of these two signals, it was decided to use narrowband signalswith a start
band frequency of f/f; = 0.0. See Figures 8.31, and 6.1(a) for PSD plots for the wavetank
gate 14 and Dawber VV amplitude data sets, respectively.
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Figure8.31: PSD of12ms~! gate 14 wavetank amplitude data set.

A description of the narrowband signals, used for the investigation into the cancellation of
the two sea clutter data sets mentioned above, is given in section 8.5.2. The results for the
cancellation of the wavetank data set are given in section 8.5.3. The resultsfor the cancellation

of the Dawber VV data set are given in section 8.5.4.
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8.5.2 Narrowband signals

The narrowband signals were generated by filtering Gaussian white noise with an IR Butter-
worth lowpass filter. Table 8.4 gives the narrowband Gaussian signal generation parameters
and resulting SCR’s for the cancellation of the wavetank data set experiment. Table 8.5 shows
the narrowband signal generation parameters and resulting SCR’s for the cancellation of the

Dawber data set experiment.

Gaussian | Gaussian | IR filter IR filter SCR [dB]
variance mean order passband
10,000 0 6" f/f=0.0— f/f, =0.025 7.3
1000 0 6" f/fs=0.0— f/f, =0.025 2.7

Table 8.4: Generation of the Gaussian narrowband signals of interest for the cancellation of
the12ms~! gate 14 amplitude data set .

Gaussian | Gaussian | IR filter IR filter SCR [dB]
variance mean order passband
0.001 0 61" f/f,=00— f/f,=0.025 79
0.0001 0 61" f/f,=00— f/f,=0.025 21

Table 8.5: Generation of the Gaussian narrowband signals of interest for the cancellation of
the Dawber VV amplitude data set .

8.5.3 Cancdlation of thewavetank data set

The following simulation parameters were used to cancel the narrowband signals of interest
given in Table 8.4, for both the nonlinear and linear inverses. Three single notch filters were
used in cascade. Thegain G of each filter was 1.0, and the notches were placed at the following
frequencies, f/f, = 0.005, f/f; = 0.015,and f/f, = 0.025. A NRBFN was used as the
nonlinear inverse in Broomhead's filter method. Embedding dimensions of 4 to 20 in steps of
1, and of 30, 40, and 50 were used. For each embedding dimension, the number of kernels
was varied from 100 to 800 in steps of 100. The training length for each simulation was 2500
samples. A 10 tap linear inverse comparison was used. The training of the nonlinear and linear
inverses was done, for all simulations, using clutter only data (i.e. not the clutter corrupted
signal of interest). Testing data set results for the linear and nonlinear inverses are given in
Figure 8.32.
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Figure 8.32: Output SCR’s for the nonlinear and linear inverses for (a) an input SCR of 7.3dB,
and (b) an input SCR of -2.7dB.

As can be seen from Figures 8.32(a) and 8.32(b), for all the NRBFN inverses considered, the
10 tap linear inverse performed as well as or better than each NRBFN inverse. This provides
convincing evidence that Broomhead's nonlinear inverse filter method cannot be used to im-
prove the output SCR, with respect to what can be achieved using linear aternatives, for the
12ms~! gate 14 amplitude data set.

85.4 Cancdlation of the Dawber data set

The following simulation parameters were used to cancel the narrowband signals of interest
given in Table 8.5, for both the nonlinear and linear inverses. Three single notch filters were
used in cascade. Thegain G of each filter was 1.0, and the notches were placed at the following
frequencies, f/f, = 0.005, f/f; = 0.015,and f/f, = 0.025. A NRBFN was used as the
nonlinear inverse in Broomhead's filter method. Embedding dimensions of 4 to 20 in steps of
1, and of 30, 40, and 50 were used. For each embedding dimension, the number of kernels
was varied from 100 to 800 in steps of 100. The training length for each simulation was 2500
samples. A 10 tap linear inverse comparison was used. Thetraining of the nonlinear and linear
inverses was done, for all simulations, using clutter only data (i.e. not the clutter corrupted
signal of interest). Testing data set results for the linear and nonlinear inverses are given in
Figure 8.33.

As can be seen from Figures 8.33(a) and 8.33(b), for all NRBFN inverses considered, the 10
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Figure 8.33: Output SCR’s for the nonlinear and linear inverses for (a) an input SCR of 7.9dB,
and (b) an input SCR of -2.1dB.

tap linear inverse performed as well as or better than the NRBFN inverse. This provides con-
vincing evidence that Broomhead's nonlinear inverse filter method cannot be used to improve
the output SCR, with respect to what can be achieved using linear aternatives, for the Dawber
VV amplitude data set.

8.6 Summary

Broomhead's nonlinear inverse filter method was applied to the task of cancelling chaotic noise
from a sine wave, using a number of different linear bandstop filtering approaches. Improve-
ments were observed, with respect to linear alternatives, if a notch filter was used as the band-
stop linear filter in Broomhead's nonlinear inverse filter method, but not for any of the other
bandstop filters considered. However, these improvements, relative to linear aternatives, were
only obtained if it was possibleto train the nonlinear inverse on noiseonly data. The notch filter
was able to both adequately remove the signal of interest (i.e. a sine wave), aswell aslimit the
distortion to the dynamics of the chaotic noise process. The results from this simple sine wave
experiment gave rise to a novel bandstop filtering idea, for use in Broomhead's filter method.
This novel approach was intended for cases when the signal of interest was more complicated
than a smple sine wave, and had more than one frequency component. The novel approach
involved using several notches (or zeros on the unit circle) to adequately suppressthe signal of

interest, but which also preserved the nonlinear properties of the nonlinear (possibly chactic)
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noise process. This approach was shown to be successful when using a narrowband Gaussian
signal of interest corrupted by broadband Ikeda noise: Broomhead's nonlinear inverse filter
method achieved better output SCR’s than were obtained by linear alternatives. This approach
was also applied to two sea clutter data sets. It was found that for both sea clutter data sets,
a linear inverse technique performed as well as, or better than, a nonlinear inverse. Therefore
Broomhead's nonlinear inverse filter method was not preferred to linear alternatives for these
clutter data sets. Due to the similar properties of all the sea clutter data sets, as highlighted
in Chapter 5 by the prediction analysis carried out, it was inferred that Broomhead's nonlinear
inverse filter method would not be preferred to linear alternatives, for the cancellation of any of

the sea clutter data sets described in Appendix A.
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Chapter 9
Summary, conclusions, and

suggestionsfor further research

9.1 Summary

The purpose of thisthesiswas to investigate the suitability of using nonlinear signal processing
techniquesin situations where non-Gaussian stochastic or chaotic deterministic time series are
encountered. The specific application of interest for thisthesis has been maritime surveillance

radar. The salient pointsfrom thisthesis are now briefly summarised.

In Chapter 2 the modelling of sea clutter was discussed. Key aspects of chaostheory were intro-
duced which laid the foundations upon which the claim, made by Haykin and his co-workers,
that sea clutter is chaotic could be reviewed and assessed. The most important fact to be high-
lighted in thisreview was that chaotic invariants cannot be used to distinguish between chaotic
and stochastic processes. The traditional stochastic modelling of sea clutter was also described
in this chapter. In particular, attention was drawn to the popular compound K-distribution
model. Thismaodel not only has some physical justification for its use, but it also allowsfor a

realistic treatment of the correlation properties of sea clutter.

In Chapter 3 atechnique was presented for the estimation of the compound K -distributed com-
ponents of a sea clutter data set. A simulation technique for the generation of surrogate correl-

ated compound K-distributed sea clutter was described.

In Chapter 4 some chaos theory ideas, which were introduced in Chapter 2, were used in the
construction of nonlinear predictors for chaotic signals. Two nonlinear models were used for
these predictors: the VSF, and the RBFN. Global linear and nonlinear prediction analysiswas
carried out on two chaotic time series: from the Logistic map and the Lorenz attractor. Nonlin-
ear predictors were shown to perform better than linear predictors, in terms of NM SE, on these
chaotic time series. In particular, a NRBFNP was shown to perform better than an UNRB-
FNP, and for a given RBFNP there was observed to be little performance difference between

using the RSC method which picked kernel centres at random from a training data set, and
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the OAKM method which used a clustering algorithm to pick kernel centres from a training
data set. It was found that the embedding delay which resulted in the best NMSE prediction
estimate for a RBFNP was 1 sample, for both Logistic map and Lorenz data. Furthermore, a
NRBFNP was shown to be capable of capturing the underlying dynamics of a chaotic signal
corrupted by white Gaussian noise, whereas attempts using an UNRBFNP, and an UNRBFNP

with regularisation failed on the same data.

