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Abstract

This dissertation presents the implementation of signal processing infrastructure

in Julia Programming Language. The aim is to aid sea clutter analysis using

NetRAD and NeXtRAD data. Scripts written in Julia Programming Language

and supporting documentation on how to navigate through compressed HDF5

files, apply pulse compression, pulse-Doppler processing and an adaptive LMS

filter for interference suppression is presented. Both serial and multi-core pulse

compression and pulse-Doppler processing functions are implemented. The

assessment of the algorithm computation times highlights Julia’s dependence

on large amounts of RAM and slow data movement between worker processes.

Multi-core pulse compression on 130 000 pulses each with 2 048 samples was not

found to be faster than the serial implementation. Multi-core pulse-Doppler

processing was able to achieve a speedup of 1.6 for a dataset with 102 400

pulses. Datasets larger than 102 400 pulses resulted in a memory bottleneck.

The adaptive LMS filter was validated by applying an OS-CFAR detector to

match filtered data before and after filtering. The filter was unable to improve

the precision or recall for highly cluttered pulses, but was able to reduce the

number of highly cluttered pulses.
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Chapter 1

Introduction

This chapter introduces the major themes of the dissertation. First, the project

is given context in Section 1.1 with a background of NetRAD. The need for

software infrastructure for NetRAD and NeXtRAD is motivated in Section 1.2.

Section 1.3 specifies the general computing and signal processing problems to

be investigated. Section 1.4 formalises the purpose of the dissertation. Section

1.5 states the scope of the project and Section 1.6 gives an overview of the

dissertation.

1.1 Background

In radar signal processing, sea clutter is a widely researched topic. Most research

in this area, however, is based on monostatic radar data. As Section 2.1 will show,

little research exists on the properties of sea clutter in a bistatic or multistatic

configuration, primarily due to the lack of available data. NetRAD is a netted

radar project that started with the purpose of collecting sea clutter data to aid

the research in this field.
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CHAPTER 1. INTRODUCTION

1.2 Motivation

Given that NetRAD’s main purpose was to support research, the radar datasets

were made available to any interested parties. Each dataset contains not only the

(130 000 pulses×2 048 range samples) radar echo data, but also metadata such as

radar operating parameters, environmental conditions and sea state information

relevant to each experiment. During data collection campaigns, external factors

led to some datasets being corrupted. This is typical of practical measurement

campaigns. Software infrastructure to perform necessary processing on raw data

is a valuable asset not only for NetRAD, but for its successor NeXtRAD, which is

currently under development. The infrastructure proposed would provide a user

with the ability to quickly and conveniently produce radar plots with enhanced

signal-to-noise, produce pulse-Doppler plots and in cases where there is radio

frequency interference, provide a suppression technique.

1.3 Contributions

This dissertation contributes improved usability and data preparation support for

multistatic radar systems, NetRAD and NeXtRAD. Large amounts of data has

been collected since 2009, however, due to the inconsistencies in data formatting

and lack of archiving, only a small portion of the available data has actually

been analysed. This project has developed and documented a collection of

software scripts to read raw data as well as metadata from compressed data files,

convert samples from raw ADC values to voltage, increase the signal-to-noise

ratio (SNR) using pulse compression, apply pulse-Doppler processing, and apply

an interference suppression filter in an open-source programming language. The

aim of this work is to aid sea clutter analysis from the raw data acquisition

stage to filtered data preparation. The radar processing techniques have been

implemented in a new scientific language, Julia, which demonstrates its use in

a radar application and compares its performance for a single core versus a

multi-core implementation.

2



CHAPTER 1. INTRODUCTION

Figure 1.1 gives a brief overview of the different goals intended for the

infrastructure to be developed.

Figure 1.1: Overview of infrastructure software flow.

The main contributions can thus be summarised as:

1. Script to read NetRAD data from a binary/compressed HDF5/text file in

Julia Programming Language.

2. Script to navigate through HDF5 file to extract radar datasets and

metadata in Julia Programming Language.

3. Serial and multi-core script to produce pulse compressed data in Julia

Programming Language.

4. Serial and multi-core script to produce pulse-Doppler processed data in

Julia Programming Language.

5. Script to suppress radio frequency interference present in NetRAD data in

Julia Programming Language.

3



CHAPTER 1. INTRODUCTION

1.4 Purpose of Study

This report forms part of an ongoing study on multi-frequency, multistatic radar

systems. The amount of data produced in the NetRAD project is in the order

of hundreds of Gigabytes and NeXtRAD its successor will only add to the

large database. This study focuses on building software infrastructure in a new

scientifically oriented language, to deal with large amounts of complex data and

provide scientists and engineers with the tools to find relevant data, have quick

access to appropriate statistical properties, and visualise the data to aid the

analysis and future research.

1.5 Scope and Limitations

This report is limited to the development of pulse compression, pulse-Doppler

processing and Wi-Fi interference suppression software in Julia Programming

Language. It does not include software development in other languages.

Although the software was developed specifically in support of the NetRAD

and NeXtRAD projects initiated at University College London and University

of Cape Town, it is open-source and can be used in any other application.

1.6 Dissertation Outline

The dissertation begins with a review on multistatic radar, radar signal

processing techniques, multi-core computing, and an introduction to Julia

Programming Language in Chapter 2. The advantages and disadvantages of

multistatic radar systems are discussed in Section 2.1 followed by an overview of

NetRAD and the database, which is still under development. When dealing with

experimental recordings, it is necessary to process the data prior to subsequent

analysis. Section 2.2 reviews the theory on pulse compression, Doppler processing

and radio frequency interference suppression. Section 2.3 looks at parallel

4



CHAPTER 1. INTRODUCTION

computing architectures, which are used to speed up processing time. The

chapter ends with an assessment of the suitability of Julia Programming

Language in a radar signal processing context in Section 2.4.

Chapter 3 discusses the file format standard in which all NeXtRAD data will be

stored. Section 3.1 explains the data model for HDF5 as well as the file format

and explains how to use the Julia script to navigate through an HDF5 file to

acquire relevant data. The chapter is summarised in Section 3.2.

Chapter 4 details the signal processing tools required for the preparation of

NetRAD data. Section 4.2 describes the scripts developed for pulse compression

and discusses the processed data and the computation time of the algorithm.

Section 4.3 describes the script to implement pulse-Doppler processing, discusses

the computation time as well as how to produce and interpret pulse-Doppler data

visualisations. Section 4.4 describes a drone experiment using NetRAD and the

WiFi contaminated datasets associated with it. The script which implements an

adaptive least mean squares filter to suppress the interference is detailed, and the

performance of the filter is assessed visually and is quantified by implementing

an Ordered Statistic Constant False Alarm detector. This chapter is summarised

in Section 4.5.

Chapter 5 explores Julia’s multi-core platform and important themes related to

parallel implementations. It introduces the concept of speedup and the degree of

parallelism that can be expected from a multi-core algorithm. Sections 5.1 and

5.2 describe the parallel implementations of pulse compression and pulse-Doppler

processing respectively. In each case the parallel implementation is compared to

its serial counterpart in terms of computation time for various numbers of pulses

considered. The chapter is summarised in Section 5.3.

Finally chapter 6 concludes the dissertation by reiterating the motivation,

contributions and most important findings. Based on these results and findings

recommendations for future work are made.

5



Chapter 2

Literature Review

2.1 Multistatic Radar

In literature, a collection of multiple monostatic radar or bistatic radar

components which are separated spatially, have overlapping coverage area and

work together as one system is loosely referred to as a multistatic, netted or

multisite radar system. In many cases, however, the architecture of the system

is not well defined. Target detection is usually done with each transmit-receive

pair performing separate detections within the region of interest [2]. Derham,

Doughty, Woodbridge and Baker [3] attempted to create a more well defined

definition for a low-cost multistatic, netted radar system as one comprising of

more than one transmitter and/or receiver, and in which complex signals are

centrally processed to form a joint detection. In addition to this, all nodes are

to have mutual temporal and spatial coherency. The spatial diversity gained by

having multistatic radar systems allows for different aspects of a target to be

viewed simultaneously. The NetRAD system comprises of one transmit-receive

node and two receive-only nodes. In other words, there is one monostatic node

and two bistatic nodes.

6
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2.1.1 NetRAD

Due to the benefits of multistatic radar systems (See Appendix A for more

details), they are becoming the favoured alternative as a more effective way to

detect and track low-signature targets in cluttered environments. The NetRAD

project was started to help produce data to aid research in this field.

NetRAD was a three node coherent multistatic netted radar system developed

by University College London in 2000 [4, 5, 6]. Current literature on monostatic

sea clutter is well researched [7, 8, 9, 10], but little data exists on bistatic and

multistatic sea clutter [4]. As a result limited research on the topic exists.

NetRAD was developed with the intention of providing data for understanding

sea clutter and vessel properties in bistatic and multistatic configurations. The

original system design was implemented as a cable synchronised, multi-node

radar. Practically the 50 meter cables used to connect the nodes introduced

limitations in the achievable bistatic angles as well as synchronisation. As a

result, in 2003 the University of Cape Town joined the project to develop a

centrally controlled wireless network, using a GPS disciplined synchronised set of

clocks. This allowed nodes to be spaced much further apart and solved practical

synchronisation problems. NetRAD operated in S-Band (the Wi-Fi Band) at

2.4 GHz, which meant that sites had to be carefully chosen. Nonetheless, data

form some campaigns still exhibit Wi-Fi contamination [4, 6]. See Section 2.2.3

for Radio Frequency Interference Suppression.

NeXtRAD, the successor of NetRAD, currently still in development will

be dual band, that is X- and L-Band [6]. It will be fully polarimetric in X-Band,

i.e. co- and cross-polar components can be simultaneously received. There are

two X-Band receive channels and one L-Band receive channel. It takes two

cycles to gather the X-Band matrix and four cycles to gather the L-Band. In

total it requires eight Pulse Repetition Intervals (PRIs) for both frequencies.

The transmitter is to be switched between PRIs. Hybrid polarimetry is also

planned.

7
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2.1.2 NeXtRAD Database

A large amount of multistatic measurements of targets and clutter have been

collected over the past years using the NetRAD system. At the time the chosen

method of storing the data proved to be cumbersome and significantly hampered

the usability of the data for analysis. It has therefore become necessary to

organise the data into a database [5] such that the user can navigate and acquire

data by specifying parameters such as the sea state, range and bistatic angle.

2.2 Signal Processing Techniques

This chapter reviews the fundamental theory of pulse compression, Doppler

processing and WiFi interference suppression.

2.2.1 Pulse Compression

Pulse compression is a technique used in radar signal processing that tries to

discriminate target signals from the initially dominant background noise by

using a matched filter, which maximises the signal-to-noise ratio when the

received signal weak relative to the transmitted signal [11, 12].

The need for pulse compression arises from the need to simultaneously

have a pulse that has enough energy to travel large distances, while maintaining

a high range resolution, which is achieved with a short pulse width [13]. Figure

2.1 illustrates the pulse width dilemma that pulse compression aims to solve.

Ideally we would prefer the transmitted pulse to have a short pulse-width in

order to have a good resolution of closely spaced targets, illustrated in sub-figure

(a). At the same time, the maximum range that the signal can travel in space

and still be reliably detected is proportional to the amount of energy in the

signal. To achieve this, we would either need to increase the pulse width as

shown in sub-figure (b) or increase the pulse amplitude. Unfortunately, there

8



CHAPTER 2. LITERATURE REVIEW

are practical limits to the amount of peak power that can be produced, thus

to increase the energy in the signal, we would require a longer pulse-width.

