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Preface

This book emanated from many discussions about collaborative research
among the editors. The discussions have focussed on using signal process-
ing methods for knowledge extraction and information fusion in a number
of applications from telecommunications to renewable energy and biomedi-
cal engineering. They have led to several successful collaborative efforts in
organizing special sessions for international conferences and special issues of
international journals. With the growing interest from researchers in different
disciplines and encouragement from Springer editors Alex Greene and Katie
Stanne, we were spurred to produce this book.

Knowledge extraction and information fusion have long been studied in
various areas of computer science and engineering, and the number of applica-
tions for this class of techniques has been steadily growing. Features and other
parameters that describe a process under consideration may be extracted
directly from the data, and so it is natural to ask whether we can exploit digi-
tal signal processing (DSP) techniques for this purpose. Problems where noise,
uncertainty, and complexity play major roles are naturally matched to DSP.
This synergy of knowledge extraction and DSP is still under-explored, but has
tremendous potential. It is the underlying theme of this book, which brings
together the latest research in DSP-based knowledge extraction and informa-
tion fusion, and proposes new directions for future research and applications.
It is fitting, then, that this book touches on globally important applications,
including sustainability (renewable energy), health care (understanding and
interpreting biomedical signals) and communications (extraction and fusing
of information from sensor networks).

The use of signal processing in data and sensor fusion is a rapidly growing
research area, and we believe it will benefit from a work such as this, in
which both background material and novel applications are presented. Some
of the chapters come from extended papers originally presented at the special
sessions in ICANN 2005 and KES 2006. We also asked active researchers in
signal processing with specializations in machine learning and multimodal
signal processing to make contributions to augment the scope of the book.
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This book is divided in four parts with four chapters each.

Collaborative Signal Processing Algorithms

Chapter 1 by Jelfs et al. addresses hybrid adaptive filtering for signal modality
characterization of real-world processes. This is achieved within a collabora-
tive signal processing framework which quantifies in real-time, the presence
of linearity and nonlinearity within a signal, with applications to the analysis
of EEG data. This approach is then extended to the complex domain and the
degree of nonlinearity in real-world wind measurements is assessed.

In Chap. 2, Hirata et al. extend the wind modelling approaches to address
the control of wind farms. They provide an analysis of the wind features which
are most relevant to the local forecasting of the wind profile. These are used
as prior knowledge to enhance the forecasting model, which is then applied to
the yaw control of a wind turbine.

A collaborative signal processing framework by means of hierarchical adap-
tive filters for the detection of sparseness in a system identification setting
is presented in Chap. 3, by Boukis and Constantinides. This is supported
by a thorough analysis with an emphasis on unbiasedness. It is shown that
the unbiased solution corresponds to existence of a sparse sub-channel, and
applications of this property are highlighted.

Chapter 4 by Zhang and Chambers addresses the estimation of the rever-
beration time, a difficult and important problem in room acoustics. This is
achieved by blind source separation and adaptive noise cancellation, which in
combination with the maximum likelihood principle yields excellent results in
a simulated high noise environment. Applications and further developments
of this strategy are discussed.

Signal Processing for Source Localization

Kuh and Zhu address the problem of sensor network localization in Chap. 5.
Kernel methods are used to store signal strength information, and complex
least squares kernel regression methods are employed to train the parameters
for the support vector machine (SVM). The SVM is then used to estimate
locations of sensors, and to track positions of mobile sensors. The chap-
ter concludes by discussing distributed kernel regression methods to perform
localization while saving on communication and energy costs.

Chapter 6, by Lenz et al., considers adaptive localization in wireless net-
works. They introduce an adaptive approach for simultaneous localization and
learning based on theoretical propagation models and self-organizing maps, to
demonstrate that it is possible to realize a self-calibrating positioning system
with high accuracies. Results on real-world DECT and WLAN groups support
the approach.
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In Chap. 7, Host-Madsen et al. address signal processing methods for
Doppler radar heart rate monitoring. This provides unobtrusive and ubiqui-
tous detection of heart and respiration activity from distance. By leveraging
recent advances in signal processing and wireless communication technologies,
the authors explore robust radar monitoring techniques through MIMO sig-
nal processing. The applications of this method include health monitoring and
surveillance.