In Chapter 5 a comprehensive prediction analysis was reported for the wavetank and Dawber
sea clutter data sets described in Appendix A. Global linear and nonlinear prediction results
provided evidence to suggest that the wavetank and Dawber data sets have linear predictor
functions. Furthermore, recursive prediction revealed alack of evidence of underlying nonlin-
ear chaotic dynamics for these data sets. Indeed, rather than the chaotic model proposed by
Haykin and his co-workers, a linear compound Gaussian stochastic model was shown to be

suitable for the wavetank and Dawber clutter data sets.

In Chapter 6 it wasinvestigated if noise was preventing the detection of nonlinear predictability
and chaotic behaviour in the wavetank and Dawber data sets. It was aso investigated whether
or not forward-backward prediction could be used to uncover nonlinearitiesnot revealed using
forward prediction alone. The results of these investigationsmerely provided further evidence
to suggest that the wavetank and Dawber data sets have linear predictor functions. Alsoin this
chapter, it was observed that substantial prediction improvements, in terms of NMSE, were
achievable using forward-backward prediction techniques on Lorenz data, with respect to that

achievable using forward prediction aone.

In Chapter 7 the incorporation of NLP's into maritime surveillance radar detection algorithms
was considered, using the wavetank and Dawber data sets. As would be expected from the
results reported in Chapters 5 and 6, it was found that the incorporation of NLP's into such
algorithms was not justifiable, as a LPD could achieve as good as, or better, performance than
a NLPD. Additionally, the importance of capturing a chaotic signal’s underlying dynamics
was considered for a NLP which was to be incorporated into a detection algorithm. It was
demonstrated that modelling the underlying dynamics could have a detrimenta effect on the

detection performance of aNLPD, interms of a ROC performance measure.

In Chapter 8 Broomhead's nonlinear inverse noise cancellation technique was re-investigated

using a sine wave corrupted by broadband chaotic noise. It was demonstrated that significant
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improvements, relative to linear aternatives, could be obtained using Broomhead's method,
countering recent work which suggested otherwise. For such improvements to be obtained,
the nonlinear inverse had to have access to the chaotic noise during its training phase, and a
notch filter had to be used as the bandstodinear filter. The restriction of having to use a notch
filter asthe bandstogilter was highlighted. Moreover, a novel bandstop filtering approach was
applied to Broomhead's filtering method which was capable of circumventing this restriction.
This modified Broomhead filtering technique was shown to cancel broadband chaotic noise
from a narrowband Gaussian signal better than alternative linear methods. Unfortunately the
modified Broomhead filtering approach was shown to only perform as well as, or more poorly
than, alinear technique, for the cancellation of the wavetank and Dawber clutter data setsfrom

narrowband Gaussian signals.

9.2 Conclusions

9.2.1 Conclusionsrelated tothenonlinear processing of chaotic signals

A globa NLP was demonstrated to perform better than aglobal LP on chaotic time series. This
supports previously published results and it is concluded that the reason for thisis due to the

nonlinear evolution of achaotic attractor in state space.

If usinga RBFN for the nonlinear prediction of a chaotic signal, a NRBFNP should be used in
preference to an UNRBFNP, or aregularised UNRBFNP. Additionally, it was noted that using
a clustering algorithm to pick RBFN kernels did not seem to offer much improvement over
selecting centres at random from atraining data set. It was determined that the less compu-
tationally expensive random selection technique should be implemented, and would perform
as well asa RBFN which used the clustering selection method, as long as a sufficiently large
number of kernelswas used, which could sufficiently span the input space of the RBFN. Early-
stopping could be used to avoid over-fitting that might result due to a large number of kernels
being used.

A NRBFNP should be used, in preference to aUNRBFNP and aregularised UNRBFNP, to cap-
ture and model underlying dynamics, since a NRBFNP was shown to capture the underlying
dynamics of a chaotic signal corrupted by noise, whereas the other networksdid not. A NRB-
FNP issimpler to implement than a regularised UNRBFNP, asit does not involve searching for

a suitable regul arisation parameter.
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Forward-backward prediction can be used to obtain substantial performance improvements,

with respect to forward prediction alone.

The modified Broomhead filtering method shows promise for the cancellation of broadband
chaotic noise from narrowband signals of interest. Suggestionsfor further work inthisarea are

presented in section 9.3.

9.2.2 Conclusionsrelated to thenonlinear processing of sea clutter

A globa LP was shown to perform as well as, or better than, a NLP on every amplitude,
in-phase, and quadrature-phase clutter data set analysed, therefore it is concluded that the
wavetank and Dawber data sets have linear predictor functions. No evidence of underlying
dynamics was found in any of the clutter data sets analysed using recursive prediction. The
reason for this was determined to be that the data sets did not have any underlying dynam-
ics. Indeed, a compound Gaussian stochastic model was shown to be appropriate for both the
wavetank and Dawber data sets. This information leads to the conclusion that the data sets
analysed were not generated by a phenomenon which may be modelled by a coupled system of
nonlinear differential equations, and that they are therefore not examples of chaotic time series.
This conclusion contradicts the claim made by Haykin and his co-workers that sea clutter isa
chaotic process. However, differences between the data sets analysed by Haykin and his co-
workers and those in Appendix A were highlighted in Chapter 5, and it was stated that these
differences could beresponsiblefor the lack of evidence of chaotic behaviour. In the case of the
wavetank data it was observed that the wavetank in which the data sets were collected might
not accurately represent conditions at sea, and that pulse compression could mask or remove
any evidence of chaotic behaviour. In the case of the Dawber data it was pointed out that the
data records only lasted for a period of 1.28 seconds, whereas those analysed by Haykin and
his co-workers lasted for between 25 and 50 seconds. It was speculated that the Dawber data
sets might be linear on time scales on the order of a second, but over longer time periods they

might exhibit nonlinear, chaotic behaviour.

Taking the above differences between data setsinto consideration, it might be possible that sea
clutter is a chaotic process, but that chaotic behaviour was not identified in any of the wavetank
and Dawber data sets. From an academic perspective it would be interesting to carry out yet
more data analysis in order to either further substantiate, or to disprove the claim made that

sea clutter is chaotic, in order to reach a conclusion on whether a chaotic or stochastic modd is
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more appropriatefor seaclutter. However, in Chapter 2 it was pointed out that chaotic invariants
cannot be used to distinguish between chaotic and stochastic processes, and without a method
which can discriminate between them, the debate over whether or not sea clutter is chaotic be-
comesirrelevant. From apractical engineering perspective, however, theinterest in carrying out
further analysis on more sea clutter data sets (for example like those analysed by Haykin and
his co-workers) would be to determine if the nonlinear signal processing techniques discussed
in thisthesis could be used in certain circumstances to improve radar target detection perform-
ance, regardless of whether clutter isactually chaotic or stochastic. Suggestionsfor such further
practical analysis are given in section 9.3. It is suggested that the debate over whether clutter
is chaotic or not should be avoided until such time as a classification methodology which can

distinguish between chaotic and stochastic processes becomes available.

Filtering clutter before prediction analysis served to improve the performance of botha LP and
aNLP. However, these results still reinforced the above finding that the wavetank and Dawber
data sets have linear predictor functions. Noise was not responsiblefor the lack of evidence of

chaotic behaviour.

Forward-backward prediction can be used to improve upon LP as well as NLP performance.
However, a FBLP performed aswell as, or better than a FB-RBFN.

A NLPD is not of any use for maritime surveillance radar, given that clutter has a linear pre-

dictor function: aLPD will perform aswell as, or better, and would be preferred.

Even if chaotic clutter were encountered, the modelling of the dynamics of such a process
appears to be irrelevant as such modelling can lead to a performance loss (in terms of a ROC)
for aNLPD, relative to the performance of aNLPD which focused on minimising the M SE and

not on the modelling of the underlying dynamics.