These seemingly contradicting requirements can both be satisfied with the pulse

compression technique when used together with specially designed waveforms

[13].

Figure 2.1: An illustration of the pulse width dilemma in radar detection.

(a) A short transmitted pulse is able to discriminate between closely spaced
targets, but there is limit to the amount of peak power and thus also the
maximum detectable range.

(b) A long pulse has a larger maximum detectable range, but suffers from
poor range resolution.

9



CHAPTER 2. LITERATURE REVIEW

In theory, pulse compression can be performed in either the time domain or the

frequency domain. Practically, to achieve a compressed signal output we convolve

the sampled echo data in the time domain with a waveform (the matched filter),

which is modulated in some way.

Waveforms In radar applications, the special waveform referred to is a

time-reversed replica of the original transmitted signal. In NetRAD this

waveform is a pulse which is linearly modulated in frequency. There are

several other options for appropriate waveforms such as phase-coded waveforms

and non-linear frequency modulated waveforms that could be used in pulse

compression. The linear frequency modulated (LFM) waveform, however, is

a popular choice in radar applications [13], [14, Ch.1] for its simplicity of

implementation, its well established receiver filtering structure and its Doppler

tolerance. Figure 2.2 shows the recorded reference signal transmitted and

received on Node 3 with 500 samples.

Figure 2.2: Raw recorded NetRAD LFM up chirp signal with the offset removed.

Notation: Vector Representation of Sampled Signals We introduce the

notation also used in [14] for the vector representation of sampled signals, which

will be used throughout this chapter. We will express the impulse response and

10



CHAPTER 2. LITERATURE REVIEW

the signal as column vectors with the following notation respectively:

h = [h[0] h[1] ... h[L− 1]]T , x = [x[0] x[1] ... x[L− 1]]T . (2.1)

Notation: Spectral Representation of Sampled Signals It is convenient

to work in the frequency domain rather that in the time domain, for operations

such as pulse compression since convolution in the time domain is multiplication

in the frequency domain. Consider the impulse response of the system h[n], then

the z-transform, H(z), relates the input and output in the z-domain via the

convolution equation as follows

Y (z) = H(z)X(z). (2.2)

Then since the Discrete Time Fourier Transform (DTFT) is just a z-transform

evaluated at points on a unit circle, the DTFT of the impulse response is defined

as frequency response. Mathematically,

Y (f̂) = H(f̂)X(f̂). (2.3)

Where f̂ = f/fs is the normalised frequency and fs is the original sampling

frequency. The K-point DTFT frequency samples can then be found by

f̂ =
k

K
, k ∈ Z. (2.4)

Matched Filters As has been mentioned before, in pulse compression the

parameter which we try to maximise is the SNR. In the NetRAD project,

we deal with a finite length filter, thus we will approach the problem of SNR

optimisation by looking at the output of an FIR filter.

Consider a finite length signal x which has the signal of interest s plus

noise n. Mathematically,

x = s + n. (2.5)

11
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The power of the output sample of an FIR filter signal
∣∣y[n]

∣∣2 is1

|y|2 = y∗yT = hHx∗xTh. (2.6)

here the superscript H is the Hermitian transpose. The objective now is to try

and find filter coefficients in vector h, such that the SNR is maximised. We start

by looking at the power of the signal and that of the noise separately, they are

defined as

|y|2signal = hHs∗sTh and |y|2noise = hHn∗nTh. (2.7)

In radar signal processing theory the matrix formed from the product R = n∗nT

is also known as the covariance matrix. Now we can easily define the SNR as

the ratio of the powers at the output of the filter

SNR =
hHs∗sTh

hHR h
. (2.8)

Then to find the filter h that maximises the SNR, we make use of the

Cauchy-Schwarz inequality, which states that for all vectors p and q of an

inner-product space, it is true that

|
〈
p,q

〉
|2 ≤ ||p||2 · ||q||2. (2.9)

Here
〈
,
〉

is used to represent the inner product and || . || is the norm of

the vector. The covariance matrix has the property that it is constant along

each diagonal (i.e it is a Toeplitz matrix), and they have Hermitian symmetry

meaning (i.e RH = R) and are positive definite. If we then choose p = ah and

q = (aH)−1 s∗ we can define the covariance matrix R as

R = aHa. (2.10)

1Note that the “[n]” notation is dropped for ease of reading.
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This is now in the form required to apply the Cauchy-Schwarz inequality property

namely,

hHs∗sTh ≤
∣∣∣∣aHh

∣∣∣∣2 ∣∣∣∣(aH)−1s∗
∣∣∣∣2 = (hHR h)(sTR−1s∗). (2.11)

Then dividing both sides by hHR h we can recover an expression for the SNR

and find that:

SNR =
hHs∗sTh

hHR h
≤ sTR−1s∗. (2.12)

And this is maximised when for some k, aH = k(aH)−1s∗

H = kR−1s∗, k ∈ R. (2.13)

Digital Pulse Compression In digital pulse compression, at the final

intermediate frequency, the complex envelope is recorded using an ADC with

a technique known as digital-down conversion. Frequency-domain digital pulse

compression processor is the method used in NetRAD, it is the preferred set-up

since a time-domain convolution processor equivalent can be computationally

intensive [11].

2.2.2 Doppler Processing

In Doppler processing we use the information in Doppler shift to gain insight

into the target of interest. The more obvious use of the Doppler information

is to calculate the radial velocity of the target. However, it is also particularly

helpful for detecting targets in environments where the clutter is a dominant

interference. Two main types of Doppler processing methods are discussed

in this review, namely Moving Target Indication (MTI) and pulse-Doppler

processing [15].

Doppler shift, which is observed as the change in radar frequency, is approximated

13
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by the following relationship:

fd =
2v

c
f cos(δ) cos

(α
2

)
=

2v

λ
cos(δ) cos

(α
2

)
, (2.14)

where f in Hz is the frequency at transmission, v in m/s is the target velocity

vector, λ in m is the wavelength, c in m/s is the speed of light, δ in degrees is

the aspect angle with respect to the bistatic bisector and α in degrees is the

bistatic angle. As a matter of convention we say that a positive Doppler shift

value represents an approaching target.

MTI Processing

Moving Target Indication processing addresses the goal of distinguishing the

target from surrounding clutter. Clutter signals are echoes from objects in the

environment, these echos are often as strong or stronger than that of the target,

therefore simply increasing the transmit power of the radar will not improve the

signal-to-clutter ratio (SCR). MTI processing is often spoken of in the context

of ground clutter [15, 16], in the radar design stages the SCR can be improved

by decreasing the antenna azimuth beamwidth, and in the case where the range

cell extent is beam-limited, then also decreasing the elevation beamwidth. In

other cases, where the range cell extent is pulse-limited or if volume clutter is

a factor, improving the range resolution can also be beneficial. However, if the

radar parameters are already fixed then Doppler processing is the most common

means of improving the SCR.

Pulse-Doppler Processing

Pulse-Doppler processing addresses both the goal of separating the target from

surrounding clutter, and determining the velocity [15]. This form of Doppler

processing is particularly useful for this project and as such is considered in

some detail. Before doing analysis on the spectrum of the data, a DFT is applied

to each constant range bin in the fast-time/slow-time matrix. However, to
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ensure that the slow time sequence can be properly reconstructed from the DFT

spectrum, the spectrum size must be chosen to be greater than or equal to the

original slow time samples. Furthermore, to avoid straddle loss we must further

constrain the DFT samples to be strictly greater than the slow time samples [15].

Performing a DFT is essentially a form of coherent integration. Consider

a moving target in a range bin within a coherent processing interval (CPI) of M

pulses. If the target’s velocity is constant with Doppler shift fd [Hz] then the

received signal can be modelled in slow time after quadrature demodulation as

y[m] = Aej2πfdmT , m = 0, 1, ..,M − 1. (2.15)

The signal has some amplitude A and is a function of the pulse repetition interval

(PRI) here denoted by T . Then the DTFT of the above signal with respect to

analogue frequency yields

Y (f) = A
sin (π(f − fd)MT )

sin (π(f − fd)T )
e−jπ(M−1)(f−fd)T . (2.16)

Note that the magnitude of the peak of this sinc function will be MA if we do

not consider any windowing at this point. Specifically, if we now consider an

input signal within white noise, we expect that the power of the noise will be

spread uniformly in the frequency domain, while the energy of the signal to be

concentrated with a peak MA , so in the frequency domain

SNRfrequency =
signal power

noise power
=
|MA|2

Mσ2
n

= M(SNRtime). (2.17)

Thus the factor M is commonly referred to as the coherent integration gain.

A natural consequence of this is that the integration improves the SNR of the

output, and a larger M is more favourable in that regard. In practice we make

use of a DFT to compute the spectrum, if the signal is only in the presence

of white noise, we can exactly achieve a gain of M given that white noise is

distributed uniformly across all frequencies. However, we have neglected the

effects of windowing, and in the case of NetRAD we also have to consider the
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additional non-stationary sea clutter.

So in short we see that pulse-Doppler processing by way of DFT tries to

separate target signals from other disturbances by considering their Doppler

shift. The way this is achieved is to create a number of optimal filters, which are

matched to the signal of a constant velocity target at different Doppler fd [Hz].

In particular, if we consider the K-point DFT, then this set of filters, often also

referred to as a Doppler filter bank, has discrete number of frequencies defined

by

fd =
k

KT
− k(PRF )

K
, k ∈ Z. (2.18)

Now, for a particular Doppler fd, we can create the optimum filter by defining

the input vector Wp, which has length M as shown in (2.15), and additionally

padding it with K −M zeros as

Wp = Â
[
1 ej2πfdT ... ej2πfd(M−1)T 0 ... 0

]T
. (2.19)

Now if we only consider uncorrelated clutter, then we can say that the interference

covariance matrix S is simply

S = σ2
nIK . (2.20)

Here IK is the identity matrix of size K. Then we can compute the optimum

filter coefficient vector Hopt as

Hopt = S−1W∗
p. (2.21)

To compute the filter output we can apply this filter to the data, we must also

define the slow time input vector, which is defined as

Y =
[
y[m] y[m+ 1] ... y[M − 1] 0 ... 0

]T
. (2.22)

And finally, the output of the filter is found by

z = HT
optY =

Â

σ2
n

M−1∑
m=0

y[m]e−j2πfdmT . (2.23)
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Altogether, the DFT has effectively implemented all K matched filters at once,

each tuned to a different discrete Doppler frequency. Naturally, these filters have

been defined to be equally spaced. Of course, we can easily change the number

of filters by changing the size of the DFT, and the filter shape can be altered by

using a window function, such that the SNR of a target with Doppler f , will be

maximised with that filter with the closest center frequency fd.

2.2.3 Radio Interference Suppression

This section will highlight only one type of both approaches to suppressing

interference presented in the paper by Lord and Inggs [1], namely spectral

estimation with coherent subtraction and filter methods. These will be discussed

in more detail in sections to follow.

As was mentioned before NetRAD operates at S-Band a band, which is

also occupied by several other services. In particular the system has been found

to be susceptible to interference from wireless local area network (WLAN)

and line of sight (LOS) links [6]. Restrictive regulations do not allow for the

power in these bands to be increased, since it would essentially degrade the

signal quality of other services, so investigating unwanted signal suppression is

warranted. Unfortunately, the nature of the interference is not spiky like that

of target or common forms of clutter, but covers the entire range recording

at any one time. To add to this the interference is often several magnitudes

above the expected noise power level. This chapter draws on the research done

on Radio Frequency Interference (RFI) Suppression by Lord and Inggs [1].