Obradovic et al. present the fusion of onboard sensors and GPS for real-
world car navigation in Chap. 8. The system is based on the position estimate
obtained by Kalman filtering and GPS, and is aided by corrections pro-
vided by candidate trajectories on a digital map. In addition, fuzzy logic is
applied to enhance guidance. This system is in operation in a number of car
manufacturers.

Information Fusion in Imaging

In Chap. 9, Chumerin and Van Hulle consider the detection of independently
moving objects as a component of the obstacle detection problem. They show
that the fusion of information obtained from multiple heterogeneous sensors
has the potential to outperform the vision-only description of driving scenes.
In addition, the authors provide a high-level sensor fusion model for detection,
classification, and tracking in this context.

Aghajan, Wu, and Kleihorst address distributed vision networks for human
pose analysis in Chap. 10. This is achieved by collaborative processing and
data fusion mechanisms, and under a low bandwidth communication con-
straint. The authors employ a 3D human body model as the convergence
point of the spatiotemporal and feature fusion. This model also allows the
cameras to interact and helps the evaluation of the relative values of the
derived features.

The application of information fusion in E-cosmetics is addressed by
Tsumura et al. in Chap. 11. The authors develop a practical skin color analysis
and synthesis (fusion) technique which builds upon both the physical back-
ground and physiological understanding. The appearance of the reproduced
skin features is analysed with respect to a number of practical constraints,
including the imaging devices, illuminants, and environments.

Calhoun and Adalı consider the fusion of brain imaging data in Chap. 12.
They utilize multiple image types to take advantage of the cross information.
Unlike the standard approaches, where cross information is not taken into
account, this approach is capable of detecting changes in functional magnetic
resonance imaging (fMRI) activation maps. The benefits of the information
fusion strategy are illustrated by real-world examples from neurophysiology.

Knowledge Extraction in Brain Science

Chapter 13, by Mandic et al. considers the “data fusion via fission” approach
realized by empirical mode decomposition (EMD). Extension to the complex
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domain also helps to extract knowledge from processes which are strongly
dependent on synchronization and phase alignment. Applications in real-world
brain computer interfaces, e.g., in brain prosthetics and EEG artifact removal,
illustrate the usefulness of this approach.

In Chap. 14, Rutkowski et al. consider some perceptual aspects of the
fusion of information from multichannel EEG recordings. Time–frequency
EMD features, together with the use of music theory, allow for a convenient
and unique audio feedback in brain computer and brain machine (BCI/BMI)
interfaces. This helps to ease the understanding of the notoriously difficult to
analyse EEG data.

Cao and Chen consider the usefulness of knowledge extraction in brain
death monitoring applications in Chap. 15. They combine robust principal
factor analysis with independent component analysis to evaluate the statistical
significance of the differences in EEG responses between quasi-brain-death
and coma patients. The knowledge extraction principles here help to make a
binary decision on the state of the consciousness of the patients.

Chapter 16, by Golz and Sommer, addresses a multimodal approach to the
detection of extreme fatigue in car drivers. The signal processing framework
is based on the fusion of linear (power spectrum) and nonlinear (delay vec-
tor variance) features, and knowledge extraction is performed via automatic
input variable relevance detection. The analysis is supported by results from
comprehensive experiments with a range of subjects.