The modified Broomhead filtering method was not shownto be of any use on the (non-Gaussian)
wavetank and clutter datasets. Thistechniquemay beof usefor clutter data sets, or indeed other
data in general, that have different non-Gaussian pdf’s. This technique should not be ruled out
for non-Gaussian processes in general. Furthermore, if chaotic clutter were encountered, then
the positive results presented in section 8.4 would suggest that this technique could be used to
improve maritime surveillance radar, by cancelling the clutter before initiating any detection

signal processing routines.
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9.3 Suggestionsfor further research

As no definitive conclusions on sea clutter modelling as a whole were proposed herein, and
bearing in mind the contradictory nature of the results reported relative to those published by
Haykin and his co-workers, it is suggested that further nonlinear signal processing analysis be
carried out on clutter data collected at sea, for a wider set of radar and environmental para-
meters, than were used in the collection of the Dawber data sets. In particular, longer data
records than 1.28 seconds should be analysed. The purpose of this study would not be to de-

termine whether the collected clutter is chaotic, but rather, whether it would be worthwhile
incorporating the nonlinear signal processing routines discussed in this thesis, into practical

radar systems. For example, if it were found that in some circumstances a LPD could outper-
form a NLPD, whilst in others the reverse were true, aradar system could be designed to have

the capability of switching between the two different algorithms.

Further experiments could also be carried out to investigateif pulse compression isresponsible
for the concealment of chaotic behaviour, or more generally, nonlinear behaviour in sea clutter.
For example, it is suggested that nonlinear signal processing analysis be carried out on data
collected from two different radars at the same site: one with a resolution achieved using pulse
compression, and one with the same resolution which is achieved without the use of pulse
compression. The resolution used should be of a similar order to that used by Haykin and his

co-workersin their analysisof seaclutter.

Assuming a compound Gaussian stochastic model for sea clutter, further experiments could be
performed to investigate the causes of the variation in speckle correlations with range, which
were reported in the analysis of the wavetank data sets. This could perhaps lead to improved
detection routines. For example, it might help to identify when to use a predictor-detector and

when to use aless computationally involved CFAR detector or fixed threshold detector.

More anaysis should be carried out on the possibility of using the modified Broomhead filter
method to cancel chaotic noise from signals of interest. Such further analysis should include
carrying out experiments using a number of different wideband chaotic (noise) time series, a
number of different stochastic narrowband signals of interest (i.e. signals with different pdf’s
and bandwidths), and possibly even using deterministic narrowband signals of interest. Ad-
ditionally, a study into the placement and number of notches, for the bandstop filter used in
the modified Broomhead filter method, should be carried out. The application of the modified
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Broomhead filter to maritime surveillance radar, should not be ruled out on the basis of the
results presented herein. More clutter data sets should be examined, before reaching a conclu-
sionon itssuitability for maritime surveillanceradar. In general, the modified Broomhead filter
method should be tried on non-Gaussian noise processes encountered in different application
areas, such as telecommunications: the technique may work on non-Gaussian processes with

different pdf’sto those of the wavetank and Dawber clutter data sets.
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Appendix A
Sea clutter data

A.1 Introduction

The sea clutter data sets analysed for the work reported in this thesis are described in this
appendix. The provider of al the data sets analysed was the Defence Evaluation and Research
Agency (DERA). The general method used to collect these clutter data sets is described in
section A.1. Section A.2 provides information on clutter data sets which were collected in a
wavetank, these data sets will be referred to as the wavetank data sets. In section A.3, clutter
data sets that were collected at sea, which will be referred to as the Dawber! data sets, are
described.

A.2 Data collection method

The general method used to collect the clutter data sets, used for the work in this thesis, was
as follows. A stationary land-based radar was operated in a dwelling mode, that is, with the
antenna pointing towards a patch of the sea surface along a fixed direction. Figure A.1 depicts

the resulting geometry of the data collection scenario.

The area of the clutter resolution cell A g isgiven by,

Are = CQERO sec(¢y) (A.D)

where R isthe distance to the mid-range point of the resolution cell, 8 is the beamwidth of the
radar, ¢, isthe grazing angle taken with respect to the centre of the radar beam, 7, isthe radar

pulse width and ¢ isthe velocity of propagation.

LAfter theindividual at DERA who provided the data sets, Bill Dawber.
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As can beseen from Figure A.1 the dimensionsof theresolution cell are determined by the radar
pulse width 7. in range, and by the beamwidth 6 and range R across-range. Radar resolutionis

often only referred to in terms of range resolution 7.

A.3 Thewavetank sea clutter data sets

The wavetank data sets were recorded in April 1998 as part of an experiment conducted by
DERA Malvern and Racal Radar Defence Systems, at the large wavetank facility, in the ocean
engineering laboratory of the University of California, Santa Barbara. The radar used was the
Racal-Thorn mabile instrumented data acquisition system (MIDAS) [136].

A schematic of the wavetank experimental set-up isgivenin Figure A.2.

Radar on forklift

30.5m

Windtunnel

Figure A.2: Schematic of wavetank experimental set-up.

The wavetank is 53m long, 4.26m wide, and 2.13m deep. The wind tunnel extends 30.5m
down the tank, leaving an open test section of 22.5m,. A wooden beach at the test end of the

tank reduces reflections. The wind tunnel can produce wind speeds of upto 12ms~1.

The MIDAS radar used pulse compression?. Pulse compressionisasignal processing technique
which allowsaradar to use along pulseto obtain alarge radiated energy, but which also allows
the range resolution of a short pulse to be achieved [7]. The range resolution of the radar was
0.3m (i.e. an effective pulse width of 2ns). Data was collected in 32 range cells, during wind
speeds of 4ms~! through to 12ms~!, in steps of 1ms~!. The data collected during a wind
speed of X'ms~! will be referred to asthe X ms~! wavetank data set. Pulse to pulse transmit

2For more details on the specificimplementation of pulse compression used by the MIDAS radar, see [136].
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frequency agility was used, in a known (i.e. not randomised) sequence. The radar has a dual-
polarised receiver. Only the transmit horizontal, receive horizontal (HH) data sets were made
available for thework inthisthesis. The effective pul se repetition frequency (PRF) of the radar
was 1kHz. The grazing angle and beamwidth were 6° and 5°, respectively. There were 30,000

complex (i.e. coherent) samples collected in each range cell, for each wind speed data set.

A.4 TheDawber sea clutter data sets

These data sets were collected during experiments conducted by DERA Portsdownwestin Janu-
ary and February of 1994, 1995, and 1996, at Sennen Cove near Lands End, and also at Ports-
mouth (looking at the Isle of Wight) in December 1996. The radar used was the multi-band
pulsed radar (MPR) designed and built by Roke Manor.

Two data setsfrom the experiments mentioned above were made availablefor thework reported
in thisthesis. Both of these data sets were collected without the use of pulse compression or
polarisation agility. For both data sets the radar range resolution was 150m (i.e. a pulse width
of 1us), and the PRF was 20kHz. The first data set, which will be called the Dawber-VV data
set, was collected using vertical polarisation on transmit and receive during a wind speed of
12.8ms~1. The second data set, which will be called the Dawber-HH data set, was collected
during awind speed of 15.4ms~1. The grazing angle and beamwidth used in the collection of
both data sets were 0.12° and 6°, respectively. There were 25,600 complex samples collected
in each data set: these samples correspond to the temporal signal collected in one range cell, at

adistance of 4km from the radar.
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Appendix B
Sample moments

B.1 Themethod of moments

Given that = is a random variable from a random process with pdf P, (z), the &£ moment of

such arandom processis defined [137] as,

my, = E[z¥] (B.1)

where FE[.] is the expectation operator. If zy,25,...,2, are independently and identically
distributed (i.i.d.) random variables, the k*" sample moment is defined [137] as,

T, = L > ak (B.2)

where ;. can be viewed as an estimate of the population moment m ;.. The method of moments
estimates parameters of distributions by finding expressions for them in terms of the lowest

possible order moments and then substituting sample moments into the expressions[137].

