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Abstract

Technologically advanced weapon systems — such as drones and high-precision bal-
listic missiles — have become defining features of modern warfare. This development
has increased the demand for radar systems capable of detecting threats quickly
and accurately, even in dynamic and cluttered environments, while maintaining a
constant false-alarm rate (CFAR) independent of the interference model. In such
settings, signal mismatches between expected and measured target steering vectors
are common, requiring detectors that can be tuned for desired selectivity or ro-
bustness. The CFAR Feature Plane (CFAR-FP) is a recently proposed method for
evaluating different CFAR detectors. It maps radar echoes to a two-dimensional fea-
ture space using invariant detection principles, forming distinct groups of clusters for
the target and noise hypotheses. Within this plane, traditional CFAR detectors ap-
pear as linear or non-linear decision boundaries that separate the clusters depending
on the desired selectivity or robustness. However, in scenarios with low signal-to-
noise ratio (SNR) or significant signal mismatches, these detectors may suffer from
degraded performance. To address this issue, a neural network (NN) can be used
as a binary classifier to learn complex and data-driven detection thresholds, which
otherwise would not be possible with traditional detectors. This thesis explores the
design and implementation of a robust and tunable CFAR detector based on the
CFAR-FP framework and an NN directly in the Xilinx Versal Al core series VCK190
FPGA. The board’s combination of reconfigurable logic and embedded Al engines
(AIE) has the potential of greatly accelerating NN-based classification in real time,
making it a viable candidate for edge Al applications. A complete system model was
developed in software, including a MATLAB program for generating the CFAR-FP
with customizable target injections into experimental radar data, and an NN model
implemented in Python. Experimental results demonstrate that quantizing the NN
for deployment on resource-constrained platforms — such as the VCK190 — signifi-
cantly improves inference speed, albeit with a reduction in prediction accuracy on
highly mismatched and low SNR datasets. In parallel, VHDL-based modules have
been developed for executing advanced complex-valued linear algebra operations re-
quired by the CFAR-FP mapping chain on an FPGA. The results show that a fully
pipelined hardware implementation — from processing chain to NN inference — is
feasible, enabling high-speed signal processing and detections at the cost of higher
design complexity and loss in computational precision.

Keywords: edge Al, CFAR, feature plane, FPGA, edge, radar detector, neural net-
work, GLRT, mismatched signals
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Introduction

Target detection in radar systems is continuously evolving to adapt to developments
in the current battle space. In order to stay one step ahead of potential threats,
radar detection methods need to quickly adapt to the current situation. A com-
monly used detection method in radar development is called constant false-alarm
rate (CFAR), which is used to set an appropriate and adaptable threshold for when
a radar response should be classified as a target and when it should be considered
noise or clutter. These two possible classifications are known as test hypotheses.
The main benefit of CFAR is that it generates a constant probability of false alarm
that is independent of the interference. Since the interference in radar data can vary
greatly depending on the environment, an adaptable threshold is highly desirable.
The methods for calculating this threshold have evolved over time to minimize false
positives and find target echoes that might be hidden within the noise and clutter.

A new method to calculate this threshold was recently developed called the CFAR
Feature Plane (CFAR-FP), which shares many similarities to unsupervised neural
network (NN) models within the field of artificial intelligence (AI) [1]. The CFAR-FP
processing chain maps radar data cells to a two-dimensional (2-D) plane in which
the hypotheses will form distinct groups of clusters. These clusters share many
similarities of so-called features in machine learning (ML), which transform datasets
into individually measurable characteristics or properties represented by points in a
plane. Between these clusters a decision region can be identified, which separates
false positives from true positives. Existing CFAR detectors mapped to the plane
appear as linear or non-linear continuous functions depending on the characteristics
of the detector. Furthermore, any decision region drawn in the plane realizes a
detector which exhibits the CFAR property. Once a CFAR-FP has been generated,
an NN could theoretically be trained to find different ways to split this space to
improve detection capability while still maintaining the CFAR property.

In collaboration with Saab Surveillance in Gothenburg, this thesis investigates the
feasibility of implementing the CFAR-FP mapping chain together with an NN binary
classifier in a real-time embedded system for radar target detection. While previous
research has explored the theoretical benefits of CFAR-FP, its real-time application
on hardware platforms remains somewhat uncharted territory. This project aims to
bridge this gap by leveraging Xilinx’s Versal Al Core series field-programmable gate
array (FPGA) [2] to extract the CFAR-FP from raw radar data and deploy an NN
detector directly in the hardware using its embedded Al engines (AIEs).
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1.1 Background

Modern radar systems often utilize antennas with multiple array sensors to measure
incoming radar echoes. This is beneficial in many aspects as it enables advanced
signal processing techniques to be applied such as beamforming, which uses con-
structive or destructive interference to filter out return echoes arriving from spatial
angles other than the direction desired. Furthermore, multichannel processing is
an effective method for limiting the effects of clutter or jamming signals. However,
the increasing number of antenna elements in modern radars has resulted in huge
datasets that need to be processed in real-time, which necessitates fast and precise
digital signal processing (DSP) systems.

The exponential growth of the Internet of Things (IoT') technology has revolutionized
various industries. Traditionally, these technologies rely on cloud servers for data
collection, storage, and processing. Shifting all computing tasks to the cloud has
proven to be an efficient approach for data processing, as the cloud offers far more
computational power than edge devices. However, while the speed of data processing
has significantly improved, the bandwidth of networks connecting devices to the
cloud has not seen similar growth [3]. As a result, with an ever-increasing volume
of data being generated by edge devices, the network is becoming a bottleneck for
cloud computing. Additionally, the constant threat of cyber attacks makes cloud
storage of data risky, particularly in military applications where it is crucial that
gathered intelligence is kept secret.