Unfortunately, the research done was focused on VHF-UHF Synthetic Aperture

Radar, however, good insight on how to approach the problem can be gained.

From this paper RFI suppression essentially involves the following steps:

1. Finding an appropriate model of the interfering signals

2. Estimating the parameters of the signal using measured data

3. Using the estimated parameters to suppress the interference in the data
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Modelling the RFI The first step to suppressing the interference is to find

a model for the RFI in the environment and in the worst case estimating it.

There are different methods of achieving this, however, these require a recording

of the particular interference environment. The most common outcome of these

methods results in a model of the interference, which is a superposition of “tones”,

the wideband signal and white noise.

Parameter Estimation If a model is available, then a critical parameter that

needs to be estimated is the modulation time of the RFI, since the effectiveness of

the model strongly depends on how long the RFI remains coherent in the relevant

range line. In the case of Wi-Fi this is not possible as the modulation time varies.

As mentioned before there are different approaches to suppressing the

interference in the environment. Naturally, each method has its advantages and

disadvantages, these are completely dependent how the interference is defined

and what is considered to be desirable.

Spectral Estimation and Coherent Subtraction

If the model of the RFI is assumed to be a superposition of sinusoids then spectral

estimation methods have been found to be effective [1]. These methods require

the frequency, the phase and the amplitude of each interfering sinusoid to be

estimated and then subtracted from the recorded signal to leave only the wanted

part of the signal. Provided these parameters do not vary too much within

one pulse length, good suppression with low signal distortion can be achieved.

The work presented in the thesis by Lord and Inggs [1] does not implement any

spectral estimation methods, they are outlined here.

Sinusoidal Parameter Estimation: MLE The first approach in this class

of suppression, which can be used to estimate these parameters needed for

subtraction, is the maximum likelihood estimate (MLE) approach. However,

given that the frequency, phase and amplitude for more than one sinusoid needs
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to be estimated, iterative techniques with some initial values should be used.

These initial guesses can usually be found from the available data by applying

an FFT. The advantage of using the MLE approach is that we can find the

MLE for a given data set numerically. This is done by finding the maximum

value of a known function, that is the likelihood function [17]. If the parameter

estimate is small enough and within a known interval, then we are guaranteed

to find the MLE for that set of data. If the parameter of interest is not limited

to a known finite interval, then finding the MLE using a grid search is no longer

computationally feasible. Thus, the need for iterative maximization methods.

Algorithms that achieve this rely on initial estimates, and are generally good

at finding the MLE given the initial estimate is close to the true maximum.

The problem with these iterative methods, is that we often do not have prior

knowledge of whether convergence can be obtained, and even if it is, whether

this is the true MLE. So the distinguishing factor of this estimation problem is

that the function to be maximized is not known a priori. The function to be

maximized is thus a random function.

The interference data is assumed to be of the form:

x[n] = A cos(2πf0n+ φ) + w[n] n = 0, 1, ..., N − 1. (2.24)

We must have A > 0 and 0 < f < 1/2, then if we had a way of finding the true

MLE, the idea is to estimate the parameters of one of the “tones”, subtract it

and repeat iteratively, to remove most of the interference.

Since there are multiple unknown parameters we can make use of Fisher

information matrix [17]. Define θ as a vector of the parameters we are trying to

estimate, such that:

θ = [A f0 φ]T . (2.25)

Then, the elements of the Fisher Information Matrix are given by:

[I(θ)]i,j =
1

σ2

N−1∑
n=0

δs[n; θ]

δθi

δs[n; θ]

δθj
. (2.26)
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Where s[n; θ] is the signal of interest in this case s[n; θ] = A cos(2πf0n+ φ).

Sinusoidal Parameter Estimation: AR The word “autoregressive” in

signal processing and statistics, refers to models in which the signal depends

on itself in a linear way. Autoregressive parameter estimation is quite popular

and most often used in speech and econometric signal processing, but could prove

useful in this case as well. The nth sample of the estimate x̂[n] of the measured

data can be found using the autoregressive (AR) process, such that:

x̂[n] = −
p∑

k=1

a[k]x[n− k] + u[n], (2.27)

where p/2 is the number of sinusoids to be estimated, a[k] = a[1], a[2], ...a[p] is

the autoregressive parameter that needs to be derived from the measured data

for each pulse, and u[k] is the signal plus noise.

A third parameter estimation method investigated is a parametric maximum

likelihood (PML) method. However this method is better suited to SAR images

and is therefore not considered here.

Filters

It is common to examine the spectrum of the contaminated signal, identify the

interference spikes, which are usually several decibels larger than the signal of

interest, and removing these interfering spikes with the use of a notch filter

[1]. However, this approach is only effective if the interference is narrow band

relative to the input signal, and the use of a notch filter often has unwanted and

adverse effects on a radar system. Thus, adaptive filters become attractive as

the can provide interference suppression and overcome the undesirable distortion

introduced by notch filters.
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LMS Adaptive Filter Adaptive filters are commonly used in interference

suppression due to the favourable property that little or no prior knowledge of

the signal or interference characteristics is needed and that the parameters of the

filter can change automatically. There is, however, the underlying assumption

that the interference is sinusoidal. The model of an adaptive filter is shown in

the Figure 2.3.

Figure 2.3: Block diagram of an adaptive LMS filter taken from Lord and Inggs [1].

This set up of the adaptive filter is used for interference cancellation makes use

of an input signal here shown as d(k), an interference reference signal input here

represented by x(k), which is simply a delayed version of the input d(k). Then

the filter sums and scales the inputs to produce an adaptive output here shown

as e(k). Note that the error is defined as y(k)− d(k) and in this case is actually

the “cleaned” desired signal. In other words, the error converges to the wanted

input data signal, and not to zero.

So the n-element input signal vector Dk and the filter weight vector W

are defined at time k as follows:

Dk = {d(k), d(k − 1), ..., d(k − n+ 1)}, (2.28)

Wk = {w0(k), w1(k), ..., wn−1(k)}. (2.29)

The reference signal, which in this case is just a delayed version of the input

signal Dk, is denoted with the vector Xk, and is defined as,

Xk = Dk−delay. (2.30)
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The output of the filter is an estimate of the interference and is denoted by the

scalar yk and is defined as,

y(k) = Wk ·XT
k . (2.31)

As mentioned before the error e(k) forms the desired signal and is defined as the

difference of the contaminated input signal and the estimate of the interference

as,

e(k) = d(k)− y(k) = d(k)−Wk ·XT
k . (2.32)

The algorithm then minimises the mean-square error by recursively altering the

weight vector Wk according to the following relationship,

Wk+1 = Wk + 2µe(k)X∗k . (2.33)

Where X∗k is the complex conjugate of Xk and µ is the step size also known as

the convergence factor or the adaptation coefficient, which controls the stability

and the rate of adaptation. To find the upper bound of the step size µ we must

calculate the maximum eigenvalue of the estimated autocorrelation matrix R.

The article by Feuer and Weinstein [18] derives the result on the bound on µ

quoted below

0 < µ <
1

λmax
, (2.34)

where,

λmax < Ntaps × σ2. (2.35)

σ2 is the power in the signal and λmax is the largest eigenvalue of the

autocorrelation matrix. A larger value of µ increases the rate of convergence,

but leads to a larger final misjudgement of the mean-squared error from the

minimum mean-squared error that is produced by the optimum filter.
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2.3 General-Purpose CPU Computing

The radar digital signal processing techniques discussed in the sections above

depend largely on performing some operation on received signal data for all

signals in a large dataset. To a large extent the processing on individual

signals can be done independent of each other. Applications which exhibit such

parallelism on a data level define a set of applications known as throughput

computing applications [19]. The focus of such applications is to store and

process massive amounts of data. Two main types of computing platforms exist

suitable for this class of application, namely general-purpose central processing

unit (CPU) and graphics processing unit (GPU). These two architectures are

designed with different philosophies in mind. General-purpose CPUs have few

cores relative to GPUs and are optimised to handle a wide variety of tasks

with the fastest response time per task. The number of cores on a CPU is

constrained by the price of complexity and power consumption [19]. GPUs are

designed to handle a vast amount of smaller processing elements, and are best

suited for graphics applications such as rendering, where the pixels exhibit a

large degree of data parallelism. More recently in literature is the emergence

of general-purpose GPU (GPGPU) [20]. The processing capability of GPU

can be exploited in applications outside of the graphics domain provided the

processing complexity per core is within bounds and the memory required per

core can be held in the limited memory space. Ultimately both multi-core

CPU and GPGPU implementations have proven to be successful in radar signal

processing [20, 21, 22], although it remains to be seen whether the performance

is comparable.

2.4 Julia Language for Radar Signal Processing

This project proposes the use of the Julia Programming Language (referred to as

Julia for the remainder of the project) to develop signal processing infrastructure

for NetRAD and NeXtRAD. In this section we will look at the motivation for

using Julia and highlight some of challenges that are foreseen. Note that Julia
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is a new programming language, first released to the public in February 2012

[23] and due to this there are currently no scholarly articles that make use of

Julia in a radar signal processing context.

Julia is an open-source, high-level, high performance language targeted at

scientific computing created by developers at MIT [24]. Even though Julia is

still in beta form (stable release v0.4.3 when this was written) it already has a

solid type system, which maps well to the primitive machine code, and has a

working fully automatic type inference system, which lets the compiler deal with

type declarations when the user does not want to do it [25]. Julia’s development

is fast growing with many of the popular libraries for Python, C and R already

made available, although not all are complete.

When optimised, Julia’s low level virtual machine based just-in-time compiler

boasts performances comparable to C [24]. Julia is designed for parallelism and

cloud computing, it provides a number of tools for distributed computation

giving the user freedom to choose an implementation for their application as

opposed to the traditional more rigid set of rules. Julia strongly resembles

MATLAB in syntax, which makes quick prototyping possible, though the

low-level implementation is vastly different. Julia lets the user define alternative

implementations of the same function.

Some shortcomings of Julia are its libraries, even though much progress

has been made to create some of the more popular libraries, it is still lacking

considerably. Being a young language, Julia does not yet have a good

development environment. Although there is an active online community, it is

still difficult to find support on forums. Altogether the challenge will be to gain

an understanding of how Julia works on a low-level to take advantage of its

speed and power, and create libraries where none exist.
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NetRAD/NeXtRAD Sea Clutter

Database

The data from the NetRAD campaign was collected from 2009 to 2011 in the

United Kingdom and in South Africa [4]. An overview of the data collection

trials and main objectives are summarised in Table 3.1 below.

Table 3.1: Table of NetRAD trials with summary of objective.

Date Site Size Objective
11/2009 Peacehaven 132 GB Sea clutter and range calibration
02/2010 Peacehaven 61 GB Sea clutter and range calibration
08/2010 Peacehaven 198 GB Sea clutter and range calibration
10/2010 Cape Peninsula 224 GB Sea clutter and small targets
04/2011 Simon’s Town and

Misty Cliffs
165 GB Small targets and VV bistatic sea

clutter
06/2011 Misty Cliffs 269 GB VV and VH bistatic sea clutter

During an experiment, the parameters generated by the multistatic system were

either stored in a master file or on separate files for each monostatic node. In

addition to this, extra video, audio, GPS time, weather and sea state information

were also recorded for each experiment. The data has recently been reorganised

into a standardised database in an HDF5 file format by researchers at University
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of Cape Town [5]. HDF5 was created particularly for high performance, data

intensive computing environments. The HDF5 file format was chosen for its

well-defined data structures and data object management capabilities [4].