London, Danilo Mandic
October 2007 Martin Golz

Anthony Kuh
Dragan Obradovic
Toshihisa Tanaka
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Part I

Collaborative Signal Processing Algorithms



1

Collaborative Adaptive Filters for Online
Knowledge Extraction and Information Fusion

Beth Jelfs, Phebe Vayanos, Soroush Javidi, Vanessa Su Lee Goh,
and Danilo P. Mandic

We present a method for extracting information (or knowledge) about the
nature of a signal. This is achieved by employing recent developments in signal
characterisation for online analysis of the changes in signal modality. We show
that it is possible to use the fusion of the outputs of adaptive filters to produce
a single collaborative hybrid filter and that by tracking the dynamics of the
mixing parameter of this filter rather than the actual filter performance, a
clear indication as to the nature of the signal is given. Implementations of
the proposed hybrid filter in both the real R and the complex C domains are
analysed and the potential of such a scheme for tracking signal nonlinearity
in both domains is highlighted. Simulations on linear and nonlinear signals in
a prediction configuration support the analysis; real world applications of the
approach have been illustrated on electroencephalogram (EEG), radar and
wind data.

1.1 Introduction

Signal modality characterisation is becoming an increasingly important area of
multidisciplinary research and large effort has been put into devising efficient
algorithms for this purpose. Research in this area started in mid-1990s but
its applications in machine learning and signal processing are only recently
becoming apparent. Before discussing characterisation of signal modalities
certain key properties for defining the nature of a signal should be outlined
[8, 21]:

1. Linear (strict definition) – A linear signal is generated by a linear time-
invariant system, driven by white Gaussian noise.

2. Linear (commonly adopted) – Definition 1 is relaxed somewhat by allowing
the distribution of the signal to deviate from the Gaussian one, which can
be interpreted as a linear signal from 1. measured by a static (possibly
nonlinear) observation function.
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Fig. 1.1. Deterministic vs. stochastic nature or linear vs. nonlinear nature

3. Nonlinear – A signal that cannot be generated in the above way is
considered nonlinear.

4. Deterministic (predictable) – A signal is considered deterministic if it can
be precisely described by a set of equations.

5. Stochastic – A signal that is not deterministic.

Figure 1.1 (modified from [19]) illustrates the range of signals spanned by the
characteristics of nonlinearity and stochasticity. While signals with certain
characteristics are well defined, for instance chaotic signals (nonlinear and
deterministic) or those produced by autoregressive moving average (ARMA)
models (linear and stochastic signals), these represent only the extremes in
signal nature and do not highlight the majority of signals which do not fit into
such classifications. Due to the presence of such factors as noise or uncertainty,
any real world signals are represented in the areas (a), (b), (c) or ‘?’; these
are significant areas about which we know little or nothing. As changes in the
signal nature between linear and nonlinear and deterministic and stochastic
can reveal information (knowledge) which is critical in certain applications
(e.g., health conditions) the accurate characterisation of the nature of signals
is a key prerequisite prior to choosing a signal processing framework.

The existing algorithms in this area are based on hypothesis testing [6, 7,
20] and describe the signal changes in a statistical manner. However, there are
very few online algorithms which are suitable for this purpose. The purpose
of the approach described in this chapter is to introduce a class of online
algorithms which can be used not only to identify, but also to track changes
in the nature of the signal (signal modality detection).

One intuitive method to determine the nature of a signal has been to
present the signal as input to two adaptive filters with different characteristics,
one nonlinear and the other linear. By comparing the responses of each filter,
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this can be used to identify whether the input signal is linear or not. While
this is a very useful simple test for signal nonlinearity, it does not provide an
online solution. There are additional ambiguities due to the need to choose
many parameters of the corresponding filters and this approach does not rely
on the “synergy” between the filters considered.

1.1.1 Previous Online Approaches

In [17] an online approach is considered which successfully tracks the degree of
nonlinearity of a signal using adaptive algorithms, but relies on a parametric
model to effectively model the system to provide a true indication of the degree
of nonlinearity. Figure 1.2 shows an implementation of this method using
a third-order Volterra filter and the normalised least mean square (NLMS)
algorithm with a step size μ = 0.008 to update the system parameters. The
system input and output can be described by

u[k] =
I∑

i=0

aix[k − i] where I = 2 and a0 = 0.5, a1 = 0.25, a2 = 0.125,

y[k] = F (u[k]; k) + η[k], (1.1)

where x[k] are i.i.d uniformly distributed over the range [−0.5, 0.5] and η[k] ∼
N (0, 0.0026). The function F (u[k]; k) varies with k

F (u[k]; k) =

⎧
⎨

⎩

u3[k] for 10,000 < k ≤ 20,000,
u2[k] for 30,000 < k ≤ 40,000,
u[k] at all other times.