Edge devices and edge computing significantly enhance the autonomy of IoT systems
by enabling localized data processing and interpretation, even in scenarios with lim-
ited or no network connectivity. The integration of Al within these environments
enables real-time, efficient, and autonomous analysis and decision-making. Edge
computing platforms typically incorporate a range of processing units — including
central processing units (CPUs), graphics processing units (GPUs), Al accelerators,
and hardware such as FPGAs [4] — that are optimized to perform Al computations
at the edge. Embedded ML, often referred to as TinyML, involves deploying ML
models directly onto resource-constrained devices like microcontrollers and FPGAs.
FPGAs are particularly useful in embedded ML scenarios due to their ability to per-
form efficient parallel computations, which is advantageous for accelerating machine
learning tasks — especially in applications that require real-time data processing.
Additionally, by combining sensors, signal processing, and ML models directly in
the hardware, the devices may process data and make decisions locally without
relying on cloud-based computations [5], [4].
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1.2 Problem Description

The core issue in radar detection is the trade-off between robustness and accuracy
in environments containing high levels of noise and clutter, as well as potential
jamming signals. In such environments, potentially mismatched signals are likely,
and it is crucial to ensure that the detector maintains a constant false-alarm rate.
For defense systems, it is essential that the radar detection is fast and accurate, as it
needs to identify and react to incoming threats, such as ballistic missiles or drones,
in a very short time. Additionally, radar echoes from some threats have very low
signal strength, which makes detection capability in low signal-to-noise ratio (SNR)
environments important as well. The challenge arises when the actual signal does
not match the expected signal model, or steering vector, of the target because of
inaccuracies in the model assumptions.

Since radar systems are deployed in various environments, the characteristics of the
noise and clutter will differ greatly, and it is therefore desirable that the systems can
adapt to these varied conditions and produce reliable results. A tunable detector
based on the CFAR-FP framework in an embedded system could, in theory, be an
adaptable and reliable detector out in the field without the need for external com-
puters to analyze the incoming radar signals. Furthermore, embedded AIEs leverage
the parallelism of the FPGA architecture. Since NNs are intrinsically parallel struc-
tures, this will significantly accelerate the computations of the NN compared to
traditional CPUs or even GPUs. Thus, any loss in precision due to quantization
could possibly be outweighed by the increased efficiency with reduced latency and
power consumption. It also eliminates the need to transmit the data to external
sources for postprocessing. The main drawbacks are storage size and computational
accuracy, since the inputs to the FPGA are limited by a certain number of bits.

1.3 Related Work

The theoretical framework for this thesis is based on prior research regarding radar
systems, CFAR detectors, and the CFAR-FP as well as ML models for similar
classification problems.

The CFAR-FP was first proposed in [1], where theoretical analysis and simulations
proved that it can be used as an intuitive tool in certain radar detection applications.
In addition, [6] includes a more comprehensive overview of adaptive detectors and
the CFAR-FP. These sources constitute the theoretical foundation of this work.

As for the hardware implementation of the CFAR-FP, we rely on previous published
designs for complex-valued linear algebra operations implemented on FPGAs. The
main source for this is a proposed design method for matrix inversion with complex
floating-point numbers [7]. This work covers many needed operations for the CFAR-
FP mapping, such as complex multiplication, division, and matrix inversion which
provided great insight for handling complex numbers in hardware.

A prior study [8] has demonstrated the effectiveness of edge Al in low-power forest
monitoring systems, where real-time fire detection is achieved without relying on
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cloud-based infrastructure. Similar edge-driven principles are found in some military
radar systems. In [9], a maritime domain application is proposed where edge machine
learning enabled underwater drones and robots to locally process sensor data and
make autonomous decisions, which is essential for time-sensitive and safety-critical
tasks such as sea mine detection, where dependence on remote human control is
often unsafe or impossible. In defense applications, edge devices’ ability to process
data and act locally even in scenarios where communication channels might have
been disrupted could be extremely valuable.

To get an understanding of how NNs can be implemented on FPGA platforms we
used a master’s thesis conducted at Saab Surveillance in 2021 which explores this
topic [10]. That work also used the VCK190 evaluation board [11] that is used in
this thesis, which made it highly relevant as a source and baseline for the project.

1.4 Purpose and Goal

The purpose of this thesis is to investigate the feasibility of implementing a radar
detector from an NN classifier within the CFAR-FP framework as an alternative to
traditional radar detection thresholding methods. With an NN-based approach, we
explore the capability of defining an optimal threshold based on a training dataset
generated from a ground-based rotating experimental radar.

As data volumes in radar systems continue to increase, the demand for efficient
and high-speed signal processing systems has become more critical. This work aims
to explore the implementation of such a system in hardware, specifically targeting
FPGAs, in order to achieve low-latency processing without compromising detection
performance too severely.

The primary goal is to explore the potential of NN-driven thresholding for high-
speed radar signal processing applications in edge devices. We will develop and
evaluate a prototype radar detector based on the CFAR-FP concept, where an NN
will be trained to set the optimal decision boundary within the plane. Furthermore,
for full edge capabilities we aim to implement the CFAR-FP mapping chain on the
hardware. A complete system aims to be implemented on Xilinx Versal Al Core
series FPGA VCK190, leveraging its processing capabilities for real-time operation.

To reach this goal, the project is divided into several intermediate milestones:

1. System model:
Develop a complete CFAR-FP detector system in software, including CFAR-
mapping based on radar data with configurable SNR and mismatch levels as
well as the integration of a NN for adaptive thresholding.

2. CFAR-FP in hardware:
Implement the CFAR-FP mapping-chain within an FPGA.

3. NN in hardware:
Investigate how the NN model trained in floating point format performs after
quantization.
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4. Complete system in hardware:
Integrate the CFAR-FP mapping-chain hardware design with the NN into a
full system implementation on the VCK190 board.

These milestones will serve as the building blocks toward achieving a high-speed,
hardware-accelerated radar detection system based on modern machine learning
techniques.

1.5 Delimitations

The goal is to test if an implementation of a real-time target detector, combining
the CFAR-FP detection with an NN detection approach is possible on an FPGA.
Further performance optimization such as resource utilization, data rate, or power
dissipation are secondary and will not be the main focus of the project.

There exist multiple different CFAR detectors. However, when comparing the per-
formance of the proposed tunable detector, we use Kelly’s detector (see Section 2.3.4)
for benchmarking as it is a foundation for many other detectors as well as rather
simple to implement in the CFAR-FP.