B.2 Using the method of moments to estimate the parameters of

thegamma distribution
A chi distributed process with pdf given by,
2b21/ 2v—1

_p2.27. > .
F(y)ac exp[ bac]7 a. >0 (B.3)

P.(a:|v,b) =
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where I'(.) isthe gamma function, b is the scale parameter and v is the shape parameter, has

k*" sample moments given [138] by,

LI+ (k/2)
bk ['(v)

My =

(B.4)

A gammavariate is simply the square of a chi variate. Therefore, a gamma distributed process

with a pdf which is given by,

b21/
Pr(z|v,b) = T 2" Lexp [—bzz] ;22> 0 (B.5)

has k" sample moments given by,

.1 I'(v + k)
Using equation B.6 and the fact that [98],
F'v+1)=vl(v) (B.7)

thefirst and second sample moments of the gamma distribution can be written as follows,

Py = b% (B.8)
- % (B.9)

The above sample moments can be used to obtain the following shape and scale parameter
estimates,

226



Sample moments

~ 2
o= — (B.10)
mo — My
p = M (B.11)

Ty — 102

B.3 Using the method of moments to estimate the parameters of
the K-distribution

A K-distributed process with pdf given by,

4e

Py (zlv,c) = m

(cx)"K,—1(2cx); x>0 (B.12)

where I'(.) is the gamma function, &', isa modified Bessel function of order v, ¢ isthe scale

parameter, and v isthe shape parameter, has &' sample moments given [138] by,

Plv+ (k/2))T(1+ (k/2))

1
= =) (B.13)

My =

The second and fourth sample moments of the K-distribution can be used to obtain thefollowing

estimates for the shape and scale parameters,

-

T ST BT | B.14
my

¢ = 4= (B.15)
my
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Appendix C
Tough and Ward simulation technique

C.1 ProofsinvolvingthellR correlation filter

C.1.1 Infiniteseriesrepresentation of thefilter output

The IR filter used to correlate Gaussian variates for the generation of correlated gamma vari-
ates, in Tough and Ward's simulation technique, is described by the following difference equa-

tion,

g(n) = pg'n—1)+V1=pg(n) (C)
where ¢’ (n) isthe correlated Gaussian output, ¢(n) isthe uncorrelated Gaussianinput, and p is

the correlation coefficient of the lIR filter.

Theimpulse response of thisfilter can be obtained by taking the z-transform of equation (C.1),

and re-arranging to obtain the transfer function of the filter as follows,

@) = %G(Z) (c2)
S H() = % (€3)
S H(z) = %:;’22 (C4)

h(n) = p"v/1-p? (C.5)



Tough and Ward simulation technique

The impulse response can be used to express the output of the IIR filter in terms of an infinite

series, as shown below.

h(k)g(n — k)

o0

k

o0

=g'(n) = V1-p2Y pg(n—k)
k=0

C.1.2 Mean proof

(C.6)

(C.7)

It can be simply shown that given a zero mean Gaussian input to the IIR filter, the correlated

Gaussian output will also have a zero mean. Using equation (C.7), the mean of the lIR filter's

output can be written as follows,

Elg(n)] = EW1-p2> pgn—k)
k=0
= V1-p2) p*E[g(n— k)]
k=0

(C.8)

(C.9)

remembering that 0 < p < 1, then using the result that the sum of a geometric series is

convergent [139], it can be written that,

1

ook_—

and therefore,
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Assuming that ¢(n) is wide-sense! stationary, then from equation (C.11), it can be seen that if
Elg(n)] = 0, then E[g/(n)] = 0.

C.1.3 Variance proof

Thefollowing proof demonstrates that the variance of the output correlated Gaussian process of
the IR filter isthe same as the variance of the input uncorrelated Gaussian process, given that
the input Gaussian process has a mean value of zero. Using equation (C.7), the mean square

value of the IR filter's output can be written as follows,

El(d(n)*] = E[(V1-p*>_ptg(n— k) (C12)
k=0

and since,

1 if =0

0 otherwise

Elg(n)g(n+1)] = {

then equation (C.12) can be re-written as,

El(g'()’] = 1-p"> p*™El(g(n— k)’ (C.13)
k=0
Since,
= 1
;p% = = (C.14)
then,

Yi.e. thefirst and second order statistics of g(») do not changewith time.
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El(g'(n)*] = Ellg(n—k))’] (C.15)
Ellg'(m)*] = Ellg(n)’] (C.16)

ol = Ellg(n)? - (E[g(n)])? (C.17)

then it can be seen from equations (C.16) and (C.17) that when {¢(n) } has a zero mean value,

the variance of {¢g(n)} isequal to the variance of {¢'(n)}.

C.1.4 ACF proof

Using equation (C.7), the ACF of the correlated Gaussian sequence at the output of the IIR

filter can be written as follows,

Ryg(l) = Elg'(n)g'(n+1)]

= (1=p) Y 0" > PPElg(n—k)gn—k+1]  (C18

k1=0 ko=0

since,

0 otherwise

1 ifl=0
Elg(n)g(n+1)] = {
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then,

Ryg(l) = (1- P’ Z phphrt!

I (C.19)

C.2 Changing the scale parameter of the gamma distribution

The following a simple proof demonstrates the ease with which the scale parameter of the

gamma distribution can be changed.

The gamma pdf with scale parameter  and scale parameter b equal to 1 is given by,

« 1
Prizlv,b=1 :/ — 2 lexp[—z]ldz; 2>0 C.20
el =1 = [ e el (20

Changing the variable of equation (C.20) from z to y where,

dz

and substituting equations (C.22) and (C.22) into equation (C.20) the following is obtained,
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Prly=15) = /OOO F(ly) (yb*)" =" exp [~ (yb*)] %
= /OOO %(y)”_l exp [—yb2] dy (C.23)

(C.24)

As can be seen by comparing equation (C.24) with eguation (C.20), = isagamma variate with
a shape parameter v and scale parameter 1, and y isa gamma variate with a shape parameter v
and scale parameter b. The above demonstrates how a gamma variate with one scale parameter

can be scaled to obtain agamma variate with a different scale parameter.

C.3 Maplescript used to producethediscrete MNLT map

A simple Maple[97] script was used to solve equation (3.22) for ¢’(n), and thus produce the
discrete MNLT map. The adjustable parameters of the MNLT map are the minimum gamma
variate value, the maximum gamma variate value, and the distance between successive gamma
data pointsin the map. These parameters are controlled by min, max and steprespectively in

the Maple script. A trial and error approach was adopted in the generation of an appropriate
MNLT map. Thiswas done by choosing valuesfor min, maxand step then generatinga MNLT

map using these valuesin the Maple script. Then thismap was used in a3 order polynomial

interpolation scheme, to produce gamma data, and any missed interpolations, due to minbeing

too large, or maxbeing too small were recorded. If there were any missed interpolations, then
min and maxwere altered, a new MNLT map generated and new data simulated, and this new
data was checked for any missed interpolations. This process was repeated until there were no
missed interpolations. Once the map’s upper and lower values had been selected, the parameter

stepwas altered until the simulated gamma data had approximately the correct first 10 sample
moments [66, 137].

The Maple script used to generate the MNLT map is now given on the following page.
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> mnlt:=proc(filename,v,min,max,b,step);

> writeto(terminal):

> fi=(v,2,) — > (b A (2 % v))IGAMMA(V)) * Int(z A (v — 1) * exp(—1 * & * b % b), 2=0..2):
> writeto(filename);

> i:=min;

> whilei < maaz do printf(* %.15g %.10g \n‘,evaf(f(v,i,b)), i);

> =i« step;

> od,

> close();

> end;
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Appendix D
Householder transform

The Householder transformation [87, 116] is a reflection technique which can be used to solve
theleast squares (L S) problem. Thistransformationisnumerically robust asit avoids estimating
theinverse of the autocorrelation matrix directly.

The LS problem of interest for thisthesisis the determination of the coefficients or weights of
a linear predictor, or of a linear-in-the-parameter nonlinear predictor. The output 7(n) of an
N -tap linear predictor may be written as,

N-1
) = ) h(me(n—i) (D.1)
= h}x(n) (D.2)

where h isa N -long column vector of the impulse response sequence of the linear predictor,
and x(n) is a column vector containing the last N elements of the input sequence. TheLS
estimate of the impulse response vector is that which minimises the sum of squared error cost
function £ (k) evaluated over k + 1 data pointswhere,

k
Ek) = e*(n) (D3)
n=0
and the error is given by,
e(n) = y(n) — y(n) (D.4)

The standard solution to this minimisation problem is based on forming the auto-correlation
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matrix R, and a cross-correlation vector r,,, (k). Thus,

R (k) h(k) = £,y (k) (D.5)
where,
k
Ru.(k) =Y x(n)x"(n) (D.6)
and,
k
roy(k) =) x(n)y(n) (D.7)

To avoid having to invert the auto-correlation matrix in order solve the above LS problem, the
following approach may be used. First, consider a matrix Q which is orthonormal. Such a

matrix has two important properties: it has an inverse which is equal to it’s transpose,

Q'=qQ’ (D.8)

and also, the matrix Q is said to be able to reflect a vector, without changing the Euclidean
length of that vector, i.e.,

e[ = |Qe| (D.9)

Therefore, the cost function of equation (D.3) can be re-written as,
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(k) = |Q(k)e(k)] (D.10)

Q(kle(k) = Q(k)y (k) — Q(k)X(k)h(k) (D.11)

where,

X7 (k) = [x(0),x(1), ..., x(k)] (D.12)

and X (k) isreferred to as the data matrix [116].