3.1 HDF5 Data Model and File Format

An HDF5 file is a container for HDF5 objects. Groups and dataset objects

within a file are known as primary objects. A primary object has an absolute

address stored within a file that is associated with it. A dataset contains an array

of data elements along with supporting metadata. Datatype and dataspace

objects form part of the data object definition, the datatype describes the

elements within a data object array and the dataspace describes the dimension

and rank of the data object array. To avoid redundancy with complex datatypes,

they are treated as primary objects as the complete description of the datatype

can be stored in the file and referred to when necessary [26]. Figure 3.1 shows

the HDF5 object relationship hierarchy, and how they are each individually

accessible.

Figure 3.1: HDF5 Primary object hierarchy.

There are seven different classes of HDF5 objects, each of which are subclasses

of the HDF5 object. The seven object classes are shown in Figure 3.2.

Groups and links create a structure and organisation among objects within a

file in a graph with a single designated entry node, which is known as the root

group. A file contains only one root group.
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Figure 3.2: Seven HDF5 object types.

Links are a mechanism for finding members of groups. There are two

types of link objects namely, a hard link and a soft link. Links represent an edge

in a file graph structure, i.e. it connects a group with objects. A link’s target

is thus the object which is connected to a group through a link. A link has a

(name, value) pair associated with it. The name is used as an identifier and the

value is used to locate the link’s target.

An attribute attaches content metadata to an object. In the NeXtRAD

database the extra information such as sea state, radar parameters etc. are

stored as attributes of a group within the file. Content metadata is used to

describe the nature and/or the usage of the primary object it is associated

with. This does not form part of the HDF5 object definition and can only be

interpreted by the application. To access an attribute, they can be identified by

a name or index value. Using the index value allows the user to iterate through

all the attributes associated with a given object.

3.1.1 Julia HDF5 Interface

For simple types such as scalars, strings and arrays, HDF5 provides sufficient

metadata to be able to interpret the items and are compatible across

different computing architectures. JLD (*.jld) and MATIO (*.mat) modules

automatically contain the necessary attributes to preserve Julia objects.

The Julia HDF5 Guide [27] provides a good overview of both low-level

and high-level commands for file, object and data manipulation. The website
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also provides some basic instructions on memory mapping, which is particularly

useful for frequently used smaller data subsets. Direct memory mapping can be

used to the bypass the HDF5 routines under particular conditions.

Note that HDF5 uses row-major order as opposed to Julia, which uses

column-major order, as a consequence the dimensions of the arrays are inverted

to that when using tools such as h5dump.

3.1.2 Data Acquisition Software

Keeping the overview shown in Figure 1.1 in mind, the objective in this section

is to develop code which the end user can use to load in raw radar data from

the compressed HDF5 file stored in the NeXtRAD database. Table 3.2 describes

the available script for loading, navigating through and acquiring the radar raw

data plus radar parameters.

Table 3.2: Table of available Julia scripts for HDF5 NetRAD data acquisition.

Script name NR HDF5.jl

Dependencies None
Function Opens HDF5 file, navigates to appropriate dataset and

saves data to Julia matrix.

Algorithm Description This script demonstrates how to access and store

datasets from the HDF5 files in the NetRAD database using the Julia HDF5

package. It is important to note that each HDF5 (*.h5) file contains the data

for a particular experiment. The script starts by prompting the user for a HDF5

file (*.h5) name. The specified file is then opened in a “read only” mode. An

overview of the structure of the file is then displayed on the screen. An example

of a typical is shown below:

HDF5.HDF5File len 2

Data: HDF5.HDF5Group len 1
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SamplePerPulse x PulseNo: HDF5Dataset (2048,200): [0x1aeb,

0x1ee7,0x1e7b,0x1ea3,0x1e93

Details: HDF5.HDF5Group len 1

Temp: HDF5Dataset () :

The first line in the example above shows that it is an HDF5 file. Data

and Details are group objects. SamplePerPulse x PulseNo is a dataset of

size (2048, 200), which belongs to Data. Temp is a dataset, which belongs

to Details. The root group of the file is “/” and is stored in a variable

rootGroup for convenience. The user can use the displayed information to

retrieve the necessary dataset. This particular script reads in the dataset

SamplePerPulse x PulseNo into a Julia variable called data, which can then

be manipulated as a standard Julia array. The script also allows the user to

display all the radar parameters and other additional information available for

that particular experiment, which are stored as attributes in the Temp dataset.

3.2 Chapter Summary

The NetRAD data is stored in a standardised compressed file within a database.

The HDF5 file format structure allows the NeXtRAD raw data to be stored as a

dataset within an HDF5 group. Other information relevant to a data collection

experiment is stored as attributes of a dataset labelled as “Temp”. HDF5.jl is

a Julia script which can be used to access the NeXtRAD data stored in these

compressed HDF5 files. See Appendix D for some extra useful HDF5 commands.
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Radar Data Preprocessing

Techniques

After the acquisition of the radar data together with radar parameters, the

objective in this section is to create the tools necessary to provide “quick-looks”

for sea clutter analysis. This chapter outlines the serial processing methodologies

used for the preparation of the NetRAD data. Popular processing techniques such

as pulse compression, Doppler processing and RFI suppression are developed in

the Julia environment.

4.1 Design Considerations

Since the database for NetRAD and NeXtRAD was still under construction at

the time of this paper, the datasets are assumed to be available in the form

of stored bin/txt/csv files on the local disk. Juno, which is Julia’s integrated

development environment, was not used due to stability issues. This project is

particularly concerned with the aid of research using NetRAD data and as a

result, the scripts are structured as functions, all of which, make assumptions

specific to the application of radar signal processing for NetRAD datasets. Julia’s

libraries are continuously being updated and restructured, thus this paper does
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Figure 4.1: This is the shape of the matrix assumed in the pulse compression
algorithms.

not try to find the most optimised way to implement the algorithms at this stage.

The purpose of these scripts are therefore to demonstrate that Julia can be used

for radar signal processing, and to provide a convenient means for preparing

NetRAD data for further analysis.

4.2 Pulse Compression

This section deals with enhancing the SNR of NetRAD radar data using a serial

pulse compression algorithm. The number of pulses of a particular NetRAD

dataset is dependant on the measurement experiment. The largest dataset

contains 130 000 pulses with 2 048 samples per pulse. The structure of the

fast-time/slow-time raw radar data matrix referred to in following sections is

shown in Figure 4.1.

It is important to read the raw data from the file into the correct shape. Julia

uses a column-major rule.
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4.2.1 Serial Pulse Compression Software

Table 4.1 gives a summary of the available scripts for serial pulse compression,

it shows their dependencies, respective parameters and function.

Table 4.1: Table of available Julia scripts for serial pulse compression.

Script name NR PulseCompressSC
Dependencies NR ReadRefSig, NR ReadBinFile
Function Applies serial pulse compression routine on raw NetRAD

radar data with input reference signal as the matched
filter.

Script name NR PulseCompressionMMap
Dependencies NR ReadRefSig, NR ReadBinFile
Function Applies serial pulse compression routine on raw NetRAD

radar data with input reference signal as the matched
filter. Raw data is read from a memory mapped location
on the disk rather than from RAM.

Algorithm Description The aim of NR PulseCompress is to perform pulse

compression on a NetRAD dataset. The dataset is assumed to be in a binary

(*.bin) file format and is read into a (pulse number × range bin) matrix.

The raw data from the binary file contains an offset, which is removed. The

reference signal, which serves as the matched filter is read in from a text (*.txt)

file. The reference signal is normalised, a Hanning window is applied, it is

zero-padded and finally fast Fourier transformed. Note that Julia uses the Fastest

Fourier Transform in the West (FFTW) as its default FFT routine [28]. The

FFTW library has an optional function planfft() which determines the optimal

implementation of the FFT for the given data.

Then if the Boolean parameter analytic is set to false:

The conjugated reference signal r is multiplied with the FFT of each line

of the data matrix sequentially in a loop Npulses times. The output is stored

to another matrix. Each line of the processed matrix is then inverse fast Fourier
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transformed to form the final output matrix dOut.

Otherwise, if the Boolean analytic is true:

The analytic signal dPositiveHalf is formed. The conjugated reference

signal r is multiplied with the FFT of each line of the analytic data matrix

sequentially in a loop Npulses times. Each line of the processed matrix is then

inverse fast Fourier transformed to form the final output dOut.

The algorithm is also presented in pseudocode in Algorithm 1.

Algorithm 1 NR PulseCompresSC: NetRAD Pulse Compression

1: function SCPC(nPulses , rawDataFile , refSigFile , analytic )
2: d← raw data from (rawDataF ile ) . see NR ReadBinFile
3: r ← reference signal from (refSigF ile ) . see NR ReadRefSig
4: P ← fft plan on d . find best FFT implementation for d

. apply planned FFT on each pulse
5: for i← 1, nPulses do
6: dMatched← r. ∗ (P ∗ d)
7: end for
8: P ← ifft plan on dMatched . find best IFFT implementation for
dMatched

9: if analytic == false then
. apply planned IFFT

10: for i← 1, nPulses do
11: dIFFT ← r. ∗ (P ∗ d)
12: end for
13: return dIFFT
14: else
15: dPositiveHalf ← analytic signal
16: dOut← ifft of dPositiveHalf
17: return dOut
18: end if
19: end function
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4.2.2 Results and Discussion

The pulse compression routine requires large data arrays to be stored in RAM

during the routine. Julia gives the user little control over memory management.

In particular, Julia does not have a method to free memory in RAM. As a result,

the performance of the system may suffer if all the available RAM is used. Table

4.2 outlines the RAM required to perform pulse compression on 130 000 pulses

of NetRAD data. In the event that limited RAM is available, some methods of

Table 4.2: Table outlining variable memory usage in serial pulse compression routine.

Variable Variable Variable Required
Name Size Type Memory
d (130 000, 2 048) Array{Float32, 2} 1 015.5 MB
r (1, 2 048) Array{Complex{Float32}, 2} 0.016 MB
dPositiveHalf (130 000, 1 024) Array{Complex{Float32}, 2} 1 015.5 MB
dMatched (130 000, 2 048) Array{Complex{Float32}, 2} 2 031 MB
dOut (130 000, 2 048) Array{Complex{Float32}, 2} 2 031 MB

TOTAL 6 093.02 MB

dealing with this are considered. The most straightforward solution to a memory

issue is to reduce the number of pulses considered in an experiment. However,

some other methods include garbage collection and memory mapping.

Garbage Collection The only available method of clearing memory in Julia

v0.4.2 is to force a so called garbage collection. The method is to set the variable

that needs to be cleared to zero and then to use the gc() command to force the

garbage collector to clear the memory. However, forcing a garbage collection can

add significant amounts of overhead in program computation time.

Memory Mapping In Julia, memory mapping is a method where non-primary

is memory treated as if it were located in the RAM. An immediate repercussion

of this is that the access time of disk memory will not be as fast as that

of RAM. In other words, the trade-off is computation time. The script

NR PulseCompressionMmap makes use of memory mapping and is available if
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the full dataset is required and processor memory is limited.

Consider the trend of computation time as a function of dataset size. Naturally,

we should expect the program to take longer to run when considering more data.

This is evident in Figure 4.2 below.

Figure 4.2: Plot of serial pulse compression computation time as a function of number
of pulses.
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As expected the computation time increases linearly with the number of pulses.

It took roughly 19 seconds to perform pulse compression on 130 000 pulses and

2 048 samples per pulse.