In order to train the NN we need accurate labels on huge datasets with many targets
of different characteristics. As it is difficult to verify with certainty from the raw
radar data where targets were located — as well as the limited amount of targets
available — we will make the assumption that the data mainly consist of a noise and
clutter background. Artificial targets are instead injected using an ideal steering
vector model into the collected radar data, as it simplifies the labeling of the data
for classification purposes. This enables full control of the expected and measured
targets in order to accurately generate desired signal mismatches and SNR. However,
this means that the proposed system will not be tested on real targets.

Finally, the data used is collected only from one beamformed channel, which means
we will not account for spatial dependencies in the target steering vector, only
temporal. The experimental radar data is preprocessed by matched filtering, which
means we will not perform any pulse compression as part of our design.

1.6 Use of LLMs

Large language models (LLMs), such as ChatGPT, were used conservatively in cer-
tain aspects of this project. The main usage included:

« asking for recommendations for academic literature when researching the the-
oretical parts of the project,

e help with debugging Python code,
« speeding up the process of configuring generated plots in MATLAB and Python,
« formatting equations and references in IXTEX,

e minor grammatical fixes in this report, such as correct usage of commas, hy-
phens, and semicolons.
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LLMs took no part in the method, design, or overall structure of this work.

1.7 Thesis Outline

After the introduction, this report starts off with an overview of the technical back-
ground of this project. The first sections of this chapter provide the reader unfamiliar
with pulsed radar systems with the fundamental theory required to understand the
radar signal processing methods and CFAR-FP presented in the following sections.
The chapter ends with sections covering the architecture and functionality of super-
vised NNs. In Chapters 3—4 we present our approach to implement the proposed
system, with sections covering system modeling in MATLAB and Python as well as
the hardware implementation. The results of the project are summarized in Chap-
ter 5, which are then evaluated and discussed in Chapter 6. Finally, our conclusions
drawn from the results, as well as our ideas of possible future research, are detailed
in Chapter 7.
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Technical Background

This chapter provides an overview of the technical and theoretical framework, which
was needed in order to motivate the design choices made in the project. The fol-
lowing sections cover the basics of radar signal processing and detection theory, the
mapping chain of the CFAR-FP, as well as the architecture of NNs.

2.1 Pulse-Doppler Radar

A pulsed-Doppler radar system transmits high-energy electromagnetic (EM) waves
as pulses and receives their respective echoes after they have been scattered by
objects in the environment. These EM pulses are typically modulated with local
oscillators (LOs) using mixers to radio-frequency (RF) bands. This modulation
results in narrow-band signals which provide several benefits.

The antenna’s area determines the effective absorption area of a received plane
wave [12, p. 151], and is directly proportional to the squared wavelength of the
transmitted pulses. The wavelength is given by

Co
fe
where ¢ is the speed of light in vacuum and f. the carrier frequency of the pulse.
Thus, if low-frequency pulses are used, the antenna required for effective reception
would require a diameter in the scale of kilometers, which of course is not realistic.
Typically, the assumption for antennas is A\, < D, where D is the diameter of

the antenna [13, p. 11]. As will be described later in this section, the minimum and
maximum detectable radial velocity of a target are also dependent on the wavelength.

e = (2.1)

Additionally, the receiver uses in-phase and quadrature (IQ) mixers to demodulate
the received signal to baseband. This produces two channels: one real and one imag-
inary which are out of phase by 90°. By expressing the signals as complex phasors
using Euler’s identity, mathematical operations performed during signal-processing
steps are greatly simplified — as multiplication of sine and cosine functions are re-
duced to addition of exponents of exponentials. Furthermore, the 1Q-demodulation
provides phase information of the received signal which allows for Doppler frequency
processing to determine the velocity of targets. We will return to this subject later
in this section.
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A simplified block diagram of a radar system model is shown in Fig. 2.1.
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Figure 2.1: Simplified radar system block diagram.

Note that the figure shows one antenna for transmitting and another for receiving the
radar echoes. This is only the case for bistatic radars. Monostatic radars instead
use the same antenna for both transmission and reception with a control circuit,
such as a duplexer, which switches between the two modes [13, p. 35]. Furthermore,
other blocks such as amplifiers and intermediate mixers with different oscillators
have been omitted from Fig. 2.1 for simplicity.

After the analog-to-digital converters (ADCs) a matched filter (MF) is commonly
used to pulse compress the received signal by convolving it with the time-reversed
complex conjugate of the transmitted signal; effectively cross-correlating the two
signals. This allows for wider pulse width which maximizes the SNR, while still
maintaining a fine range resolution otherwise only obtainable by a short pulse
width [13, pp. 113-120].

2.1.1 Range

In pulsed radar systems the pulses are characterized by a certain peak power, pulse
width, 7, and a pulse repetition interval (PRI), ¢,, [13, p. 9], as shown in Fig. 2.2. The
reciprocal of the PRI is called the pulse repetition frequency (PRF). The relative
time delay and phase difference of the transmitted and received pulses allow for
measurements of the distance and velocity of the objects. Given a phase velocity
of the transmitted wave (often approximated to ¢ in free-space), the time delay
At between transmission of the leading edge and reception of the trailing edge of a
single pulse is
2R

At = — 4T, (2.2)
Co

where R is the distance to the target.

8
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Power
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Figure 2.2: Transmitted and received radar pulses.

Since c¢g is a constant, and 7 < %, the range can easily be calculated by rewrit-
ing (2.2). The maximum detectable range before the next pulse is sent is known as
the maximum unambiguous range, and is given by

co(ty —7)  cotp

u = ~ 3 2.
R 5 5 (2.3)

and the range resolution, dp, is determined by the pulse width:

CoT
or =~

2.1.2 Velocity

As previously mentioned, using IQ-mixers for the demodulation at the receiver en-
ables measurements of the relative phase of the received pulses and a stable LO
(STALO) within the radar [13, p. 20]. Radars with this capability are known as co-
herent radars. A pulse reflected off a target located at range R will have its phase,

v, delayed by
4R

Ac
If the target is stationary, Ay will be constant over multiple transmitted pulses.
However, if the target is moving with a constant line-of-sight (LOS) velocity towards
or away from the radar, the relative phase of each consecutive pulse will have a
constant rate-of-change, or frequency. This phenomenon is known as a Doppler
shift, or Doppler frequency. The Doppler frequency, fq4, relates to the LOS velocity
of the target, v, as

Ap = —

. (2.5)

2v
fa= .