The orthonormal transformation of the data matrix yields an upper triangular matrix,

(D.13)

where U(k) isan N x N upper triangular matrix. Introducing two N -element vectors u(k)
and v (k) yields,

Q(k)y (k) = {“(k)]
y(k) = (D.14)

The error vector can now be expressed as,
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Householder transform

u(k) — U(k)h(k
Qie(k) = [ VIR (015
v(k)
The Euclidean length of the error vector will be minimised when,
u(k) = U(k)h(k) (D.16)

which determines the impulse response vector h(k). The elements of the impulse response
vector can be calculated by a simple back substitution operation because U (k) is an upper

triangular matrix. The minimum error is directly available as,

(k)| = [v(k)] (D.17)

The transformation of a data matrix into an upper triangular matrix may be achieved by using
Householder transformations. To demonstrate how thisis achieved imagine that the triangul ar-
isation process has already been started, and that R isarectangular data matrix whosefirst few

columns are aready in upper triangular form. Thus R may be partitioned as follows,

(D.18)

where U is a square upper triangular matrix, R isa rectangular matrix, and * containsterms
which are not relevant. The next step is to find an orthonormal matrix which preserves the
existing upper triangular structure and forces one extra column of R. to be upper triangular.

The following matrix may be used,
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Householder transform

U x
0 R,

U *
0 QiR;

(D.19)

I 0
0 Q,
This operation leaves the first few rows and columns of R unaffected, and reduces the problem

to one of finding a unitary matrix Q, i.e.,

Q' =qf (D.20)

which when applied to R will convert it’s first column r; to all zero elements, except for
the first entry, i.e. the first row, first column of R, which will be denoted as R;(1, 1). The
Householder method for doing thisis summarised below:

1. Define avector u,
u=ry +sign(R,(1,1))|re]1
where 1 = [1,0,0,...0]”. This operation only changes one element of r; to form u.

The sign functionisdefined assign(z) = 1 if 2 > 0 and sign(z) = —1 otherwise.

2. Use u to define avector @t which is used to implement the transformation,

=u
2

2
u]

o>

3. Apply thetransformationto ry,
Q,r1 =r; —u= —sign(R,(1,1))|r1

Thefirst element of Q,r; is-sign(R,(1,1))o, wheres = /3. (R;(¢,1))2 Therest of
the elements are zero by definition.

4. Apply the transformation to the remaining columnsr; of R,
Q:r;=r; — (flTI']‘)ll
Although the Householder transformation is defined by a matrix Q ;, the matrix is not stored
explicitly and the computational requirements of steps 1 to 4 are much less than a matrix mul-

tiplication. Note also that only one sguare root operation (step 3) is required for each column
of the matrix R.
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Householder transform

For the training of the linear and nonlinear predictors used for thisthesisa block approach was
adopted. Thisstrategy is briefly explained now. If a predictor has N coefficients then the data
matrix X (k) will have N columns. The number of rows will depend on the length of the data
record used to train the filter. The larger the data record, the better the quality the LS estimate
of the coefficients of the predictor will be. However, a large data record will require a large
data matrix, and hence may impose excessive memory requirements on the processor. The
following strategy was adopted as a reasonable compromise between memory requirement and

performance for training and up-dating the coefficients of the predictor.

To start the processa2 NV x N element matrix is constructed from 2N consecutive input vectors
x(n),i.e.fromn =0ton = N —1. A corresponding 2N x 1 target vector y isalso assembled.
This definesthe LS problem:

Xh=y

The above equation defines the major storage requirements for the algorithm. A series of
Householder transformations defined by the 2N x 2N unitary matrix Q are applied to both

sides of the equation:
QXh =Qy
and so,

U

The N x N upper triangular matrix U and the N x 1 vector u form a set of simultaneous
equations which can be solved by back substitution to form the estimate h. This estimate can
then be updated using blocks of V' consecutive vectors x(n) and a corresponding block of NV
target samples y(n). For example, thefirst block to use as an update would rangefromn = 2N

ton =3N — 1. The N vectorsareplacedinan N x N matrix X i.e,

[ xT(2N)
xT (2N + 1)

xT (3N — 1)
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Householder transform

In asimilar manner the N new target samples are collectedintoan N x 1 vector y .,

y(2N)
y(2N +1)

Y+ =

_y(SN — 1)_

The matrix X} and vector y . are used to overwrite the lower half of the triangularised LS

equations from the previous stage. Thus,

- 17]

Householder transformations are then applied to both sides of thisequation to form anew upper

U
X4

triangular set,
U u
Q+ h=Q,
X4 Y+
and so,
U
= Ut
0 Vi

Back substitution produces the updated predictor coefficients. This procedure can be repeated

as each new block of NV input vector and target samples becomes available.
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Appendix E
Wavetank clutter data set correlation
dimension estimates

Windspeed [m.s™]

y)

5

6

=

8

9

10

11

12

3.694730|3.670330(3.673680

4.411110

3.964700

4.351640

4.224720

5.415380

4.750000

3.634410|3.797870|3.630430

4.325580

4.139530

4.300000

4.130430

3.676920

5.101260

3.683670|3.691490|3.619560

4.417580

4.895350

4.761900

4.833330

2.819440

5.256750

3.610520|3.691490|3.634410

4.272720

4.938270

5.679490

4.845230

2.985910

5.647880

3.688170|3.670330(3.584270

4.280900

4.682350

5.671420

5.272720

3.771430

6.104470

3.673910|3.630430(3.692310

3.595500

4.602560

5.342850

5.846150

4.338230

5.794110

3.683670|3.641300|3.644440

4.333330

4.764700

6.069440

5.784610

4.757570

5.179100

3.663160|3.549450|3.600000

4.393260

4.939760

5.641790

5.553840

3.869560

4.791040

3.706520|3.593750|3.600000

4.409090

4.226190

6.173910

4.671640

3.514280

4.298500

O 00| N[O Ol | W| N | O

3.625000|3.6195603.560440

4.229880

4.287350

5.774640

5.031250

4.676920

3.642860

10

3.634410(3.6489303.547370

4.268810

4.117020

5.216210

4.696970

4.397060

3.128570

11

3.634410(3.6631603.642100

3.652170

5.011900

4.821430

5.015870

5.758060

3.702700

12

3.692310(3.6703303.659340

3.666660

4.372090

5.035710

5.388060

6.393940

4.454540

13

3.747250|3.6956503.626370

3.659340

4.459770

5.068190

5.628570

6.507460

4.784610

14

3.630430(3.6489303.711110

3.695650

4.223530

4.160920

4.955220

6.436630

4.194440

15

3.606380(3.6630403.617020

3.587630

4.244440

4.204540

4.527780

6.189200

4.731340

16

3.709670(3.694730|3.681320

3.626370

4.423910

4.313950

6.046870

6.041100

5.384610

17

Range gate

3.645160(3.7157903.702130

3.684210

4.483140

4.455550

6.360010

5.837840

4.985290

18

3.595740(3.6739103.680850

3.634410

3.608690

3.637360

5.729730

5.630130

5.000000

19

3.720430(3.6129003.694730

3.614580

3.597820

4.406590

6.236850

6.259750

5.906250

20

3.677780|3.6489303.666660

3.589470

3.631580

4.385540

6.133340

5.972220

6.441170

21

3.741930(3.6989203.726310

3.709670

3.702130

4.561790

5.958900

5.987820

6.246580

22

3.723400|3.666660 |3.677080

3.677780

3.706520

4.565220

6.148170

5.475620

6.797320

23

3.652630(3.6170203.709670

3.638300

3.705260

4.400000

5.809540

4.865170

7.102600

24

3.750000(3.7368403.724490

3.659340

3.663040

4.516850

5.011900

4.922230

6.109590

25

3.666660|3.608690 3.692310

3.602150

3.642100

4.488890

5.255570

4.965520

6.320530

26

3.666660(3.7368403.704080

3.778940

3.742270

3.663160

5.174420

5.244460

5.313260

27

3.691490(3.712760 3.744680

3.702130

3.789470

4.611110

4.395350

4.306820

5.512200

28

3.688890(3.7222203.694730

3.736260

4.543480

4.611760

5.246910

5.322240

5.860490

29

3.621050|3.744680 |4.588890

3.741930

4.483140

4.528090

5.195410

5.284100

5.271600

30

3.692310(3.731960 4.489360

4.494380

5.127910

4.384610

5.170460

5.035290

5.211770

31

3.600000(3.7142804.433330

4.427090

5.536590

5.617290

5.065940

5.937510

5.185590

Table E.1: Maximum likelihood correlation dimension estimat&s,;,, for the wavetank clut-

ter data sets.
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Appendix F
CD