Pulse Compressed Quick-Look: RTI plot The pulse compressed data can

be visualised with what is known as a range-time intensity plot (RTI plot). It

is a 2-dimensional contour plot, which has the slow time on the y-axis, the fast

time on the x-axis and the amplitude of each pulse as a range of colour. Figure

4.3 shows a typical RTI plot, which serves as a quick-look for raw and match

filtered data respectively.

(a) An example of an RTI plot of the
unfiltered NetRAD dataset.

(b) An example of an RTI plot of the
pulse compressed NetRAD dataset.

Figure 4.3: An example of an RTI plot before and after pulse compression. The
scene is of the ocean, the high intensity curves in (b) indicate waves moving toward
the radar over time.

4.3 Doppler Processing

It is common practice to apply Doppler processing after pulse compression as

the output SNR is significantly increased. Unlike ground clutter, sea clutter is

not stationary, so MTI processing will not provide any meaningful knowledge

to an observer. Pulse-Doppler processing provides information on the speed of

potential targets in the data. Thus it is important that the SNR be as high as
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possible. This section describes the continued preparation of the NetRAD radar

data, using pulse-Doppler processing.

4.3.1 Serial Pulse-Doppler Processing Software

Table 4.3 gives a summary of the available script for serial Doppler processing.

Refer to the accompanying manual for the scripts outlined.

Table 4.3: Table of available Julia script for Doppler processing.

Script name NR DopplerProcessingSC
Dependancies NR PulseCompressSC
Function Applies serial pulse-Doppler processing and pulse

compression on raw NetRAD data with variable DFT
size.

Algorithm Description NR DopplerProcessingSC defines a function which

requires the number of pulses, the DFT size, the raw radar data and the

reference signal. The function then calls the serial pulse compression routine

NR PulseCompressSC and saves the pulse compressed data. The data is then

transposed and a DFT of size ds is applied to all elements of each constant

range bin. The function returns s, a matrix with Doppler processed data.

The algorithm is also presented in pseudocode in Algorithm 2.

4.3.2 Results and Discussion

Again we consider the computation time of the pulse-Doppler processing script

for increasing number of pulses as shown in Figure 4.4.

Again as expected, similar to the case with pulse compression, processing

more pulses results in longer computation times. In this case, the number of

37



CHAPTER 4. RADAR DATA PREPROCESSING TECHNIQUES

Algorithm 2 NR DopplerProcessSC: NetRAD Doppler Processing

1: function NR DopplerFilter(np , ds , inputData , inputR )
2: data← pulse compressed inputData . see NR ReadBinFile
3: define s . complex array with Doppler filter size
4: r ← reference signal . see NR PulseCompress
5: a← transpose data . find best FFT implementation for data
6: P ← fftplan on s

. apply windowed planned FFT on each range line
7: for n← 1, size of range samples do
8: for m← 1 : ds : np do
9: s← fftshift(P ∗ (a[FFT window]))

10: end for
11: end for
12: return s
13: end function

pulses is a function of the DFT size (in this case 256). It took roughly 53 seconds

to process 122 880 pulses.

Doppler Processed Quick-Look: RTI plot When a target of interest is

observed in a particular pulse of the pulse compressed RTI plot, a range-Doppler

plot can then be processed to give information on the Doppler in that range

bin. If the target is not visible in the pulse compressed RTI plot, series of

range-Doppler RTI plots can be made for all successive pulses. On the x-axis is

the DFT bins, which can be converted to a range of Doppler frequencies, i.e. the

x-axis goes between [−fd, fd] with the center of the x-axis corresponding to the

0 Hz Doppler bin. On the y-axis are range bins. The plot gives an indication

of the amplitude of the Doppler of targets at a particular range over a short

instance in time. Figure 4.5 is an example of the range-Doppler RTI plot for the

first 256 pulses.
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Figure 4.4: Graph of computation time of the serial pulse-Doppler processing script
as a function of the number of pulses processed.

4.4 Radio Frequency Interference

Besides sea clutter analysis and small target detection, the NetRAD system was

also used in other experiments involving drone detection and tracking [29], and

target classification [30]. The aim of one experiment was to see whether NetRAD

could detect a small drone with varied radar cross sections. The geometry of the

set-up consisted of the three nodes spaced 40 m apart and the target at a distance

of 65 m from node 1 as illustrated in Figure 4.6.

Initially, four test cases are examined:

• case 1 - no drone present (empty background)

• case 2 - no drone present, cardboard tube supports

• case 3 - drone stationed on cardboard tube supports

• case 4 - drone wrapped in tin foil stationed on cardboard tube supports
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Figure 4.5: Plot showing the range and amplitude of Doppler frequencies at different
range bins. Here there are several targets all with positive Doppler, corresponding to
the waves in Figure 4.3b

In each case the range profile data is collected and compared. Once the initial

tests proved that the drone could be detected without the need for tin foil to

increase the RCS, the target drone was then successively moved further away

from node 1 to find the maximum range of detection. Further tests included

switching on the drone and removing the cardboard support structure. RTI

plots of the drone on monostatic node 3 were recorded. The drone was remote

controlled using Wi-Fi. During experiments, significant interference due to the

remote controlled signals as well as other Wi-Fi communications were evident

in the recorded data. This is motivation for interference suppression. This

section highlights the results obtained from an adaptive Least Mean Squared

(LMS) filter designed to suppress the RFI present in the NetRAD datasets from

this experiment. To quantify the effectiveness of the filter, an Ordered-Statistic

Constant False Alarm Rate (OS-CFAR) detector is applied to selected pulse data

and the precision and recall for a fixed probability of false alarm (PFA) before

and after the application of the filter is compared.

The Figure 4.7 below shows the output of the matched filter before filtering,

which is contaminated with Wi-Fi interference signals.
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Figure 4.6: Illustration showing the geometrical set-up of the NetRAD nodes with
respect to the target of interest.

Figure 4.7: Figure showing Wi-Fi contaminated NetRAD data. The Wi-Fi appears
as the lighter horizontal lines which effectively masks the underlying target returns.

Ideally the filter should suppress the stronger Wi-Fi signals without degrading

the target signals hidden beneath. Note that the target signal amplitudes are

significantly weaker than the interference signals. As was mentioned in the

review of the work by Lord and Inggs [1] in Section 2.2.3 the decision is to use

an LMS filter as it requires no a priori knowledge of the interference. However,

unlike in the case seen in the reviewed work, applying the filter to samples
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from a particular pulse was found to be ineffective. In this case the interference

signal saturates the receiver for all fast-time samples in a pulse. The result is

that the filter cannot discriminate between the estimated interference and the

target signals. Consider pulses 5 150 to 5 200 shown in Figure 4.8. Notice that

there are sections of uncontaminated signal between contaminated ones. In

light of this, the filter is applied in the pulse number dimension, where it has

the opportunity to see both clutter and signal.

Figure 4.8: Figure showing that there are patches of clean signal within contaminated
pulses.

4.4.1 Interference Suppression

Table 4.4 gives a summary of the available script for interference suppression.

Refer to the accompanying manual for the scripts.

Table 4.4: Table of available Julia scripts for interference suppression

Script name NR InterferenceSuppression
Dependencies None
Function Applies serial adaptive LMS filter to match filtered

NetRAD data.
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Algorithm Description The algorithm reads in the matched filtered data

and processes each constant range bin line iteratively. Within one range line a

section of size n is considered as the input signal X. The error signal is computed

to be matched data signal at time k minus the product of the input signal X and

the filter weights vector W. At each iteration, new filter weights are calculated

and the error is recorded as the output. This is repeated for all the pulse number

bins p.

The algorithm is presented in pseudocode in Algorithm 3.

Algorithm 3 NR InterferenceSuppression: NetRAD Interference Suppression

1: procedure NR InterferenceSuppression
2: open mat file . from Julia’s MAT package to read in MATLAB files
3: data← data from file . read from the file
4: close file
5: choose p . number of pulses
6: choose n . number of filter weights
7: choose d . size of delay
8: choose mu . step size
9: define W . filter array

10: for k ← 1,range samples do
11: for j ← p− n do
12: X ← window of data, size n
13: find the error
14: update the weights
15: save the error signal
16: end for
17: end for
18: end procedure

The results that follow are obtained using MATLABs R2015a

phased.CFARDetector function with the parameters listed below:
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Method ‘OS’

Rank 8

NumCuardCells 2

NumbTrainingCells 12

ThresholdFactor ‘Auto’

ProbabilityFalseAlarm 0.001

ThresholdOuputPort true

The detector returns an array [result, thresholdOutput]. The first element is

a binary array, of which each element is a 1 if a detection is made based on the

adaptive threshold, and 0 if no detection is made. The second element is the

value of the threshold for each range bin of every pulse.

4.4.2 Results and Discussion

As mentioned in the literature review, it is necessary to ensure that the filter

weights W converge to a steady-state estimate as the time variable k tends to

infinity. This can be satisfied if the adaptation coefficient, µ is carefully chosen

to be in the following range,

0 < µ <
1

λmax
. (4.1)

The µ value, filter weights and delay were optimised for dataset 1 shown in Figure

4.7 and verified on two others. All parameters of the filter were kept the same

for each experiment, and are listed below:

µ 1.8× 10−6

filter weights 60

delay 2

The effectiveness of the filter is evaluated visually and by calculating the precision

and recall before and after applying the adaptive LMS filter. Refer to Figure 4.5

for a definition if the decision rule.
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Table 4.5: Definition of Decision Rule for Detection

Decision
predicted condition
true

predicted condition
false

Hypothesis
target true positive false negative

no target false positive true negative

Here a true positive implies the target is correctly detected. A false positive is a

false alarm (type I error), a false negative is missed detection (type II error) and

a true negative is when a “no target” is correctly classified.

The precision can be interpreted as how often the detector makes target detection

which is correct, that is, how often is a detection a true positive. Mathematically

it is calculated as:

Precision =
true positives

true positives + false positives
. (4.2)

In this case the recall is a measure of the sensitivity of the detector, that is, how

often it detects the presence of a target, given a target is present. We calculate

this as:

Recall =
true positives

true positives + false negatives
. (4.3)

In each case we will classify a pulse to have High Clutter if the pulse exhibits

a spiky profile for all range bins and Low Clutter if the pulse contains mostly

signals from the targets. The results for the precision and recall for a High

Clutter and Low Clutter pulse for each dataset is tabulated in Tables 4.6, 4.7

and 4.8 on page 50.

In Figure 4.9 dataset 1 is considered. Applying the filter to the dataset shown

in Figure 4.9a yields the output shown in Figure 4.9b.

A visual improvement in the signal to clutter ratio is observed. The target signals

are now visible behind the highly cluttered area around pulses 4 000 to 6 000.

In this area there is roughly a 25 dB suppression of the Wi-Fi interference while

the target signal has been suppressed by 15 dB. When the OS-CFAR is set to try
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(a) Figure showing the heavily Wi-Fi
contaminated dataset on which the
adaptive LMS filter is designed.

(b) Figure of dataset shown in 4.9a
after the suppression filter is applied.

Figure 4.9: RFI dataset 1 (a) before and (b) after adaptive LMS filter interference
suppression

and maintain a PFA of 0.001, the detections and calculated precision and recall

are summarised in the Table 4.6.

In a highly cluttered pulse the filter is able to achieve a precision on 100% by

correctly detecting either the second or third targets, with a recall of 33% as it

only detects one of three targets. In Low Clutter the detector is able achieve

100% precision and recall for this dataset.

The results for two other less contaminated datasets are shown in the Figures

4.10 and 4.11. Dataset 2 shown in Figure 4.10 yielded good overall interference

suppression at roughly 20 dB while the target is only suppressed by roughly

8 dB, however, in this case the resulting interference signal strength is roughly

the same as the target signals.