The negative sign in front of the expression is a result of the fact that the LOS
velocity can be both positive or negative, with positive velocity indicating that the
target is moving away from the radar!.

(2.6)

!This convention differs in some sources, where negative velocity instead represents the target
moving away from the radar. In those cases, (2.6) does not include the negative sign.
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The Doppler frequency is measured by computing the fast Fourier transform (FFT)
of M received pulses. The maximum Doppler shift that can be measured is deter-
mined by Nyquist sampling theorem:

PRF 1
max — = 2.7
fa, 5 o, (2.7)

which gives a maximum unambiguous velocity, v,, of

Ac
2t,

vy =+ (2.8)

The frequency resolution, dy, is of course determined by the minimum detectable
rate of change in phase, and is dependent on both M and the PRI as

1

o = —— 2.9
f Mtp Y ( )
which yields a velocity resolution, 9,, of
A
Oy = ———. 2.10
2Mt, (2.10)

The product Mt, is known as the dwell time, or coherent processing interval (CPI).
Clearly, selecting a long CPI is beneficial in terms of resolution but it will require
significantly more computational resources to process the data. The minimum CPI
required depends on the application, although selecting a value of base two is prefer-
able as it allows for efficient FF'T computations.

2.2 Multichannel Processing

In the previous section we described how range and velocity measurements are
performed using pulsed-Doppler radar and a single antenna element, where each
received echo from a certain direction of arrival (DOA) is characterized by its recep-
tion time. A further improvement frequently applied in modern radar systems is to
use multiple antennas — so-called subapertures — to measure incoming radar echoes.
The received signal is then not only characterized by the reception time and its
phase, but also the subapertures’ physical location in space [13, p. 349]. This way
of simultaneously processing a set of spatial samples from multiple subapertures
and temporal samples from multiple pulses within a CPI is known as multichannel
processing (MCP) and is utilized in, for example, space-time adaptive processing
(STAP) in airborne radars.

Compared to single-aperture processing, STAP provides improved detection per-
formance of targets obscured by jamming signals or clutter [14]. This is particu-
larly important in airborne radar systems, where the radar platform’s motion may
cause the clutter to be spread out as a narrow ridge across the entire Doppler
space [14, Fig. 1]. The way this is achieved is by computing adaptive weight vec-
tors based on interference estimations to filter out jamming signals and stationary
ground clutter [14].

10
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It should come as no surprise that these benefits provided by MCP make it a foun-
dation in many modern radar signal processing applications — with this work being
no exception. In this section, we will lay out the main framework required for MCP
which is relevant for this project. For a more in-depth explanation of MCP and
STAP we refer the reader to [13, Ch. 12], [15].

2.2.1 Array antennas

Antennas with multiple subapertures are often referred to as array antennas. In
many applications it is desirable to also be able to control the phase of the radiating
elements. It is then possible to steer the beam direction to a desired location without
physically moving the antenna [13, pp. 53-54]. These types of antennas are known
as phased-array antennas, and are crucial in beamforming applications.

Multiple different architectures for phased-array antennas exist, but we will here
only consider the simple uniform linear array (ULA) antenna for demonstration
purposes. A line array consists of N subapertures located a distance d apart?, as
shown in Fig. 2.3.

A
Y

Figure 2.3: Uniform linear array antenna with /N radiating elements.

Each subaperture receives an incoming radar echo (red arrows in Fig. 2.3) at the
same incidence angle, 6. For aperture n, where n = 0,1,..., N — 1, the radar
pulse will have to travel ndcos@ longer than the right-most subaperture (n = 0).
This longer path will result in a time delay between each subaperture’s reception of
the same pulse, which provides information regarding the pulses spatial frequency
associated with the angle of arrival (AOA) [15]. Thus, as opposed to the single

2Typically, this distance is defined as d < \./2 [13, p. 56].
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element radar system we assumed in Section 2.1, the received pulses for array an-
tennas contain both temporal and spatial dependencies related to the DOA and

AOA respectively.

2.2.2 Radar data cube

In array processing, a CPI of M pulses is transmitted and collected from N sub-
apertures. Each pulse is sampled at a very high sampling rate compared to the PRI
(often in the scale of GHz) and pulse compressed into L discrete range bins. This
high sampling rate is why this dimension is often referred to as fast time, and the
pulse dimension is referred to as slow time [13]. The difference in range between two
adjacent range bins is given by the range resolution in (2.4).

In other words, for each CPI we have LM N complex radar echoes, which can be
visualized as a three-dimensional (3-D) data cube, as depicted in Fig. 2.4. The
squares marked in blue constitute an M x N data matrix, typically restructured for
signal processing as an M N x 1 vector referred to as a cell.

SJUIWII[I BUURUY

1 Range bins (fast time) L

Figure 2.4: CPI data cube.
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2.3 Target Detection

Radar detection fundamentally involves determining whether a target is present in
a radar echo, or if the signal only contains noise and clutter. Thus, any radar
detector should output a binary decision given an observed radar data cell — a so-
called cell under test (CUT). Either the target is present in the signal, or it is not.
In radar signal processing theory, this is typically expressed as a binary hypothesis
test. The null-hypothesis (target is not present in signal) is denoted by Hy, and the
alternative hypothesis (target is present in signal) is denoted by H; [6, p. 5]. These
two hypotheses can be defined as

{Ha z=mn

(2.11)
H :z=av+n,

(CMNXl,’I’LG(CMNX1 CMN><1

where z € ,and v € are the column vectors representing
the CUT, noise, and signal steering vector respectively [1]. Note that n includes
all disturbances such as thermal noise, radar clutter, and possible jamming signals.
The scalar a € C represents an amplitude and phase shift caused by the physical
channel. This parameter depends on the physical constraints of the radar system
and the characteristics of the scattering object such as radar cross-section (RCS),
transmitter antenna gain, and multi-path channel effects. Dimension M N is the
product of the number of antenna array elements and the number of transmitted
pulses within a CPI in order to include both spatial and temporal dependencies [14].

