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Abstract
The detection and classification of extraterrestrial
transients has become increasingly important to the
scientific community. Current methods for achieving these
goals are effective but computationally expensive. This
paper investigates the potential of the augmented form of
the least mean squared adaptive processor for real time
beamforming in order to assist in the detection of transient
signals. The extension of the adaptive least mean squared
processor to the wideband non-linear form is detailed and
a brief overview of bispectral analysis is given. The
augmented LMS processor is found to be capable of
detecting a desired signal based on its nonlinear properties.

1 Introduction
Much of the historical development of radio astronomy has
been focused on the task of imaging the sky with increasing
accuracy, such that images can be made of objects ever
further away. The signals emitted by such distant sources
require extremely sensitive instruments in order to detect.
While the construction of larger and more sophisticated
telescopes aids in achieving the desired sensitivity,
recovering signals which are orders of magnitude below
the noise floor of the receiving instruments requires the
application of sophisticated signal processing. Many of the
signal processing techniques used in synthesis imaging are
highly effective at capturing the slowly varying sky, but are
detrimental to transient signals. Recently, an increased
interest in the detection and study of extraterrestrial
transients such as pulsar emissions and fast radio bursts
(FRBs) has led to a demand for better transient detection
and classification algorithms.
Many approaches to the detection of transients make use of
blind searches, some of which use aperture arrays to form
multiple beams which are capable of searching different
regions of the sky simultaneously. After detection, the
classifications of radio transients typically involves
processing several features which are extracted from the
raw data, including signal to noise ratio (SNR), dispersion
measure (DM) and bandwidth. The feature extraction and
classification of radio transients is described in detail by
[1]. The computational load of these detection and
classification algorithms often require powerful servers
and have been making increasing use of graphics
processing unit (GPU) technology [2]. While parametric
search algorithms and machine learning approaches work

well, they are computationally expensive. The increasing
data rates of modern radio telescopes leads to a demand for
effective algorithms which are highly parallelizable and
relatively simple.
FRBs are of particular interest currently as their origin as
well as the underlying processes which generate them are
largely unknown [3]. There is great interest in developing
means of detecting FRBs in real time and synthesizing
images of the regions of the sky from which they originate
in order to determine their source. FRBs have been shown
to have complex time frequency characteristics [4] and as
a result of their extragalactic origin are also distinct from
many other extraterrestrial transients in terms of their DMs,
as shown by [5]. Given that radio transients often contain
non-linear characteristics, an interesting prospect is
whether the use non-linear adaptive filters would be
capable of detecting unique nonlinearities contained within
certain classes of signal, such as FRB or pulsar emissions.
The least mean squared error (LMS) adaptive array
processor is well known for improving the performance of
communication systems when provided with an adequate
reference signal [6]. It is capable of adapting to its
environment by nulling out unwanted interference and
tracking desired signals. This paper investigates the
extension of the classical LMS algorithm to the wideband
non-linear case in order to detect signals with underlying
known nonlinearities and to automatically form beams
directed at these signals.

2 The LMS Adaptive Processor
Given a collection of N sensor elements the signal vector
at the system input can be expressed as,
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In the above equation, ( ) is some signal of interest, is
the delay in the desired signal at the
element and ( )
is the noise signal at the corresponding element. The noise
signal may contain both externally generated interference
signals as well as noise generated within the sensor
elements. The output of the system is,
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where
is a column vector containing the real valued
weights applied to the sensor elements and the superscript
T denotes the transpose operation. The mean square of the
difference between the output signal and the desired signal
is therefore,
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where
is the desired signal power,
is a vector
containing the correlation of the desired signal with each
input signal and
is the correlation matrix of the system
input vector. Since the mean squared error is a quadratic
equation, the optimal weights are calculated by setting its
gradient to zero,
=

,
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which is the well-known Wiener equation. Eq. (4)
represents the optimal steady state solution for the adaptive
system. This choice of weights is known to produce an
optimal signal to noise ratio given the second order
statistics of a desired linear process and undesired linear
noise. Of course, due to errors in the approximation of the
signal statistics as well as many other factors, including
perturbations in sensor element positions, it is unlikely that
an open loop system will achieve this optimal state. The
error between the output of the system and the desired
signal is therefore calculated and used as feedback for
weight adjustment. In a discrete time system, the control
law for the system weights is give as,
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A standard LMS system with 15 uniformly
spaced sensor elements is simulated. An
amplitude modulated (AM) signal acts as the
desired signal and is incident on the array from a
bearing of = 8 while a source of Gaussian
interference lies at a bearing of = 3 . The
carrier frequency is provided as a reference for
the processor. The resulting beam pattern is
shown in dB in Fig. 1.

3 The Wideband LMS Adaptive Processor
In order to be used for transient detection, the system
introduced in the previous section must be modified for
wideband applications. A common approach to wideband
array processing is the use of tapped delay lines (TDL).
These lines can be used to implement temporal finite
impulse response (FIR) filters which change the weights of
the spatial filter in a manner which is frequency dependent,
combined spatial and temporal filtering results in a spacetime processor. The LMS algorithm can be extended to the
TDL system in a straightforward manner. An in depth
discussion of the wideband implementation of the LMS
adaptive processor is given by [7]. Given a TLD adaptive
processor with L delay steps, a by vector of signals is
defined,
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is the time step between each tap delay section.
Each section in the TDL will now have its own weight
vector, so that the output of the augmented system is given
as,
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The optimal weight vector can then be calculated
using Eq. (4), except using the new signal and
weight vector definitions. The weights can be
updating according to Eq. (5). A tapped delay line
LMS processor with 21 elements and 64 delay
lines is simulated. The array is uniform and
standard to a simulated frequency of 1 GHz. The
desired signal is an analogue modulated signal
with a bandwidth of 120 MHz, a center frequency
of 500 MHz and has a bearing of = 6. The
carrier frequency is provided as a reference
signal. The resulting space-time beam is shown in
Fig 2. The processor is found to have no main
beam drift over the signal bandwidth.