As expected, after filtering, in High Clutter the detector is still unable to

distinguish between the signal and suppressed interference. However, the more

sparsely cluttered areas are well suppressed. In Low Clutter the filter is able to

achieve an improved precision, but is less sensitive to targets. Overall the filter

is able reduce the number of High Clutter pulses.
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(a) Figure showing the contamination
level of verification dataset 2 before
filtering.

(b) Figure of dataset shown in 4.10a
after suppression filter is applied.

Figure 4.10: RFI dataset 2 (a) before and (b) after adaptive LMS filter interference
suppression

The third dataset shown in Figure 4.11 had interference spread uniformly across

most pulses. In this dataset the drone target is not visible before filtering as can

be seen in Figure 4.11a.

The filter yielded an interference suppression of roughly 8 dB, although again

the filtered interference signal strength is similar to the target signals, and in

addition, the interference still covers data across most pulses. The detection

results are shown in Table 4.8.

Again, as expected, the detector is unable to detect the presence of a target in

highly cluttered areas. Given that the first target is not visible in the matched

filtered data before interference suppression, the maximum recall achievable is

67%, which was achieved for Low Clutter pulses before and after the application

of the LMS filter.
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(a) Figure showing the contamination
level of verification dataset 3 before
filtering.

(b) Figure of dataset 3 after
suppression filter is applied.

Figure 4.11: RFI dataset 3 (a) before and (b) after adaptive LMS filter interference
suppression

4.5 Chapter Summary

This chapter presents radar processing techniques that form part of the software

toolbox for NetRAD and NeXtRAD development. Each section highlighted the

available scripts for the particular tool, provided a description of the code and

summarised the results of applying the tools to NetRAD data.

Section 4.2 described the serial pulse compression tool. It highlighted Julia’s

memory management shortcomings and proposed a memory mapping method

if a user does not have access to more memory. The computation time of the

script for an increasing number of pulses in the dataset was considered. NetRAD

has a pulse repetition interval of 1 ms, i.e. it collects 130 000 pulses of data in

130 seconds. Given that the algorithm processed the entire dataset in under 20

seconds, the results show that given sufficient RAM the script could be modified

to work in real-time.

Section 4.3 described the Doppler filter tool. The script implemented a

pulse-Doppler filter rather than an MTI as NetRAD datasets were assumed to be

of the sea. Sea clutter is not stationary and therefore pulse-Doppler processing
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can give information on the location and Doppler of potential targets. Here

again, the computation time for varying number of pulses was considered and

found to be fast enough for a real-time application.

Given the unwanted consequence of operating in S-Band at 2.4 GHz, NetRAD

has to deal with clutter in the form of Wi-Fi interference. The aim of Section

4.4 was to implement a post-processing interference suppression technique. An

adaptive LMS filter was applied to NetRAD datasets from a drone detection

experiment. The results show that using an OS-CFAR detector maintaining a

PFA = 0.001, the LMS filter is able to increase the precision in cases where the

clutter is more concentrated in particular zones and not spread throughout the

dataset. Even when the clutter is suppressed significantly, the detector was still

unable to distinguish target from clutter in High Clutter pulses.
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Table 4.6: Summary of OS-CFAR results for dataset 1 with 3 targets

Clutter Metric Before filter After filter
High Clutter Number of detections 0 1

Number of true positives 0 1
Number of false positives 0 0
Precision 0 1
Recall 0 0.33

Low Clutter Number of detections 3 3
Number of true positives 3 3
Number of false positives 0 0
Precision 1 1
Recall 1 1

Table 4.7: Summary of OS-CFAR results for dataset 2 with 3 targets

Clutter Metric Before filter After filter
High Clutter Number of detections 2 0

Number of true positives 0 0
Number of false positives 2 0
Precision 0 0
Recall 0 0

Low Clutter Number of detections 2 1
Number of true positives 1 1
Number of false positives 1 0
Precision 0.5 1
Recall 0.5 0.33

Table 4.8: Summary of OS-CFAR results for dataset 3 with 3 targets

Clutter Metric Before filter After filter
High Clutter Number of detections 0 0

Number of true positives 0 0
Number of false positives 0 0
Precision 0 0
Recall 0 0

Low Clutter Number of detections 2 2
Number of true positives 2 2
Number of false positives 0 0
Precision 1 1
Recall 0.67 0.67
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Julia Parallel Computing

An algorithm can usually be broken into a section that can only be processed

in serial (i.e. on one processor) and a section that can be split up and run on

more than one processor at once. If the most computationally expensive part of

the code can be split amongst several processors, then the overall computation

time can be significantly improved. In the case where the most computationally

expensive part cannot be split up, there is little gain in parallelising the

algorithm. Amdahl’s Law [31] gives a mathematical expression for the amount

of speedup that can be achieved as:

Speedup =
s+ e

s+ e/p
=

1

s+ e/p
. (5.1)

Where, s is the average time to compute the serial part, e is the average time to

compute the part that can be done in parallel and p is the number of cores.

Most computer systems today work with a local set of CPUs. A growing trend in

Radar Signal Processing Systems is to use General Purpose Graphics Processing

Units (GPGPUs) to perform high speed parallel algorithms [20, 32]. Julia parallel

computing relies on the use of multiple CPUs [33] rather than GPUs, however,

development to integrate this capability is in progress [34, 35]. Two main

factors that determine the performance in parallel computing is the speed of

the individual processors and the speed at which they can access their allocated
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memory. For the best performance in a multi-core environment memory needs

to be finely controlled.

Julia’s multiprocessing environment is based on a unique message passing system

which allows programs to be run on several processors in separate memory

domains [33]. The implementation is unique as it is “one-sided”, which gives

the programmer control of only one process in a two process operation. The

operations required to achieve this resemble high-level operations such as function

calls and the use of macros rather than the conventional “message send” and

“message receive” operations.

Julia’s parallel programming is built on two primitives: remote references, which

are objects accessible by any process to refer to its stored object on a particular

process, and remote calls, which return a remote reference to its result.

Julia’s base installation comes standard with built-in support for a local cluster

and clusters across multiple machines [24].

Data Movement The major contributor to overhead in a parallel program

comes from data movement and message sending. Reducing the number of

messages sent and the amount of data moved between processes can significantly

improve the runtime performance.

Distributed Arrays and Shared Arrays To perform pulse compression and

Doppler processing on an array of raw radar data, we must introduce the concept

of a distributed array. A distributed array is one that can be split such that

specified processes have access to only a portion of the array. A shared array uses

the systems shared memory to map the same array to many different processes.

Thus, as the name suggests each processor has shared access to the entire array.

Currently both these capabilities are under construction in the latest build of

Julia.
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Julia Processes In Julia each process has an identifier associated with it. The

process that provides the interactive Julia prompt has ID 1, all other processes

are called workers. If there is only one process, then process 1 is considered a

worker.

5.1 Multi-core Pulse Compression Software

The rationale behind developing multi-core pulse compression is to take

advantage of the fact that it is in essence a correlation operation of every

range line with the matched filter. In serial, the algorithm does this correlation

sequentially in a loop. The multi-core algorithm with p cores, attempts to call a

serial correlation function on evenly distributed range line data. Thus, the idea

is to cut the processing time of the correlation by p. This technique, however,

has a draw-back. It is commonly acknowledged that the overhead associated

with starting up parallel processes, as well as the limited memory pool and slow

data movement between processes introduce significant overhead to computation

time. It is therefore important to acknowledge that these practical constraints

can result in the parallel implementation effectively performing slower than the

serial implementation.

Consider the serial pulse compression algorithm. The part of the code that is

done in serial is roughly 1/3 of the total time required to run the program. Thus,

using (5.1) the speedup we should expect for p = 2 is 1.54 and for p = 4 is 2.05.

Figures 5.1 and 5.2 illustrate the overall flow of the data for a serial and

a multi-core pulse compression implementation respectively. This section

describes the parallel implementation of the pulse compression algorithm and

highlights some of the results obtained in terms of computation time, number of

cores and number of pulses considered. Table 5.1 on page 55 shows the script

available for multi-core pulse compression.
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Figure 5.1: A figure illustrating the overall flow of data in the serial pulse compress
algorithm described in NR PulseCompressSC.jl.

Figure 5.2: A figure illustrating the overall flow of data for a 2 core pulse compression
algorithm described in NR PulseCompressionMC.jl.
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5.1.1 Multi-core Pulse Compression Code

Algorithm Description The script NR PulseCompressionMC, also expressed

in pseudocode in Algorithm 4 and Algorithm 5, aims to make use of an internal

cluster of processes using Julia’s multi-core platform. It starts by defining the

function NR Distribute(), which takes a local array and splits it into equal

parts along its two dimensions defined by a tuple (row,col). Julia has an in-built

distribute function, however, it does not give the user the ability to split the

matrix into custom dimensions.

Next the serial function NR Correlate() defines the pulse compression routine,

which is to be run on p cores simultaneously. Note that NR Correlate() is

made available to all processes via the @everywhere macro, and takes in a

Boolean analytic , which optionally returns the analytic signal data matrix

necessary if Doppler filtering is to follow the pulse compression.

The function MCPC() (Multi-core Pulse Compression) reads in the processed

reference signal and radar data. Next the radar data must be distributed into

P equal parts along the pulse number dimension. Once the data in memory is

declared a distributed array, the data assigned to each worker is moved to its

respective worker process. Next the NR Correlate() function is invoked on each

worker process and performs the correlation on the chunk of data associated to

it. The @spawnat macro returns remote references, which specifies a location in

memory, where the solution to NR Correlate() is held.

Table 5.1: Table of available Julia scripts for Pulse Compression

Script name NR PulseCompressionMC
Dependancies NR ReadBinFile, NR ReadRefSig
Function Applies multi-core pulse compression, optionally creates

the analytic signal necessary for Doppler processing.
Returns either the analytic signal matrix or the matched
filtered matrix.
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Finally, the references are fetched using a parallel map (pmap()) and all the

data is collected in an array of (nPulses /P, 2 048) arrays.

Algorithm 4 NR PulseCompresMC: NetRAD Pulse Compression Part 1

. this function must be made available to all processes using @everywhere
1: function NR Correlate(np , refSig , rawData ; analytic )
2: d← read data from rawDataF ile . see NR ReadBinFile
3: r ← reference signal from refSigF ile . see NR ReadRefSig
4: pl← fft plan on d . find best FFT implementation for d
5: for i← 1, np do . apply planned FFT
6: d← r. ∗ (pl ∗ d)
7: end for
8: pl← ifft plan on d . find best IFFT implementation for data
9: if analytic == true then . create analytic signal

10: create analytic signal
11: end if . assume the analytic signal is formed
12: for n← 1, np do . apply planned IFFT
13: d← r. ∗ (pl ∗ d)
14: end for
15: return d
16: end function
17: function NR Distribute(A, mydist, myprocs) . A modified version of

Julia’s distribute function
18: owner ← current ID
19: rr ← remote reference
20: store A on rr
21: define DArray on myprocs number of processes into mydist rows and

cols
22: for DArray do
23: for every processor fetch designated distributed part of DArray
24: end for
25: return d
26: end function
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Algorithm 5 NR PulseCompresMC: NetRAD Pulse Compression Part 2

27: function MCPC(nPulses , rawDataFile , refSigFile , analytic )
28: P ← nprocs()− 1 . number of available processes
29: PCchunk ← size of chunk
30: define Ddata . a distributed array
31: dRaw ← read data from rawDataF ile
32: rSig ← read reference signal from (refSigF ile )
33: Ddata← distribute dRaw . distribute the dRaw into P number of

chunks in pulse dim
34: for w ← 1, P do

. assigns only one chunk to each process
35: refs ← spawn the chunks from Ddata on all processes and perform

NR Correlate, return remote reference
36: end for
37: define DdataArray . array to hold the pulse compressed chunks of data
38: DdataArray ← fetched remote references . fetched in a parallel map
39: return DdataArray
40: end function

5.1.2 Results and Discussion

The details of the hardware are shown in Table E.1 and the results for multi-core

pulse compression are discussed below.