(1.2)

The output y[k] can be seen in the first trace of Fig. 1.2, the second and third
traces show the residual estimation errors of the optimal linear system and
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Fig. 1.2. Estimated degree of signal nonlinearity for an input alternating from linear
to nonlinear
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Volterra system, respectively, the final trace is the estimated degree of signal
nonlinearity. While these results show that this approach can detect changes
in nonlinearity and is not affected by the presence of noise, this may be largely
due to the nature of the input signal in question being particularly suited to
the Volterra model.

This type of method relies on the nature of the nonlinearity under obser-
vation being suited to the actual signal model; in real world situations it is
not always possible to know the nonlinearity in advance, therefore their appli-
cation is limited. To overcome these limitations, we propose a much more
flexible method based on collaborative adaptive filtering.

1.1.2 Collaborative Adaptive Filters

Developing on the well-established tracking capabilities of adaptive filters
using combinations of adaptive subfilters in a more natural way produces
a single hybrid filter without the need for any knowledge of underlying sig-
nal generation models. Hybrid filters consist of multiple individual adaptive
subfilters operating in parallel and all feeding into a mixing algorithm which
produces the single output of the filter [4, 13]. The mixing algorithms are also
adaptive and combine the outputs of each subfilter based on the estimate of
their current performance on the input signal from their instantaneous output
error.

Many previous applications of hybrid filters have focused mainly on the
improved performance they can offer over the individual constituent filters.
Our aim is to focus on one additional effect of the mixing algorithm, that is, to
show whether it can give an indication of which filter is currently responding to
the input signal most effectively. Therefore, intuitively by selecting algorithms
which are particularly suited to one type of input signals, it is possible to
cause the mixing algorithm to adapt according to fundamental properties of
the input signal.

A simple form of mixing algorithm for two adaptive filters is a convex
combination. Convexity can be described as [5]

λx + (1− λ)y where λ ∈ [0, 1]. (1.3)

For x and y being two points on a line, as shown in Fig. 1.3, their convex
mixture (1.3) will lie on the same line between x and y.

For convex mixing of the outputs of adaptive filters, it is intuitively clear
that initially λ will adapt to favour the faster filter (that is the filter with
faster learning rate) and following convergence it will favour the filter with

λx + (1−λ)yx y

Fig. 1.3. Convexity
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better steady-state properties1; should one of the subfilters fail to converge,
the values of λ adapt such that the hybrid filter follows the stable subfilter [16].
The approach in this chapter focuses on observing the dynamics of mixing
parameter λ, to allow conclusions to be drawn about the current nature of
the input signal.

1.2 Derivation of The Hybrid Filter

Unlike the existing approaches to hybrid adaptive filters which focus on the
quantitative performance of such filters, in this case the design of the hybrid
filters is such that it should combine the characteristics of two distinctly dif-
ferent adaptive filters. Signal modality characterisation is achieved by making
the value of the “mixing” parameter λ adapt according to the fundamental
dynamics of the input signal. In this chapter we illustrate applications of this
method for characterisation of nonlinearity and complexity on both synthetic
and real world data, but this method can be equally well applied to any other
signal characteristics. With that in mind we start from the general derivation
of the convex hybrid filter before moving on to specific implementations.