Included with this thesisis a CD, the contents of which are now described. The initial linear
and nonlinear prediction results for the 12ms~! wavetank range gate data sets, which were
discussed in section 5.2.2, have been recorded onto the CD in theform of a postscript document.
Linear prediction resultsare given for 5, 10, 20 and 40 tap LP's. Results are presented for cubic
V SFP's, with embedding dimensions of 5 and 10, and an embedding delay of 1 samplefor each
case of embedding dimension. NRBFNP-RSC results are shown for embedding dimensions of
5, 10, 20 and 40. Additionally, results are shown for NRBFNP-OAKM's, UNRBFNP-RSC's,
and UNRBFNP-OAKM'’s with an embedding dimension of 20. For each RBFNP result, an
embedding delay of 1 sample, and 100 Gaussian kernelswere used.
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Appendix G
Original publications

Some of the work in this thesis has been reported in the following publications, those marked
by } are reprinted in this appendix:

¢ M. Cowper and B. Mulgrew, “Performance of radial basisfunction networksas predict-
ors for sea clutter”, in IEE Radar and Sonar Signal Processing, Peebles, Scotland, July
1998.

¢ i M. Cowper and B. Mulgrew, “Nonlinear processing of highresolutionradar seaclutter”,
in IEEE International Joint Conference on Neural Networks, Washington D.C., USA,
July 10-16, 1999.

¢ C.P. Unsworth, M.R. Cowper, S. McLaughlin, and B. Mulgrew, “ Detection of nonlinear-
ity in atime series: by synthesis of surrogate data using a Kolmogorov-Smirnoff tested,
hidden Markov model”, 33rd Asilomar Conference on Signals, Systems and Computers,
October 1999, CA, USA.

¢ M. R. Cowper and B. Mulgrew, “The application of anonlinear inverse noise cancellation
technique to maritime surveillance radar”, accepted for publication in the 10" |EEE
Signal Processing Workshop on Statistical Signal and Array Processing, Pocono Manor,
PA, USA, August 14-16, 2000.

¢ M. R. Cowper and B. Mulgrew, “Nonlinear processing of chaotic signals’, accepted for
publication in Euroattractor 2000, Warsaw, Poland, June 6-15, 2000.

¢ C.P. Unsworth, M. R. Cowper, S. McLaughlin, and B. Mulgrew, “Chaotic invariants de-
tect chaosin the stochastic compound K-distributionmodel of radar seaclutter”, accepted
for publication in the 10" IEEE Signal Processing Workshop on Statistical Signal and
Array Processing, Pocono Manor, PA, USA, August 14-16, 2000.

¢ B. Mulgrew, C. P. Unsworth, M. R. Cowper, and S. McLaughlin, “ Sea clutter and chaos:
improved surrogate-data tests’, accepted for publication in EUSIPCO 2000, Tampere,
Finland, 5-8 September, 2000.
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PERFORMANCE OF RADIAL BASIS FUNCTION NETWORKS
ASPREDICTORSFOR SEA CLUTTER

M R Cowper, B Mulgrew

University of Edinburgh, U.K.

INTRODUCTION

The performance of radars used in marine environments is
limited by sea clutter. The suppression of this clutter is ne-
cessary in order to improve the target detection capability of
such radars.

Currently, there are two conflicting views on how to model
sea clutter. The traditional approach has been to view sea
clutter as a stochastic process. Evidence has suggested that
the stochastic process which best models sea clutter is the
(non-Gaussian) compound K-distribution, Ward [1].

However, recently an argument has been put forward
which suggests that sea clutter is not in fact a stochastic pro-
cess, but rather, it is achaotic process, Haykin et a. [2].

These non-Gaussian descriptions provide the motivation
to investigate the possibility of using non-linear techniquesto
suppress sea clutter, rather than the conventional linear tech-
niques used to suppress Gaussian processes.

The objective of this paper is to investigate the use of fast
training methods for radia basis function (RBF) predictor
networks, Haykin [3]. The fast training methods will enable
the RBF predictor networks to operate in real time or quasi-
real time. The ability of such networksto predict sea clutter,
as compared with linear techniques, will be reported. This
comparison will be used to consider the effectiveness of us-
ing such non-linear predictorsto suppress sea clutter.

RBF PREDICTION

Prediction

In its simplest form, a prediction problem is based on atime
series{z(n)}. Given an embedding vector x(n), which con-
tains N consecutive samples of the time series, i.e. :

x(n) = [z(n),z(n —1),..,z(n — N +1)]T
Thisis used to form an estimate #(n + 1) of the next data
sample, z(n + 1), by constructing a predictor function f(),

where

i(n+1) = f(x(n)
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RBF predictor

The RBF predictor is used to approximatethe predictor func-
tion f(x(n)), discussed above. Thestructure of the RBF pre-
dictor isshownin figure 1. It consists of N source nodes, M
centres (or hidden units), and M weights.

x(}

Tapped Delay Line ‘

eeo0eeoxnN+1)

fx(n)

Figure 1: RBF predictor.

The RBF predictor’s approximation of the predictor func-
tion, for the input vector x(n), is given by the following
equation:

M
fxn)) = wig(lIx(n) - eill) 1)
i=1

where M isthe number of centres, ¢() is some non-linear
function, ||.|| is a distance measure, ¢; is the position of the
it" centre in N-dimensiona space, and w; is the weight at
the output of the i** centre.

The nonlinear function chosen for thiswork was the Gaus-
sian function. The distance measure used was the Euclidean
distance.

FAST TRAINING

Training of the RBF networks involves selecting centres and
training the output layer of weights.
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To achieve centre selection in real time or quasi-real time,
two options are available. Firstly, the centres can be chosen
at random from the training data available to the RBF.
Secondly, the k-means algorithm, can be used. The optimal
adaptive k-means al gorithm was chosen for this study, Chin-
rungrueng [4].

Training The RBF’'s Output Layer Weights

The obvious choices for training the output layer weights are
the least mean square (LMS) agorithm, or a least squares
(LS) approach. However, the LMS convergence time is too
slow to allow for rea or quasi-real time implementations.
The LS approach adopted in this paper is the Householder
transform, Haykin [5].

The Householder transformation is a reflection technique
which can be used to solve the LS problem. The algorithmin
this paper isusedin an adaptive block |east squares approach.
If an additional block of new dataisavailable, the LS solution
will be updated in a computationally efficient manner. The
agorithmis numerically robust, because it avoids estimating
the inverse of the autocorrelation matrix directly, Steinhardt

6].
PREDICTION OF A STANDARD CHAOTIC SIGNAL

The fast training techniques are initially examined using the
RBF to predict a standard chaotic signal. The signal chosen
was generated using the Lorenz set of equations, Lorenz [7].

The two different centre selection methods described
above are compared using the mean square error (M SE) per-
formance measure. The effect of normalising the outputs
of the RBF centres is also observed. In addition, the ef-
fects on M SE performance measure, of varying the following
parameters are reported: embedding dimension, embedding
delay, and number of centres.

PREDICTION OF SEA CLUTTER DATA

Finally, the performance of the RBF predictor, using the fast
training techniques, is reported for sea clutter data. The feas-
ibility of using such anetwork to cancel clutter is considered.
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Nonlinear processing of high resolution radar sea clutter

Mark R. Cowper and Bernard Mulgrew

Signals and Systems Group, Department of Electronics and Electrical Engineering, University of Edinburgk

The King's Buildings, Edinburgh, EH9 3JL, Scotland, UK
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Abstract

This work is concerned with investigating whether or not
nonlinear predictor networks can be used to improve the

linear predictors may be able to exploit the widely accepted
non-Gaussian nature of high resolution sea clutter.