4 Generalisation of the LMS Processor by
Means of Volterra Series Expansion

Figure 1. The adaptation of the LMS processor beam
pattern. The desired signal is located at u = 0.382
while the interference signal location is u = 0.886.
A detailed description of the LMS adaptive processor as
well as its transient behavior is provided by [6].

The classical approach to systems analysis using impulse
responses and single dimensional convolutions is only
effective for the characterising linear systems. The general
form of the output of a causal discrete time system can be
expanded using the Volterra series as described by [8],
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characterise it. These higher-order spectra have found use
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So that system is characterised by an infinite sum of
convolutions, where the nth convolution is n dimensional
and represents the nth order response of the system. This
method of representing nonlinear systems has the
advantage that the response of the system is linearly
dependent with respect to its convolution coefficients,
which allows for straight forward application of gradient
based optimisations. In practice, when using the Volterra
expansion for system design or analysis, the highest desired
order of the system response must be chosen and the
Volterra series must be truncated accordingly. In this work,
a quadratic LMS algorithm is used, so that the output of the
space-time filter can be expressed using the first two terms
of Eq. (8) and is given as,
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In the above equation the vector
determines the linear
determines the
response of the system while the matrix
quadratic response. The total error in the output of the
system is now the sum of the errors caused by the linear
and second order responses. The simplest method for
augmenting the wideband LMS algorithm from the
previous section in order to achieve the nonlinear case is by
grouping all of the weights into single weight vector. The
linear and second order system inputs can then also be
grouped into a single input vector, so that the system output
is,
( )=
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This allows for the direct application of the LMS algorithm,
as described in Sec. 2, except using the weight and input
signal vectors which include the nonlinear coefficients.

5 Nonlinear Signal Analysis Using HigherOrder Spectra
Characterisation of nonlinear systems has been discussed
in the previous section; it is now necessary to consider the
analysis and characterisation of nonlinear signals. Linear
random processes can be entirely characterized by their
power spectral densities, provided that they meet certain
stationarity criteria. In the case that a signal of interest is a
stationary linear process the knowledge of its power
spectrum can be used to design systems which operate
upon the process. In the case of non-linear random
processes, not all of the information regarding the nature of
the process is contained within the power spectrum, and

Figure 2 The space-time response beam of the
wideband LMS processor. The desired signal is
located at u = 0.5 and has a center frequency 500
MHz.
in many applications requiring the study and classification
of signals which originate from highly non-linear
processes, such as electroencephalography. A more
complete description of higher-order spectra and nonlinear
signal analysis is given by [9]. Just as the power spectral
density of a signal is defined as the Fourier transform of its
autocorrelation, the Nth order spectra is defined as the
Fourier transform of the Nth order cumulant function,
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In the case of a stationary process, the Nth order spectra has
N-1 dimensions. Higher order spectra have symmetrical
properties similar to those of the first order Fourier
spectrum. A particularly advantageous property of higher
order spectra is that they are high SNR domains, as spectra
higher than order two are identically zero for Gaussian
processes. A quadratic system is used in this work and so
the spectrum of interest in this case is that of order three,
which is commonly referred to as the bispectrum and is
defined as,
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Its relation to the third order moment function implies that,
statistically, the bispectrum is a measure of the average
skew of a process. From a deterministic view, the primary
nonlinearity represented by the bispectrum is that of
frequency mixing.

6 Detection of Signals with Known Nonlinear Characteristics
It is already known that adaptive non-linear filters are
capable of non-linear channel equalization, the objective of

the experiment was to determine whether the processor is
capable of detecting a desired signal when the provided
reference possesses the same nonlinear characteristics as
the desired signal. In the case of the linear LMS processor,
an AM signal can be recovered by providing the carrier
frequency as a reference. It was stated in Sec. 5 that
frequency mixing is fundamental to the bispectrum. A
modulation triplet was therefore provided as the reference
signal for a quadratic LMS processor.
The LMS algorithm described in Sec. 4 was simulated for
a system with 15 sensor elements and 25 delay sections.
The provided reference signal was,
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where = 150 MHz and = 400 MHz. A random signal
with a bandwidth of 60 MHz and a center frequency of 150
MHz was mixed with a sinusoid of frequency of 400 MHz.
The mixed signal was then added to the original signal
along with the modulated sinusoid in order to construct the
desired signal. An interfering Gaussian noise source was
introduced at a bearing which was different to that of the
desired signal. It was found that the processor is capable of
identifying the desired signal and attempted to block the
interferer, as shown in Fig. 3. The quality of the
reconstructed signal was found to be influenced by the
number of delay sections, receiving elements and feedback
gain. The system also took an average of 1 ns before it
converged to track the desired signal. Lastly, it was found
that many of the weights decayed to zero, potentially
indicating that the processor can be pruned in order to
improve its computational efficiency.

found to decay to negligible values. The LMS algorithm is
a time domain algorithm and so it avoids the need for FFTs
and IFFTs, as well as avoiding complex multiplications on
account of using only real weight values.. Dedispersion is
known to be very computationally expensive, an
interesting prospect for investigation in future work may be
the ability of adaptive processors to simultaneously detect
and didesperse transient signals.
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