To test whether the multi-core algorithm does in fact speed up computation and

to determine at which point this occurs, the algorithms were run on an increasing

number of pulses. In each case computation time was recorded. The results are

shown in the figure below.

Figure 5.3 is a graph which shows the recorded computation time of the serial

and multi-core algorithms as a function of pulses processed. The results show

that unexpectedly the serial algorithm outperformed the multi-core algorithm

in both the 2 core and 4 core test for almost any number of pulses considered.

The graph also shows that the 4 core algorithm would only outperform the serial

algorithm for pulses more than 130 000. For a dataset of 130 000 pulses, the 4

core implementation has, on average, a speedup of 1.02 and the 2 core a speedup

of 0.94.
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Figure 5.3: Pulse Compression algorithm computation time as a function of pulses
processed.

To investigate why the multi-core algorithm was slower than the serial algorithm,

a modified version of each algorithm is tested. The computation time of only the

correlation operation (that is only the part of the algorithm that can be done in

parallel) is considered in each case. Note that it does not consider the time to

read in the data or the time to convert a local block of memory into a distributed

block of memory. The new computation times are shown in Figure 5.4.

Figure 5.4 shows that when only the correlation was concerned, the 4 core

implementation was most efficient when more than 90 000 pulses were processed.

For a dataset of 130 000 pulses, the 4 core implementation has on average a

speedup of 1.09 and the 2 core has a speedup of 1.01, with respect to the serial

algorithm. This suggests that the overhead associated with memory movement

between driver and worker processes might be the root of the problem.

The introduction to this chapter mentions how data movement between processes

is a significant source of inefficiency. Factors such as declaring distributed arrays,

moving data between the driver process and worker processes, the need for more
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Figure 5.4: Pulse compression algorithm computation time considering only
correlation.

variables and functions in the parallel implementation all add to the overhead in

Julia’s multi-core platform.

5.2 Multi-core Doppler Processing

Doppler processing is done by computing a smaller running discrete time

Fourier transform across constant range bins. This commonly requires the pulse

compressed data matrix to be transposed. On a multi-core platform this is

complicated by the fact that the data is already split into sections in the pulse

dimension and distributed across different worker processes. Usually in a GPU

implementation, a corner-turning algorithm would be used to reshape the data

from each constant range bin. However, due to the way the processed data is split

across processes and the slow data movement between processes corner-turning

was not implemented.
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Figure 5.5: A figure illustrating the overall flow of data in the serial Doppler
processing algorithm described in NR DopplerProcessingSC.jl.

Figures 5.5 and 5.6 illustrate the overall flow of the data for serial and a multi-core

compression implementation respectively.

5.2.1 Multi-core Doppler Processing Code

Table 5.2 shows the script available for multi-core pulse-Doppler processing.

Table 5.2: Table of available Julia scripts for Doppler processing

Script name NR DopplerProcessingMC
Dependancies NR PulseCompressionMC, NR ReadBinFile,

NR ReadRefSig
Function Applies multi-core pulse compression and

pulse-Dopper processing with DFT size as a
parameter.

Algorithm Description The script defines a function called

NR DopplerFilterBank(), which performs multiple small Fast Fourier

Transforms of size ds on each constant range bin, effectively applying a bank

of Doppler filters to a given array. This function will be evoked on each worker

process in parallel. In the function MCDP() the multi-core pulse compression

routine is called producing pulse compressed data. The distributed data is

relocated to a local array and concatenated to form one matrix. Recall that
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Figure 5.6: A figure illustrating the overall flow of data for a 2 core Doppler processing
algorithm described in NR DopplerProcessingMC.jl.

the matched filtered data has dimensions (slow-time × fast-time) thus, it is

transposed in order to apply the Doppler filterbank in the fast-time dimension.

The data is then redistributed in the constant range dimension across the

available worker processes. The filterbank is spawned on all available worker

processes and is run on each process simultaneously. The remote references to

the Doppler processed data is then stored in the array refs. The references are

then fetched in a parallel map using the pmap() function and the result is stored

in DdataArray.

The algorithm is also expressed in pseudocode in Algorithm 6.

5.2.2 Results and Discussion

Again the computation time of the different algorithms is compared. Figure 5.7

shows graphs of computation time as a function of number of pulses processed.

Note that in this case the number of pulses considered were multiples of the DFT

size. It compares the serial algorithm with the multi-core algorithm using 2 cores

and 4 cores.
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Algorithm 6 NR DopplerProcessingMC: NetRAD Doppler Processing

. NR DopplerFilterBank must be defined @everywhere
1: function NR DopplerFilterBank(np , chunk , ds , inputD )
2: define sp . array that holds the chunk of the signal spectrum
3: P ← fft plan on s . find best FFT implementation for data
4: for m← 1, chunk do . on each range line
5: for n← 1 : ds : np do . for window of size ds
6: s← fftshift(pl ∗ (input [ds ])) . apply FFT plan
7: end for
8: end for
9: return s

10: end function
11: function MCDP(np , dftSize , dFile , rFile )
12: PCdata← pulse compressed from dF ile . see NR PulseCompressMC
13: Dd← PCdata converted local array . PCdata is a distributed array
14: p← number of processes
15: data← concatenate chunks in Dd
16: data← transpose data
17: define Ddata . a distributed array
18: Ddata← distributed dRaw . distribute the dRaw into P number of

chunks along range bins
19: define DPchunk . the size of the chunk
20: for w ← 1, P do

. assigns only one chunk to each process
21: refs ← spawn the chunks from Ddata on all processes and perform

NR Dopplerfilterbank, return remote reference
22: end for
23: define DdataArray . array to hold the pulse compressed chunks of data
24: DdataArray ← fetched data from remote references . uses a parallel

map
25: return DdataArray
26: end function
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Figure 5.7: Figure comparing the computation times of serial and multi-core Doppler
processing algorithms.

The graph shows that the multi-core algorithm outperforms the serial algorithm

for pulses in the range [30 720, 112 640]. At best, the multi-core algorithms

were found to have speedups of 1.54 (2 core) and 1.60 (4 core) with respect

to the serial algorithm occurring at roughly 102 400 pulses. Although the 4

core implementation is faster than the 2 core version in terms of computation

time, there was less than a 2 second difference at any point. When processing

112 640 pulses, the multi-core algorithm takes an abnormally long time to run.

In both cases the algorithms took roughly 75 seconds. This suggests that they

are hitting a bottleneck during runtime. The reason for this bottleneck could be

attributed to memory architecture or inter-processor memory movement since all

the parameters, other than the number of pulses considered, are kept constant.

The multi-core pulse-Doppler processing algorithm relies on the multi-core pulse
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compression, but from the results in Figure 5.3 the serial pulse compression

routine runs more efficiently than the multi-core routines for most dataset sizes

considered. It would thus be useful to introduce a hybrid algorithm using serial

pulse compression combined with distributed Doppler processing. Figure 5.8

considers the computation time of the serial and the hybrid multi-core algorithms.

Figure 5.8: Figure comparing the computation times of serial and hybrid multi-core
Doppler processing algorithms.

The intersection point in Figure 5.8 shows that the hybrid algorithm becomes

more efficient for pulses more than 40 960. With 122 880 pulses considered, the

2 core version has a speedup of 1.04 and the 4 core a speedup of 1.13, both with

respect to the serial algorithm.

5.3 Chapter Summary

Julia’s parallel platform is based on a unique message passing system. The

communication allows the programmer control of only one side in a two-sided
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process. Although this makes the implementation simpler, the high-level

functions leave the programmer with little control over low-level operations.

Sending messages and data movement are the biggest source of overhead in

a parallel program. Performing radar signal processing techniques such as

pulse compression and pulse-Doppler processing rely heavily on data movement.

In both pulse compression and pulse-Doppler processing the idea behind the

multi-core algorithms is to exploit the independence of pulses and constant range

bins in each technique respectively. That is, the radar data can be split into parts

and the processing can be done on the smaller parts.

Theoretically, any parallel program can be split into a purely serial part and a

parallel part. Once expressed in this form, Amdahl’s law gives the maximum

speedup achievable. For pulse compression the results showed that practically

the serial version is more efficient in terms of computation time for pulses smaller

than 130 000. Further testing showed that by considering only the correlation,

the 4 core program was most efficient for datasets which contain more than 90 000

pulses. This highlights the overhead in Julia’s multi-core platform.

The Doppler processing algorithm calls the multi-core pulse compression routine.

Due to this, it is necessary for the data, which was originally distributed in one

dimension, to be collected on the driver process, concatenated, transposed and

redistributed in the other dimension. Despite this, the multi-core algorithm

performed better than the serial version for pulses more than 20 480. At best,

the multi-core algorithms were found to have speedups of 1.54 (2 core) and

1.60 (4 core) with respect to the serial algorithm occurring at roughly 102 400

pulses. After this point, the multi-core algorithm displays an unusual spike in

computation time. Since nothing, but the amount of data has increased, this

must be due to a memory problem. It is likely that there is a bottleneck in the

memory hardware architecture.

Finally, a hybrid algorithm, which makes use of the more efficient serial pulse

compression method, is implemented. This method did not result in the

abnormality seen before. In this case the multi-core version is 4 seconds faster

than the serial version when processing 130 000 pulses as shown in Figure 5.8.
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Conclusions and

Recommendations

Altogether this dissertation has set out to develop supporting signal processing

scripts which researchers using NetRAD and NeXtRAD data can use to navigate

though HDF5 files, produce pulse compressed data, perform pulse-Doppler

processing and apply a LMS adaptive filter for WiFi interference suppression.

NetRAD is a project that was formed to capture radar data in a bistatic and

multistatic configuration. Its predecessor NeXtRAD, will operate at X- and L-

Band while NetRAD operated in S-Band. Hundreds of Gigabytes of NetRAD

data already exists online but navigating through the available data for datasets

can be a challenging and time consuming task.

In an effort to aid sea clutter research, the infrastructure implemented supports

the acquisition and preparation of data in Julia Programming Language.

Julia is an open-source, high level, high performance language, which was

designed for scientific programming. Despite being a young language it already

promises to be a good alternative to languages such as Python and Matlab.

The contributed support for data acquisition includes a script and documentation

in Chapter 3 to navigate through an HDF5 file using Julia to retrieve radar echo

66



CHAPTER 6. CONCLUSIONS AND RECOMMENDATIONS

data as well as metadata stored as attributes in the file.

Chapter 4 presented the available scripts for pulse compression, pulse-Doppler

processing and interference suppression.

In Section 4.2.2 it highlighted Julia’s heavy reliance on virtual memory since

memory could not be easily cleared, but shows with enough RAM the pulse

compression algorithm runs fast enough for real-time application using only a

single core.

It showed the implementation of an adaptive LMS filter for interference

suppression and discusses the filter’s ability to improve the precision and recall of

an OS-CFAR detector. The filter and detector parameters were optimised for one

dataset and validated on two others. In pulses with High Clutter contamination,

the detector was unable to distinguish between signal and interference, whereas

it produced a precision of 100% in pulses with Low Clutter contamination. Even

though detection in High Clutter was not achieved the filter was able to reduce

the number of highly contaminated pulses.