2 Seaclutter data

performance of high resolution surveillance radars which
are used to detect targets on, or near, the sea surface. Pre-Sea clutter data sets have been collected using stationary,
diction and detection results are presented for new sea clut-land-based radars that operate in a dwelling mode, that is,

ter data sets.

1 [Introduction

The performance of surveillance radars used in marine
environmentsis limited by sea clutter, the unavoidable radar
returns from the sea surface. Low resolution clutter returns
are widely accepted to have Gaussian statistics. However,
the statistics of high resolution sea clutter deviate from the
Gaussian case. These non-Gaussian clutter returns are often
characterised by frequently occurring large signal values (or
spikes), which can be mistaken for target signals.

The traditional approach to clutter modelling and detector
design has been to use a stochastic process to model sea
clutter. Evidence has suggested that the process which
best models sea clutter is the compound K-distribution [1].
However, research has been carried out which suggests that
sea clutter is not in fact a stochastic process, but rather,
it is a chaotic process [2-4]. It should be noted that the
categorisation of sea clutter as a chaotic process, using the
techniques described in [3, 4], has been questioned by other
researchers |5, 6).

A nonlinear predictor-detector has been shown to perform
better than a standard detector in [3], athough no linear
predictor-detector comparison was carried out in that study.
The purpose of this paper is to investigate whether nonlin-
ear predictor networks can be used to improve high resolu-
tion radar detection of targets on, or near, the sea surface.
Thiswill be done using the sea clutter data sets described in
section 2 If seaclutter is chaotic, then nonlinear predictors
will be able to exploit this property. If it is not then non-

Thiswork was supported by Marconi Avionics, DERA, and EPSRC.

with the antenna pointing towards a patch of the sea surface
along afixed direction.

2.1 Wavetank data

Several seaclutter data sets have been collected for this ana-
lysis, in awavetank. The wavetank allows data to be collec-
ted during a range of controlled wind speeds. The length of
the wavetank is 50m: thefirst 20m were used to develop the
waves, the remaining 30m were used as the data collection
area. The wind direction, used for all data sets collected,
was towards the radar. The data was collected in 32 range
cells. Pulse compression was used to achieve a range res-
olution of 0.3m. Data was collected during wind speeds
of 4ms~? through to 12ms~! in steps of 1mms~!. Pulseto
pulse transmit polarisation agility was used. The radar had a
dual-polarisation receive capability. Only the transmit hori-
zontal, receive horizontal (HH) data sets have been analysed
in this paper. The effective pul se repetition frequency (PRF)
of the radar was 1k H z. The grazing angle and beamwidth
were 6° and 57, respectively. There were 30,000 complex
samples collected in each range cell, for each wind speed
data set. Results for the non-coherent® samples are presen-
ted in this paper.

2.2 Dawber data

The other two data sets analysed in this paper were collected
at sea. Both of these data sets were collected using a radar
that did not employ pulse compression or polarisation agil-
ity. For both data sets the radar range resolution was 150m,
and the PRF was 20k H z. The first data set, Dawber-VV,
was collected using vertical polarisation on transmit and re-
ceive, during awind speed of 12.8ms~!. The second data

LA non-coherent sample is the modulus of a complex sample.
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set, Dawber-HH, was collected using horizontal polarisation
on transmit and receive, during awind speed of 15.4ms 1.
The grazing angle and beamwidth used in each case were
0.12° and 6°, respectively. There were 25,600 complex
samplescollected in each data set: these samples correspond
to the temporal signal collected in one range cell, at a dis-
tance of 4km from the radar. Results for the non-coherent
samples are presented in this paper.

3 Prediction

The radia basis function (RBF) network and the Volterra
series network have been chosen to implement the nonlinear
predictors. These networks are briefly discussed below.

3.1 Prediction problem

A prediction problem is based on a time series {z(n)}.
Given a vector x(n) from this time series, with an embed-
ding dimension N and an embedding delay 7, i.e.

x(n) = [z(n),z(n = 7),..,z(n = (N = )r)]*

an estimate #(n + 1) of the next data sample, z(n + 1), is
formed by constructing a predictor function f(), where

E(n+1) = f(x(n)) @

3.2 RBF predictor

An RBF network can be used to find the predictor function
discussed above. The structure of an RBF network is shown
in Figure 1. It consists of NV source nodes, M centres (or
hidden units), and M weights.

xm}

()

Figure 1: RBF network.

The RBF predictor function is given by,

M
flx(n) = Z wig(|[x(n) - cill) @

where M is the number of centres, ¢() is some non-linear
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function (or kernel), ||.|| is a distance measure, ¢; is the
position of the i centrein N-dimensional space, and w; is
the weight at the output of thei'" centre.

The nonlinear kernel chosen for thiswork was the Gaussian
function, which is symbolised in Figure 1 by the bell-shaped
curves in the hidden layer. Normalised [7] as well as un-
normalised Gaussian kernels have been used. The distance
measure used was the Euclidean distance. The positions of
the centres were selected at random from the training data.

3.3 RBF embedding dimension and embedding delay

In order to reconstruct the dynamics of the clutter data, (as-
suming that the clutter data is the result of a nonlinear dy-
namical process), it is necessary to choose an appropriate
number of RBF source nodes, IV, usually termed the embed-
ding dimension, and also an appropriate embedding del ay.

3.3.1 Correlation dimension

An embedding dimension, N, should be chosen [8] such
that:

N>2d+1 )

where d is estimated using the correlation dimension [9].
If the correlation dimension estimate of d is not an integer
value, it should be rounded up to the next integer value. For
the analysis in this paper, the maximum likelihood correla-
tion dimension, D 1, [9] was used to estimate d.

3.3.2 Aveagemutual information

To determine the embedding delay of the clutter data, the
average mutual information [10] was used. It has been sug-
gested [11] that the optimum embedding delay is at the first
minimum of the average mutual information, I(7"). The av-
erage mutual information between z(n) and z(n + T) is
defined as:

IT) = Y P(n),z(n+T)) (4)

y P(z(n), z(n +T))
P(z(n))P(z(n +1T))

xlogs [

where P(z(n), z(n+ 1)) isthejoint probability density for
measurementsz(n) and z(n + T).
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3.4 Volterraseriespredictor
The truncated Volterra series (5) can also be used to find the

predictor function discussed above.
N-1
fem) = Y ha(ma)a(n —m) ®
mi1=0
N-1 N-1

+ Z Z ho(my,m2)z(n —my)z(n —ms) + ...

m1=0 ma=m1

N-1 N-1
4 Z Z ha(my, ma,...,mr)

m1=0 mrp=mi

xx(n —my)..x(n —mg)

The truncated Volterra series expansionis given above, for a
zero mean process. N is the embedding dimension, L isthe
order of the Volterra series, and 4(.) is known as a Volterra
kernel.

3.5 Prediction performance assessment

The prediction performance measure that has been used for
this study is the normalised mean square error (NMSBH,
which is defined as:

J
NMSE = 101ogy (% > k) - zi(k))2> ©
v’ =1

where y(k) is the desired predictor output, 3(k) is the pre-
dictor’s estimate of y(k), and o, is the variance of y over
J. Prediction results were obtained by using training, test-
ing and validation data sets. If the training data length was
selected to be J samples, the next .J samples immediately
after the training data were selected as the testing data set.
The next J samples immediately after the testing data set
were selected as the validation data set.

4  Prediction of the wavetank data

Thetemporal signalsin each range cell, for each wind speed
data set, were analysed using a linear predictor and the non-
linear predictors described in section 3

4.1 Prediction of thetemporal signal in rangecell 14 of
the 12ms~?! data set

The criteria discussed in section 3.3were used as a start-
ing point to choose the RBF embedding dimension and em-
bedding delay. For range cell 14 of the 12ms—! data set,
Dy = 4.19 . An embedding dimension of 12 was chosen.
A plot of the mutual information for range cell 14 is given
in Figure 2. As can be seen there are no obvious minima,
the mutual information curve is monotonically decreasing.

1(m
IS

0 20 40 60 80 100
T(samples]

Figure 2: Mutual Information for range cell 14 of 12ms—*!
data set.

Thus the criteria for selecting an embedding delay in sec-
tion 3.3.2is of no use here, therefore an embedding delay
of 1 sample was selected as a starting point. Results for a
linear predictor, a cubic Volterra series predictor and a nor-
malised RBF (NRBF) predictor are shownin Figure 3, using
validation data sets (see section 3.5.