Figure 1.4 shows the block diagram of a hybrid filter consisting of two
adaptive filters combined in a convex manner. At every time instant k, the
output of the hybrid filter, y(k), is an adaptive convex combination of the
output of the first subfilter y1(k) and the output of the second subfilter y2(k),
and is given by

y(k) = λ(k)y1(k) + (1− λ(k)) y2(k), (1.4)

filter 1
w1(k)

x(k)

d(k)

y(k)

−

−

−

λ (k )

1 − λ(k)

e1(k)

y1(k)

y2(k)

e2(k)

e(k)

filter 2
w2(k)

Fig. 1.4. Convex combination of adaptive filters (hybrid filter)

1 Unlike traditional search then converge approaches this method allows for
potentially nonstationary data.
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where y1(k) = xT(k)w1(k) and y2(k) = xT(k)w2(k) are the outputs of the two
subfilters with corresponding weight vectors w1(k) = [w1,1(k), . . . , w1,N (k)]T

and w2(k) = [w2,1(k), . . . , w2,N (k)]T which are dependent on the algorithms
used to train the subfilters based on the common input vector x(k) = [x1(k),
. . . , xN (k)]T for filters of length N .

To preserve the inherent characteristics of the subfilters, which are the
basis of our approach, the constituent subfilters are updated by their own
errors e1(k) and e2(k), using a common desired signal d(k), whereas the
parameter λ is updated based on the overall error e(k). The convex mix-
ing parameter λ(k) is updated based on minimisation of the quadratic cost
function E(k) = 1

2e
2(k) using the following gradient adaptation:

λ(k + 1) = λ(k)− μλ∇λE(k)|λ=λ(k), (1.5)

where μλ is the adaptation step-size. From (1.4) and (1.5), using an LMS type
adaptation, the λ update can be obtained as

λ(k + 1) = λ(k) − μλ

2
∂e2(k)
∂λ(k)

= λ(k) + μλe(k)(y1(k)− y2(k)). (1.6)

To ensure the combination of adaptive filters remains a convex function,
it is critical that λ remains within the range 0 ≤ λ(k) ≤ 1. In [4] the authors
obtained this through the use of a sigmoid function as a post-nonlinearity to
bound λ(k). Since, to determine the changes in the modality of a signal, we are
not interested in the overall performance of the filter but in the dynamics of
parameter λ, the use of a sigmoid function would interfere with true values of
λ(k) and was therefore not appropriate. In this case a hard limit on the set
of allowed values for λ(k) was therefore implemented.

1.3 Detection of the Nature of Signals: Nonlinearity

Implementations of the hybrid filter described above using the LMS algo-
rithm [23] to train one of the subfilters and the generalised normalised gradient
descent (GNGD) algorithm [15] for the other, have been used to distinguish
the linearity/nonlinearity of a signal [11]. The LMS algorithm was chosen as
it is widely used, known for its robustness and excellent steady-state proper-
ties whereas the GNGD algorithm has a faster convergence speed and better
tracking capabilities. By exploiting these properties it is possible to show that
due to the synergy and simultaneous mode of operation, the hybrid filter
has excellent tracking capabilities for signals with extrema in their inherent
linearity and nonlinearity characteristics.

The output of the LMS trained subfilter yLMS is generated from [23]

yLMS(k) = xT(k)wLMS(k),
eLMS(k) = d(k)− yLMS(k),

wLMS(k + 1) = wLMS(k) + μLMSeLMS(k)x(k) (1.7)
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and yGNGD is the corresponding output of the GNGD trained subfilter given
by [15]

yGNGD(k) = xT(k)wGNGD(k) (1.8)
eGNGD(k) = d(k)− yGNGD(k)

wGNGD(k+1) = wGNGD(k) +
μGNGD

‖x(k)‖22 + ε(k)
eGNGD(k)x(k)

ε(k+1) = ε(k)−ρμGNGD
eGNGD(k)eGNGD(k−1)xT(k)x(k−1)

(‖x(k − 1)‖22 + ε(k − 1))2

where the step-size parameters of the filters are μLMS and μGNGD, and in
the case of the GNGD ρ is the step-size adaptation parameter and ε the
regularisation term.