A complete decision rule must then be defined, wherein each observed z can be
assigned to either Hy or H;. This classification of the observations is never perfect,
and there will always be a risk for false alarms — meaning that a given observation
will incorrectly classify interference as a target. Solving the hypothesis test in (2.11)
is done by applying a threshold, 7, to some decision statistic of the receiver output,

t as a function of z:
H,

tzmn. (2.12)
Ho
As emphasized in [12, p. 266], most radar detectors perform this comparison of
the receiver output with some threshold 7 in one way or another when applying the
hypothesis test in (2.11). Methods for determining 7 is therefore a heavily researched
topic and a fundamental part of this thesis, which will be revisited several times
throughout this report.

2.3.1 Energy detector

A possible and simple decision statistic is to measure the energy of a received signal
z(t) after matched filtering and comparing it with a threshold. This type of detector
is known as an energy detector (ED) [6, pp. 9-10]. Assuming that the noise and
clutter, n(t), and useful signal, s(t), are linearly separable, the energy of z(t) can be

expressed as
Bz = {EW i Ho (2.13)
E(s)+ E(n) ,if H,
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The energy of a continuous signal is given by E(z) = [72°|z(¢)|? dt, which for a
discrete system containing M samples of the analog signal z(¢) can instead be de-
scribed by E(z) = M, |22, These M samples can then be conveniently expressed
as a vector for the two hypotheses as in (2.11). The energy of the vector is simply
the squared magnitude, and the decision rule for the ED can thus be defined as

Hy
Izl = =12 2 o, (2.14)
0
where 7 is some threshold value and z' denotes the complex conjugate transpose,
or Hermitian, of z. Eq. (2.14) highlights why the ED is also often referred to as a
square-law detector [6, p. 11]. Achieving a desired probability of false alarm is done
by setting n to an appropriate value.

2.3.2 Neyman-Pearson approach

With a probabilistic model of the noise and useful signal defined, by denoting R; as
the M-dimensional region wherein all observations z that have been assigned to H;
lie, the probability for detection, Pp, and the probability of false alarm, Pga, can
be described as the integrals of the joint probability density functions (PDFs) over
R1 [16]):

PD:/ . (2| Hy) dz
R1

(2.15)
Pox = [ polz|Ho) dz,

where p.(z|H;) is the PDF of z given that a target was present, and p.(z|Hy) is
the PDF of z given that a target was absent.

Fig. 2.5 shows an example of the PDFs of a simple radar detector which compares
the voltage level of the measured signal with some threshold voltage, V. The PDF
of the measured voltage given that the target was absent is denoted by po(V') and
the PDF given that the target was present is denoted by p; (V). As can be seen, the
Pea and Pp are indeed the integrals of po(V) and p; (V') respectively, evaluated in
region Ry € [V, +00).

N

py(V)
Probability ]?‘“A

Density
X
\‘ p, (V)
4\\\\\
%//‘/}&,,,,,,,. X

p(V)
Vr Voltage (V)

Pp

Figure 2.5: Probability density functions of po(V') and pi (V).

14



2. Technical Background

Since PDFs are strictly positive, (2.15) and Fig. 2.5 lead to the conclusion that Pp
and Ppa must increase or decrease concomitantly if the region Ry grows or shrinks
(Vr is lowered or increased). Given this fact, a popular detection rule is often applied
known as the Neyman-Pearson criterion (NP) [16]. This approach aims to find the
threshold 7 for a detector, as in (2.14), that achieves the highest possible Py while
ensuring that the Pgy never exceeds a predefined acceptable value, ¥». The NP
rule can therefore be viewed as selecting the region R, in such a way that Pp is
maximized, under the constraint Ppy < ).

Maximizing FPp under a given constraint can be done by using Lagrange multipli-
ers [16]. Define the Lagrangian for maximizing Pp, constrained by Pra as a function
F, given by

E(z,w) ZFEPD+)\~(PFA—¢). (2.16)

Maximizing F' and then choosing the multiplier A for which the constraint Ppa = 1
is satisfied guarantees the optimum solution®. Substituting (2.15) into (2.16) gives

F:/sz(z]Hl)dz—i—)\(/sz(z|Ho)dZ—¢)

(2.17)
= =+ [ pa(zlHy) + Aps(=|Ho) d=.

The only variable which can be defined arbitrarily is R;. Maximizing the integral
over region R, maximizes F' as a result. The sign of the integral will depend on the
sign of A\, p,(z|Hyp), and p,(z|H;). F is maximized if one selects only the points in
R, for which the integral will be greater than zero:

p2(z|Ho) + A\p=(z|Hy) >0

& po(zlHy) > —Apa(2|Ho). (2.18)

Rewriting (2.18) leads to the decision rule known as the likelihood ratio test (LRT):

(2.19)

ENE
|
>~

The LRT states that if, and only if, the ratio of the two PDFs evaluated at an obser-
vation z exceeds a threshold determined by A should z be classified as hypothesis H;
— otherwise hypothesis Hj should be selected. Note that the LRT can be expressed

as (2.12), with a decision statistic ¢ = 22 414 a threshold = —\.
p=z(2|Ho)

As demonstrated in [6, p. 11], assuming o2 and the signal power o2

LRT can be applied to the presented square-law detector in (2.14):

are known, the

||=|*
2 I? 7, (2.20)
n 0

where 1 now is a modification of the original threshold.

3Note that the use of A here is the conventional notation of the Lagrangian multiplier and
should not be confused with the wavelength ..
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2.3.3 CFAR

The NP approach previously discussed shows that the probability of detection can
be maximized if the probability of false alarm is constrained to a constant value,
. If the Py for a given detector is also independent of any parameters in the H,
model, the detector is said to have the CFAR property.

From (2.15) and (2.12), we know that the detection probability depends on the
threshold 7. The simplest approach when designing a detector is to set a constant
threshold. This will result in a trade-off between Pp and Pra as described in Sec-
tion 2.3.2. However, this leads to a significant problem. If the interference level
and characteristics are known, setting an appropriate threshold to ensure a constant
false-alarm rate would be trivial using the NP rule. Unfortunately, in real-world
radar applications the noise and clutter are rarely known beforehand. Although it
is possible to define a model for Hy and then design detectors with the CFAR prop-
erty under that model assumption, these models are not always a good predictor of
the conditions under Hy. As a result, it is difficult, if not impossible, to guarantee
the CFAR property if n is fixed.