10

Linear
L anend Volterra
NRBF

NMSE[dB]
&

0 2000 4000 6000 8000 10000
Training length [samples]

Figure 3: Validation data set NMSEVs training length for
range cell 14 of the 12ms~! dataset. Results are shown ffo
a 10 tap linear predictor, a cubic (order=3) Volterra ses
predictor with an embedding dimension of 10, and a KRB
with an embedding dimension of 12, and 100 centres. A
embedding delay of 1 sample was used by all predictors.

What is immediately noticeable from Figure 3 is that the
simple 10 tap linear predictor always does at least as well
as the nonlinear predictors. This suggests that the predictor
function for this sea clutter dataset is linear. The cubic Vol-
terra series predictor converges upon the linear solution at
around about a training length of 4000 samples. The NRBF
predictor displays difficulty in approximating the linear pre-
dictor function, showing approximately a 4d B performance
loss relative to the linear predictor after atraining length of
10,000 samples.

The effect of increasing the embedding delay for each pre-
dictor is shown in Figure 4. As can be seen, increasing the
embedding delay does not improve the prediction perform-
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Figure 4: Validation data set NMSEvs embedding delay for
range cell 14 of the 12ms~! data set. Results are shown
for a 10 tap linear predictor, a cubic (order=3) Volterra
series predictor with an embedding dimension of 10, and a

NRBF with an embedding dimension of 12 and 100 centres.

A training length of 6000 samples was used by all predict-
ors.

ance of any of the predictors.

4.2 Prediction performancefor all 32 rangecellsin the
12ms~! data set

The results obtained in Figures 2 to 4 are representative of
theresultsfound for the other range cellsin the 12ms—! data
set. Thisisillustrated in Figure 5 which displays prediction
performance versus range cell for the 12ms—! data set.

Linear
Volterra
—— NRBF

NMSE[dB]

10 15

Range cell

20

Figure 5: Validation data set NMSEvs range cell for the
12ms~! dataset. Results are shown for a 10 tap linear pre-
dictor, a cubic (order=3) Volterra series predictor with an

embedding dimension of 10, and a NRBF with an embed-
ding dimension of 20 and 100 centres. An embedding delay’
of 1 sample and a training length of 10,000 samples were

used by all the predictors.

4.3 Prediction for all 32 range cellsin each wind speed
data set

Theresultsin sections 4.5and 4.2 suggest that the predictor
function of the 12ms ! dataislinear. Infact, thisresult was
found for each of the different wind speed data sets. Addi-
tionally, it was found that, in general, the clutter samples
collected during higher wind speeds were more predictable
than those collected during lower wind speeds. However,
therewas also found to be avariation in predictability across
range cells, which appeared to be dependent on the number
and distribution of clutter amplitude spikes. Figure 6 shows
theresultsfor alinear predictor for al 32 range cells of sev-
eral wind speed data sets.

10

5[

NMSE[dB]

15 20
Range cell

Figure 6: Validation data set NMSEvs range cell for several
wind speed data sets. Results are shown for a 10 tap liae
predictor which used a training length of 10,000 saespl
and an embedding delay of 1 sample.

5 Prediction of the Dawber data

Asin section 4.1the criteria discussed in section 3.3vere
used as a starting point to choose the NRBF embedding
dimension and embedding delay. For the Dawber-VV data
avaueof Dy, = 3.48 was estimated, and an embedding
dimension of 10 was chosen. For the Dawber-HH data a
value of Dy, = 7.57 was estimated and an embedding
dimension of 17 was selected. A plot of the mutua
information of both Dawber data sets is given in Figure 7.
There are no obvious minima in the mutual information
plots. An embedding delay of 1 sample, for each data set,
was therefore selected as a starting point.

Figure 8 shows the prediction performance of the nonlinear
and linear predictors on both the Dawber data sets. As
was found in section 4of this paper for the wavetank data,
the predictor function of the Dawber data sets appears
to be linear. Interestingly, the Dawber-VV data is more
predictable than the Dawber-HH data despite the fact that it
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Figure 7: Mutual information plot for Dawber data sets.
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Figure 8: Validation data set NMSEVvs training length for
Dawber-VV (thin lines), and Dawber-HH (thick lines) data
sets. A linear predictor with 10 taps, and a cubic (order=3)

\olterra series predictor with an embedding dimension of

- o 5 10 15 20 25 30 35 40 45 50 55
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Figure 9: Validation data set NMSEvs embedding delay for
Dawber-VV (thin lines), and Dawber-HH (thick lines) data
sets. A linear predictor with 10 taps, and a cubic (orde3¥
Volterra series predictor with embedding dimension 0f 1

were used on both Dawber data sets. A NRBF with an em

bedding dimension of 10 and 100 centres was used en th
Dawber-VV data. A NRBF with an embedding dimensibn
17 and 100 centres was used on the Dawber-HH daa.
training length of 8000 samples was used by all the ptedic
ors.

and P; = 1. Thiswould mean no falseaarms, and if atarget
were present, it would always be detected. Receiver operat-
ing curves (plots of Py, versus P;) can be used to assess
detection performance.

10 were used on both Dawber data sets. A NRBF with ang.2 Fixed threshold detector
embedding dimension of 10 and 100 centres was used on the ) .
Dawber-VV data. A NRBF with an embedding dimension of A threshold was set for this detector using a small set

17 and 100 centres was used on the Dawber-

embedding delay of 1 sample was used by all the predictors.

was collected during alower wind speed. Thisis an area of
ongoing research.

Figure 9 showsthat increasing the embedding delay does not
improve the prediction performance of the linear predictor
or of the nonlinear predictorsfor either Dawber data set.

6 Detection strategies

A fixed threshold detector and a linear predictor-detector
have been used to compare the performance of the nonlinear
predictor-detectors.

6.1 Falsealarm rateand detector design

A false dlarm refers to noise or clutter being mistaken for a
target signal. In aradar detector design, the aimisto fix the
probability of false alarm, Py,, and maximise the probabil-
ity of detection, P;. Theideal situationwould beif Py, = 0,

HH data. An©f clutter-only data to form a clutter amplitude histogram.

The histogram was used to determine a threshold level that
would result in atolerable number of false alarms.

6.3 Predictor-detectors

The predictor (linear, RBF, or Volterra series) was trained
using asmall set of clutter-only data. After training, the free
parameters of the predictor were fixed. Another small set of
clutter-only data was then passed through the predictor, and
the errors produced were used to form a histogram, which
was used to set an error threshold for adesired Py,. Theidea
isthat during training the predictor should |earn to recognise
the clutter. Therefore, if clutter-only data is present at the
input, the predictor will produce a small error. If atarget as
well as clutter is present at the input, then the predictor will
produce alarge error.

7 Detection results

As the prediction results for both the wavetank and Dawber
data sets have been shown to have linear predictor functions,
detection results are only presented for the wavetank data.

Figures 10 and 11 show receiver operating curves (ROC's)
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Figure 10: Detection of 12ms~—! wavetank data.
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Figure 11: Detection of 4ms~! wavetank data.

for range cell 16 of the 12ms~! and 4ms~! data sets,
respectively. In each case a Swerling [12] (fluctuating
Rayleigh) target was used, and the signal to clutter ratio was
set to 0.2dB. Small signal to clutter ratios are of particular
interest in practice. In both plots an embedding dimension
of 10, an embedding delay of 1, and a training length of
6000 samples were used for both the Volterra, and the linear
predictor-detectors.

As expected from the prediction resultsin section 4thelin-
ear and Volterra series predictor-detector results are very
similar. The predictor-detectors perform better than the
fixed threshold detector, (for low probabilities of false
alarm), on the 12ms~"! data, which has a correlation length
of approximately 170 samples. The fixed threshold detector
performs better than the predictor-detectors on the 4ms—!
data, which is uncorrelated from sample to sample.

8 Conclusions

Prediction results have been presented for new non-coherent
sea clutter data sets, which show no evidence of nonlinear
predictability. However, the pulse compression used in
the collection of the wavetank data, and the fairly low
resolution of the Dawber data could be responsible for the
lack of nonlinear predictability. Therefore, whilst the use

of nonlinear predictor-detectors could not be justified to
improve the performance of a radar detector for any of the
clutter data sets analysed in this paper, thisis not to say that
thisisthe case for sea clutter in general.

Linear predictor-detectorsmay be used to improve detection
performance, relativeto afixed threshold detector, aslong as
the clutter data concerned has a sufficiently long correlation
length.
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