Chapter 5 made use of Julia’s multi-core platform to implement parallel

pulse compression and pulse-Doppler processing algorithms. Julia’s multi-core

platform gives the user control over only one side of a two-sided process and

is based on a message passing system. The results highlighted Julia’s slow

data movement between processes and how it sigificantly influenced the overall

speedup achievable.

For future work the pulse compression and Doppler processing scripts should be

altered to work in real-time. This would enable users to produce quick-looks

during data campaigns to gauge whether the datasets are corrupted by

interference and get other relevant information. The Julia Base library is

constantly evolving and working on support for GPU processing in the future.

It would be worthwhile investigating different types of parallel algorithms and

implementations to compare to the ones presented in this project.

Furthermore, the toolbox could always be expanded to include statistical

and other post-processing tools relevant to sea clutter analysis. These could
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eventually form a comprehensive library for NetRAD and NeXtRAD processing.
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Multistatic Radar

A collection of multiple monostatic radar or bistatic radar components which

are spatially separated, have overlapping coverage area and work together as

one system is loosely referred to as a multistatic, netted or multisite radar

system. The main limitation of bistatic radar according to Davies [36] is its

limited useful coverage, which is constrained to a vertical fence-like volume in

the region of the vertical plane which contains the transmitter and receiver.

Many applications require a larger useful coverage.

Since we can have monostatic and bistatic components in a multistatic

system the advantages/disadvantages of each transmit and/or receive pair will

apply to the whole system [37]. The following characteristics are unique to the

multistatic arrangement.

The coverage of the system is limited, but it can be increased by spreading the

radar geometry throughout the area to be surveyed [36, 37].

Combining information from multiple transmit and/or receive pairs with

shared coverage has benefits. The most obvious advantage is perspective

gained from spatial diversity [3] being able to view an area from multiple

angles is advantageous when environmental clutter is prominent in any one
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transmit-receive pair. That is, by weighting and integrating individual returns,

detection can be optimised when more emphasis is placed on stronger returns

obtained from certain monostatic or bistatic RCS values. Thus, it is useful when

it comes to multipath or shadowing effects that might otherwise lead to poor

detection performance, which is an unavoidable consequence of using only one

radar. A notable area of interest pertaining to NetRAD is in sea clutter, where

the diversity in reflectivity and Doppler shift may prove beneficial for detection

in a maritime environment [6].

Usually, a monostatic radar suffers from poor cross-range resolution compared

to down-range, so there is potential to exploit the fact that points of interest

are in the intersection of constant bistatic range ellipses since there are multiple

diverse down-range profiles. This, however, involves a process of associating

individual target detections with each other to form a joint detection. Care must

be taken with regard to “ghost targets” which can be formed. To decrease these

ambiguous results one can use extra information such as Doppler, increase the

resolution or add more transmit/receive nodes for angular diversity. A benefit

of bistatic systems is the increased range and angular resolution by doing both

spatial and time filtering in either case [37].

Target features such as the changes in the RCS can be observed by the

transmit/receive pairs in the system. So the gain in information from multiple

angles can aid target classification.

Usually, a fault in either transmit or receive in a monostatic/bistatic system can

result in a complete loss of functionality. Thus having multiple paired nodes

increases the robustness of the system. Quiet receivers and distant transmitters

working together may also make nodes difficult to locate and less susceptible to

attack in military applications [37].

In order to deduce information such as the range and velocity of targets

in the area of interest it is necessary to know the spatial location of the

individual radar is the system. They need to share a common timing system
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and frequency standard. These must be maintained when the transmitter and

receiver lose direct line of sight. It is thus important to have accurate time and

phase synchronization between receivers.

Having multiple nodes significantly increases the amount of data that needs to

be processed, which in turn can become very computationally complex.
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Digital Filters

In digital signal processing we refer to a system, which accepts an input signal,

and performs a transformation, which produces a modified output signal, as a

digital filter. Linear Shift-Invariant (LSI) systems or filters also known as discrete

linear time-invariant systems, are of particular interest. A system is defined as

linear if it exhibits homogeneity and superposition [38]. That is, the system

is called homogeneous if a scaled version of the input of the filter produces a

similarly scaled output. The system exhibits superposition if the output of the

sum of two inputs is the same as the sum of the output of the individual inputs.

Consider inputs x1[n] and x2[n], which when put through a filter h[n], produce

outputs y1[n] and y2[n], then the system is linear if

Ax1[n] +Bx2[n]
h[n]−−→ Ay1[n] +By2[n], A, B ∈ R. (B.1)

A digital system is called shift-invariant if a delay or an advance in the input

signal causes a similar delay or advance in the output of the system. In other

words, the system is LSI if

x[n− a]
h[n]−−→ y[n− a], for some time a ∈ Z. (B.2)
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Implementation of Digital Filters In the digital domain, once the filter

h[n] is chosen there are some basic methods of implementing it. These include

time-domain convolution, frequency domain convolution and time-domain

difference equations. These are outlined in [38] and are summarised below.

Time-domain convolution requires knowledge of the impulse response h[n] of

the LSI system, and the output is basically the sum of a point-wise product of

the signal x[n] with the flipped version of the impulse response or vice-versa.

Mathematically we can write

y[n] =
∞∑

m=−∞

x[m]h[n−m] =
∞∑

m=−∞

h[m]x[n−m]. (B.3)

In radar both the impulse response and the signal are often stored as

complex-valued sample points, so care must be taken to use “complex”

multiplication and accumulator operations. Note that this form of convolution

is only practical for FIR filters (i.e filters of a finite length).

Frequency-domain convolution makes use of the relationship shown in (2.3),

we are familiar with continuous time-domain convolution being equivalent to

continuous frequency domain multiplication via the convolution theorem of

Fourier transforms. However, (2.3) relies on the DTFT, which is not a practically

computable transform, since it is a function of the continuous variable (i.e. f̂),

thus practically we rely on the discrete DFT instead. For a K-point DFT, the

process of filtering by multiplying two DFTs is known as frequency-domain

convolution. The DFT of the filter is,

Y [k] = H[k]X[k], k = {0, 1, ..., K − 1}. (B.4)

Recall that to create the DFT we are effectively sampling the DTFT of the

continuous input signal. Thus, we have in effect created a periodic replication

of the original input signal. As a result we have to use circular convolution as

opposed to the standard convolution technique, which can often be the cause

of error. However the standard convolution method can also be used if K, the

DFT size, is chosen appropriately. This frequency convolution technique is often
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also referred to as fast convolution, however, it is not necessarily faster than the

direct method of time-domain convolution as it is completely dependent on the

parameters [38].

Finally, when dealing with infinite impulse response (IIR) filters it is necessary

to express the system transfer function, in the z-domain such that we have

Y (z) =

∑M
k=0 bkz

−k

1 +
∑N

k=1 akz
−k
X(z), ak, bk ∈ R. (B.5)

Where ak and bk follow from the poles and zeros in the design of the IIR

filter. Then rearranging and applying the z-transform property we can obtain a

difference equation to compute the filter output y[n] as

y[n] =
M∑
k=0

bkx[n− k]−
N∑
k=1

aky[n− k]. (B.6)

A more detailed account of the design process can be found in [39].
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Julia for Ne(X)tRad Manual

The following chapter is a manual to aid the user with using Julia for

NetRAD/NeXtRAD development. All the scripts are available on the

accompanying CD as well as on github.

C.1 Getting Started

The first step to doing analysis is to acquire the data from the relevant database.

Once the HDF5 file names have been acquired the next step is to feed the data

into the Julia environment.

Starting Julia Once downloaded Julia can be run in the Linux terminal.

When in the terminal, navigate to the directory which holds the HDF5 files

and start Julia using the command:

julia

To start Julia on four cores use:

julia -p 4
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Make sure that you are running at least v0.4.5 for all the functions to work

properly. Julia is constantly evolving and some scripts might need altering if

code from Julia’s Base library is changed.

Loading HDF5 files Once in the Julia environment, the data stored in (*.h5)

files can be read in using the HDF5.jl script with include("NR HDF5.jl"). The

raw data will be read into a Julia array.

C.2 Data Preparation

The raw NetRAD data is stored directly from the ADC as 16-bit unsigned

integers. The ADCs can only store positive numbers thus a DC offset was

introduced to make capture of negative samples possible. For this reason there

is an offset that must be removed and the new values need to be converted to

voltages. Table C.1 shows the scripts to read in radar data from binary files and

convert the raw data values to real data values as well as a script to read in the

reference signal from a text file and process it.

If you prefer to use the available scripts to perform pulse compression

and Doppler processing then use include("NR PulseCompressSC.jl") and

include("NR DopplerProcessingSC.jl") respectively to produce match

filtered data and Doppler processed data.

C.3 Quickplots

To create a snapshot Quickplot of Doppler processed data, include the PyPlot

library, plot the data and save plot to file:

using PyPlot
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# The DFT size must be defined and the same as the one used

# for Doppler processing

dftsize = 255;

# Plot one cut

image = imshow(log10(abs(s[:,1:1+dftsize])), aspect = "auto");

# Save the png to file

using PyCall

@pyimport matplotlib.pyplot as plt

plt[:savefig]("range_doppler.png");

C.4 Saving to binary files

If you would like to save a data array to a file after multi-core pulse compression

you can write to a file in this way:

myFile = open("NR_PCdata.bin", "w+");

# P is the number of cores used

for w = 1:P

# DdataArray is an array containing the processed data

# from all processors

write(myFile, DdataArray[w][1]);

end
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Table C.1: Table of available Julia scripts for raw data processing

Script name NR ReadRefSig.jl
Dependancies None
Function Reads in the reference signal from a text (*.txt) file. The

values in the text file are assumed to be comma separated
values. The function returns RefSig which is a 1 x
2048 complex conjugated, Fourier transformed reference
signal array, which has been normalised, windowed
(Hanning) and zero-filled.

Script name NR ReadBinFile.jl
Dependancies None
Function Reads in the raw radar echo data from a binary (*.bin)

file. Each raw pulse from the binary file is assumed to
be a 16-bit array of unsigned integers. The number of
pulses can be specified by choosing N. The bin file data
is assumed to be a 2048Nx1 array. The function returns
(N x 2048) 16-bit array.
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Useful HDF5 Object Operations

An outline of some of the operations that can be performed on files and objects

are listed in the tables below according to the HDF5 1.6 Standard.

Table D.1: Table of basic operations performed on a file

Operation Description
Create Creates a file with defined structural metadata elements.
Open Opens a file.
Reopen Reopens a previously opened file.
Close Closes a file.
Mount/Unmount Includes/removes one files’s graph structure in/from

another file’s graph structure.
Get properties Gets the structural metadata of the file.
IS HDF? Queries whether a file is an HDF5 file.

Table D.2: Table of basic operations performed on a group

Operation Description
Create Creates a group with specified properties.
Open Opens an existing group.
Close Closes a group.
Iterate Iterates through group members.
Get information Gets the number of group members; a member’s object

type; and the name of a link that points to a member.
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Table D.3: Basic operations performed on a link

Operation Description
Insert Inserts a link into a group.
Remove Removes a link from a group.
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Hardware Specifications

Table E.1: Hardware specifications of the server used for computation

Name Description
Server Name gpuserv
Number of CPUs 8
CPU Model Intel(R) Core (TM) i7 960 @ 3.20GHz
CPU Architecture x86 64
CPU MHz 1600
RAM 23GB
Disk Memory 55.9GB + 8GB SWAP
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