To illustrate this, Fig. 2.6 shows an example plot of the normalized received power
across different range bins for a specific pulse index together with a fixed threshold
for an ED detector. Targets have been injected at range bins 355, 519, and 684, and
are all clearly above the threshold. However, several false alarms are also present.
Evidently, an adaptable threshold is desired.

T T T T T

Received signal
— — — - Fixed threshold

-15

-20

25 H

230 1 1 1 1 1
300 350 400 450 500 550 600 650 700

Range bins

Figure 2.6: Normalized range-power plot of one pulse per range bin with fixed
threshold. Targets injected at range bins 355, 519, 684.
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In (2.20), the LRT is applied to the ED assuming o2 is known, which achieves the
desired CFAR property. In the common case, where the interference characteristics
are not known completely, the interference can instead be approximated by mea-
suring neighboring cells surrounding the CUT, with the assumption that only the
CUT contains a target and that the neighboring cells only contain independent and
identically distributed noise [6, p. 13]. These cells are often referred to as secondary
data and are selected from K range bins surrounding the CUT.

The size of K depends on the desired performance. We want K to be high enough
to get a good estimation of the noise, but not too high as that would violate the
homogeneity assumption [17]. In Reed, Mallet, and Brennan’s (RMB) pioneering
work [18], it was proven that given a CPI of M pulses, setting K = 2M will achieve a
minimum 3dB SNR loss compared to the optimum case of a known noise covariance
matrix. This widely accepted rule-of-thumb is, unsurprisingly, referred to as the
RMB rule. To ensure the secondary data cells only contain noise, a few guard cells
are also added on each side of the CUT in case the observed target stretches over
multiple range bins, as this would otherwise heavily skew the noise estimation [16].

Fig. 2.7 illustrates how the CUT, guard cells and secondary data cells are selected,
given a single antenna element from the data cube shown in Fig. 2.4.

Secondary data

Figure 2.7: M x L data matrix showing CUT, guard cells, and secondary data.

The estimated noise power, 62, from secondary data cells z, k = 1,2,..., K is
calculated as:
a1 & 2
s = — Zk|”. 2.21
Y=l (221)

Substituting o2 with 62 in (2.20) the decision statistic for the adaptive ED can thus
be set as [6, p. 13]:

[12[” l2]l*
= =
Al _ 2 (2.22)
0121 % 25:1 |zk|2 Hy
Rewriting (2.22) yields
H1 /]7 K Hl N
21?2 = > lal* & t 2 0oy (2.23)
Y Ho
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Evidently, the adaptive threshold is simply the average magnitude of the secondary
data scaled by a constant 1. Note that, as opposed to (2.20), in (2.23) it is the
threshold — not the decision statistic — that is adaptive. Sweeping over each range
bin in the radar data matrix and computing a threshold in this manner for each
CUT is known as a cell-averaging (CA) CFAR detector, and is the simplest known
adaptive detector [17].

Fig. 2.8 shows the resulting adaptive threshold created by the CA-CFAR algorithm
on the radar signal in Fig. 2.6.

5 T T T T T T T
Received signal
CFAR threshold
0k i
_5 ;MM W
m 10k
=
-15
& ﬁ
-20
-25 H I
-30 1 1 1 1 1
300 350 400 450 500 550 600 650 700

Range bins

Figure 2.8: Normalized range-power plot of one pulse per range bin with CFAR
threshold from cell-averaging.

2.3.4 Generalized likelihood ratio test

Setting an appropriate threshold for a given false-alarm rate requires a probabilistic
model of the noise and clutter, as well as knowledge of the useful signal. In most
cases, the noise can be considered to be zero-mean Gaussian, as supported by the
Central Limit Theorem, with a variance (or noise power) of o2 [6, pp. 10-11]. In
coherent radar processing, full knowledge of aw is limited by the physical channel
effects, expressed by a. Assuming coherent processing and complex Gaussian noise,
z in the two hypotheses is distributed as [6, pp. 28-29]:

HO Lz NCN(O,R)
Hy:z~CN(av,R)"
Assuming an array antenna with /N subapertures where the measured noise in each

channel is uncorrelated, R = o021 is the unknown covariance matrix of the noise,
where I is the M N x MN identity matrix [13, p. 352].

(2.24)
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The limitations of the LRT in applications is the fact that it rarely can be applied in
practice since often one or more parameters are unknown. The generalized likelihood
ratio test (GLRT) proposed by Kelly in [19], expands the LRT to include estimations
of unknown parameters within the Hy model using mazimum likelihood estimation
(MLE). The GLRT approach can be used to perform an MLE for a decision statistic
on a discrete set of estimated parameters, such as the noise and clutter, with minimal
loss of performance [19]. This discovery allowed numerous new CFAR detectors with
different properties to be defined [1].

The complex scalar « of the target steering vector in (2.24) can be estimated using
the LRT to maximize the likelihood with respect to a. Using the GLRT it may
be generalized to colored noise conditions as in (2.24). This maximum likelihood
estimator, &, is described as [6, p. 29]:

a=""— (2.25)

This estimation of « leads to the generalized non-adaptive MF in colored noise:

2T R 1v|? 1
tp = ——— 2 2.26
ME viR v I§()77 ( )

Similarly, the ED in (2.20) may also be generalized to colored noise conditions:

Hy
tep = 2'R7'z = 1. (2.27)
Hy

Using GLRT, the hypothesis testing problem in (2.24) may be expanded to include
the estimated noise from the secondary data cells [6, p. 30], assuming an unknown
Hermitian positive-definite covariance matrix with Gaussian distribution, R. The
GLRT hypothesis test is described as

Hy: z~CN(0,R)
2 ~CN(O,R), k=1,....K
Hy: z~CN(av, R)
zr~CN(O,R), k=1,....K

(2.28)

By measuring K secondary data cells, a sample covariance matrix, R, can be gen-
erated which estimates the true unknown noise covariance matrix R:

R=_Y zz=_8, (2.29)

where S is the Hermitian positive-definite scatter matrix [6, p. 29]. Given this
definition, it has been proven that the MLE of R is exactly equal to R [19]. Thus,
the ED in (2.27) can then be expressed as an adaptive detector:

H,

tED = zTSflz 2 n. (230)
Hy
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Note that since % in (2.22) is a constant and 7 is an arbitrary threshold, & can be

incorporated into 7, as has been done in (2.30).