By evaluating the resultant hybrid filter in an adaptive one-step ahead
prediction setting with the length of the adaptive filters set to N = 10, it is
possible to illustrate the ability of the hybrid filter to identify the modality of
a signal of interest. The behaviour of λ has been investigated for benchmark
synthetic linear and nonlinear inputs. Values of λ were averaged over a set of
1,000 independent simulation runs, for the inputs described by a stable linear
AR(4) process:

x(k) = 1.79x(k− 1)− 1.85x(k− 2)+1.27x(k− 3)− 0.41x(k− 4)+n(k) (1.9)

and a benchmark nonlinear signal [18]:

x(k + 1) =
x(k)

1 + x2(k)
+ n3(k), (1.10)

where n(k) is a zero mean, unit variance white Gaussian process. The values of
the step-sizes used were μLMS = 0.01 and μGNGD = 0.6. For the GNGD filter
ρ = 0.15 and the initial value of the regularisation parameter was ε(0) = 0.1.
Within the convex combination of the filters, filter 1 corresponds to the GNGD
trained subfilter and filter 2 to the LMS trained subfilter, the step-size for the
adaptation of λ(k) was μλ = 0.05 and the initial value2 of λ(0) = 1.

From the curves shown in Fig. 1.5 it can be seen the value of λ(k) for both
inputs moves towards zero as the adaptation progresses. As expected, the
output of the convex combination of adaptive filters approaches the output
of the LMS filter yLMS predominately. This is due to the better steady-state
properties of the LMS filter when compared to the GNGD filter, which due
to its constantly ‘alert’ state does not settle in the steady state as well as the
LMS. In the early stages of adaptation, the nonlinear input (1.10) adapts to
become dominated by the LMS filter much faster than the linear input and

2 Since GNGD exhibits much faster convergence than LMS, it is natural to start
the adaptation with λ(0) = 1. This way, we avoid possible artefacts that may
arise due to the slow initial response to the changes in signal modality.
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Fig. 1.5. Comparison of the mixing parameter λ for linear and nonlinear inputs

rapidly converges, whereas the linear input (1.9) changes much more gradually
between the two filters.3

1.3.1 Tracking Changes in Nonlinearity of Signals

It is also possible to use changes in λ along the adaptation to track the changes
in signal modality. Since the behaviour of λ as a response to the different inputs
is clearly distinct, especially in the earliest stages of adaptation, the convex
combination was presented with an input signal which alternated between
linear (1.9) and nonlinear (1.10). The input signal was alternated every 200
samples and the corresponding dynamics of the mixing parameter λ(k) are
shown in Fig. 1.6. From Fig. 1.6 it is clear that the value of λ(k) adapts in a
way which ensures that the output of the convex combination is dominated
by the filter most appropriate for the input signal characteristics.

To illustrate the discrimination ability of the proposed approach, the next
set of simulations shows the results of the same experiment as in Fig. 1.6, but
for a decreased number of samples between the alternating segments of data.
Figure 1.7 shows the response of λ(k) to the input signal alternating every
100 and 50 samples, respectively. There is a small anomaly in the values of
λ immediately following the change in input signal from nonlinear to linear,
which can be clearly seen in Fig. 1.7 around sample numbers 100i, i = 1, 2, . . . ,
where the value of λ exhibits a small dip before it increases. This is due to the
fact that the input to both the current AR process (1.9) and the tap inputs to
both filters use previous nonlinear samples where we are in fact predicting the

3 Both filters perform well on a linear input and are competing along the
adaptation.
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Fig. 1.6. Evolution of the mixing parameter λ for input nature alternating every
200 samples
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Fig. 1.7. Evolution of the mixing parameter λ for a signal with input nature alter-
nating between linear to nonlinear. (a) Input signal nature alternating every 100
samples and (b) input signal nature alternating every 50 samples

first few “linear” samples. This does not become an issue when alternations
between the input signals occur less regularly or if there is a more natural
progression from “linear” to “nonlinear” in the the input signal.

Real World Applications

To examine the usefulness of this approach for the processing of real world sig-
nals, a set of EEG signals has been analysed. Following the standard practice,
the EEG sensor signals were averaged across all the channels and any trends
in the data were removed. Figure 1.8 shows the response of λ when applied
to two different sets of EEG data from epileptic patients, both showing the