Kelly derived his famous detector, now known as Kelly’s detector, based on his
proposed GLRT, which has become a performance benchmark for other radar de-
tectors [1]. Kelly’s detector is a selective receiver, ideal for specific target localization
as it rejects signals differing from the expected target steering vector [6, p. 32]. It
is described by the following decision statistic:

. B |21S~ w2 i
Kl = (uf§-10) (1 + 218 12) T

(2.31)

Finally, this method also meant that (2.26) could be expressed as an adaptive MF
(AMF) detector, first proposed by Robey et al. in [20]:
|27 S~ 1w|? m
t =— 2. 2.32
AMF o’ S—1ov ;0 n ( )
The AMF is a robust receiver, which is suitable for wide-band and low SNR con-
ditions and therefore preferable when a radar is scanning for unknown targets as
it is less sensitive to signal mismatches [6, p. 32]. The decision statistic in (2.32)
performs a cross-correlation between the expected steering vector model v in the
estimated noise and the CUT.

2.3.5 Steering vector

The steering vector v in (2.11) depends on the system model. For example, in the
general case of STAP in airborne radar, it is possible to define both a temporal and
spatial steering vector based on the data cube shown in Fig. 2.4. For a given range
bin 7, the temporal steering vector vt can be defined as

1
6]'27rvT

vr = : e CM, (2.33)

ejZW(Mfl)vT

where vp = fat,, is the normalized Doppler frequency of the target in slow time [6, pp. 4-5].

A spatial steering vector, vs, is defined in almost the same way except that vy is
replaced with the spatial frequency of the target, which depends on the apertures’
location in space. Thus, for N subapertures, the spatial steering vector can be

described as
1
€j27r'ug

vg = : eCM, (2.34)

6j27r(N71)vS

where vg depends on the DOA of the target, carrier frequency or array geometry.
In the case of ULA antennas (see Section 2.2.1), then vg = %sin 0, where 0 is the
angle between the boresight of the antenna and the DOA [6, pp. 5-6].
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In order to get the correct M N x 1 dimension type as in (2.11), the space-time
steering vector v can be formulated as

v = v Q vg € CMV, (2.35)

where ® denotes the Kronecker product operator [6, p. 7].

For a rotating and ground-based radar, as the one used in this work, the tempo-
ral steering vector is rather different compared to the general airborne radar case.
The radiation pattern of a single antenna element, is characterized by a main lobe,
multiple side lobes and a beam width fg [13, p. 11], as depicted in Fig. 2.9.

Side lobes
Main lobe

A
p— <<< Boresight

Figure 2.9: Antenna beam pattern of single radiating element with diameter D
and beam width 0g.

In order to simplify calculations on the radiation pattern, the main and side lobes
are often approximated as a well-defined function, such as the absolute value of a
sinc function or a Gaussian. The sinc function is beneficial if precise modeling of
the side lobes is necessary. However, as described below, we only consider the beam
width of the main lobe when defining our steering vector. Therefore, in this work
we use the Gaussian approximation for simplicity. The choice of antenna model is
also not crucial in our case, as we will synthetically inject targets. As long as the
ideal steering vector has the same model as the measured targets, this method is
valid.

Assume that for pulse m a certain target of radial velocity v is located exactly in
the LOS of the antenna, meaning that the return echo is received at the center of
the main lobe. If the antenna then rotates with a rotational velocity of wg rad/s,
the DOA of pulse m + 1 will differ from the boresight direction, as illustrated in
Fig. 2.10.

The change in angle, Af# ,of the boresight relative the DOA is determined by wg
and the PRI as
AO = wrty. (2.36)

Thus, the angle 6 can be determined deterministically for each consecutive pulse as
Omi1 = Om + AL, (2.37)

As a result of this rotation, the received signal will have a varying amplitude depen-
dent on 6, which is also Gaussian [21]:

g(0) = @e_zln(2)(9;) : (2.38)
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where G is the maximum gain.

Pulse m Pulse m 41
Target Target
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: : I direction
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| —]
[
[

Boresight
direction

i\

The peak in the received power will occur when 6 = 0°, since the boresight then
is perfectly in line with the DOA of the echos from the target. When instead
0 = +05/2, the received power is g*(+0) = Gy/2 since the echoes then reach the
parts of the antenna lobe constituting the —3 dB azimuth beam width.

Rotating antenna

Figure 2.10: Model of rotating antenna.

A phase model of the target is necessary as well. The phase ¢ of pulse m can be
determined by
Om = 2kvt,m, (2.39)

where k = i—” is the wavenumber.
C

Combining (2.38) and (2.39), we can describe each element of the temporal steering
vector of a target as complex phasors:

[ g(el)e.ﬂpl T
v=|9(0:)e7% | (2.40)

_g(QM)ejWM_

Once the antenna has rotated past g, the received signal will be heavily attenu-
ated and difficult to distinguish from the clutter and noise surrounding the target.
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Therefore, it is practical to define the phase and amplitude to be centered around
the middle of a CPI. It is then assumed that for a given CPI the antenna has ro-
tated from —6g/2 to 05 /2, with the observed target being located at exactly 6 = 0°.
Given (2.37), this can be achieved in software simply by multiplying each integer in
the range [—M /2, M /2 — 1] with Af, with the minimum M pulses required for the
CPI to include the full sweep of the —3dB beam width being

O

Mopin = . (2.41)
WRtp

Due to this shift, the linear phase will have a dynamic swing of i‘f\—f%vtp.

Fig. 2.11 depicts the amplitude and phase plots of the described steering vector given
a CPI consisting of M pulses high enough to show most of the Gaussian shape.
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Figure 2.11: Magnitude and phase of steering vector. Note that if M = My,
the width of the Gaussian will be the beam width 6g, as (2.38) is dependent on the
number of pulses used when determining 6.
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2.3.6 Signal mismatch

Before moving on to describing the CFAR-FP mapping chain, a more in-depth
explanation as to what exactly constitutes a signal mismatch is warranted.

Consider an expected steering vector v, which is estimated based on the expected
pulse response of a received radar echo from a specific target given a particular radar
system model, for example, the rotating antenna system explained in Section 2.3.5.
Recalling the hypothesis test in (2.11), we can visualize the two hypotheses as vec-
tors projected on a noise subspace, as shown in Fig. 2.12 [6, p. 23]. Note that the
expected steering vector v is orthogonal to the noise space, since it is the ideal model
of a target.

Noise subspace Noise subspace

Figure 2.12: Geometrical representation of the hypothesis test in (2.11).

By denoting the measured received signal z as a complex vector p, in Fig. 2.13 we
see that p deviates from the expected steering vector v by an angle 6. If p contains
ezactly the same phase and amplitude information as v, then # = 0° and we have a
perfect signal match. If; on the other hand, p deviates from v, then 6 # 0° and we
have a signal mismatch.

e

Noise subspace

Figure 2.13: Geometrical representation of signal mismatch, indicated by the angle
0 between expected steering vector v and actual steering vector p. Note that this ¢
is different from the angle mentioned in Section 2.3.5.

This mismatch is typically quantified in terms of the squared cosine of 6 [1], where
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matched conditions imply p = v and cos? ) = 1:

piC~tv|?
(vIC~1v)(p'C~'p)

cos? O = € [0,1], (2.42)

where C € CMNXMN g the covariance matrix of the clutter and thermal noise,
defined as

C=R.+R,, (2.43)

with R, € CMN*MN heing the clutter covariance matrix, and R,, = 021 the thermal
noise covariance matrix. It is important to note here that R, is not a scaled identity
matrix, such as R,, and may contain nonzero elements outside its diagonal.

The SNR ~ can also be determined by p and C"
v=lafp'C'p e Ry, (2.44)

where the amplitude « is chosen deterministically for a desired SNR.

2.4 CFAR Feature Plane

The CFAR-FP, first proposed in [1], has its foundation in invariant detection. In-
variant detection is a branch within detection theory which involves mathematical
transformations on the hypothesis test in (2.28) in a manner which ensures that
parameters in the statistical distribution significant for detection, such as the sta-
tistical mean of the data, remain unchanged after the transformations. Any change
to the covariance is deemed irrelevant for detection performance [22].

In the case of the AMF and Kelly’s CFAR detectors, both assume the covariance
matrix is completely unknown and unstructured. However, in many scenarios the
antenna array geometry as well as partial knowledge of the noise environment are
known and therefore provide a rough structure to the covariance matrix [22]. In-
variant testing utilizes this semi-structure to significantly improve the probability
of detection, given a fixed false-alarm rate. As a result of these transformations,
any pair of decision statistics with a 1-1 relation to tkeny and tayr may be defined
in terms of a maximal invariant test. Given the relation to the AMF and Kelly’s
decision statistics, these invariant tests notably also possess the CFAR property [1].

The CFAR-FP framework provides a new method for analyzing different CFAR
detectors’ performance in terms of their maximal invariant statistics directly in a
two-dimensional plane. Any given CUT and collection of secondary data cells are
compressed using the maximal invariant statistics to a single point in the plane,
defined by two statistics, 4 and ¢, which are independent under the H, assumption
and have well-defined distributions [6, p. 151], [1]. After multiple cells have been
processed, clusters will form in the plane, whose region depend on the characteristics
of the received signal.

The maximal invariants in the CFAR-FP processing chain are defined by the vari-
ables s and sy. In this work we define them as in [1] to be equal to tgp and tanmr
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respectively:

218 w)?
(51,82) = (tep, tamr) = (ZTS 'z, "UTS_LU eRy, (2.45)
where R, € (0, +00). These are then decomposed in terms of the # and 3 statistics:

(5.5 = (

1 S9
1—|—$1—82’1—|—81—82

) €(0,1) x R,. (2.46)
This mapping chain can be modeled as a multilayered learning machine similar to
an unsupervised NN, as shown in Fig. 2.14.
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Figure 2.14: Network model of the CFAR-FP processing chain based on [1, Fig. 1]
with detector X, decision statistic ¢x, and threshold 7x.

In Fig. 2.14, the raw radar data {z, z1, ..., zx } are passed through the input layer,
followed by two hidden layers which apply two stages of data compression, in order
to extract the invariant features. The first hidden layer ensures that the secondary
data is only used to construct S~!, while the second layer guarantees that the
only permissible transformations are the ones which depend on the energy of the
received signal (s1) and its correlation with the energy-normalized steering vector
(s2) [1]. The final layer then maps (s1, s2) to (3,%) for a more convenient statistical
representation of the features.

In the design layer, the block denoted by X indicates the radar detector used to de-
termine the output decision statistic ¢y, which is then compared to a threshold nx
(determined by the detector X and desired Pga). Given the maximal invariant com-
pression, any well-known CFAR detector can often have its decision statistic t x(z, .S)
expressed in terms of (3,%) only [6, p. 154]. For instance, for the detectors (2.31)
and (2.32), the corresponding reparameterization of their decision statistics are

t = ! 2.47

Kelly = 777 (2.47)

tanp = (2.48)

®|
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Thus, a decision boundary can then be defined for the CFAR-FP by analyzing the
equation tx(3,%) = nx. For the detectors described in Section 2.3.4, their respective
decision boundaries are expressed as the curve equations in the CFAR-FP and shown

in Table 2.1 [1].

Table 2.1: Decision boundaries for different CFAR detectors in the CFAR-FP.

Name Curve Equation
Kelly’s detector (2.31) ¢ = nkeny
ED (2.30) t=(mep +1)3—1

A multitude of different well-known CFAR detectors can be expressed as linear or
non-linear classifiers in the -t plane, just as in Table 2.1 [1]. This enables an
intuitive method for tuning detectors based on the desired selectivity or robustness.
If robustness is desired, the classifier should aim to separate the Hy cluster from the
union of matched and mismatched H; clusters. Conversely, if selectivity is desired,
the classifier should separate the union of the Hy and mismatched H; clusters from
the matched H; cluster [6, p. 151]. In the CFAR-FP, robust detectors have a positive
slope, while selective detectors have a negative slope (with the exception of Kelly’s
detector, which has a zero slope) [1]. Fig. 2.15 shows an example illustration of what
the clusters and detectors in Table 2.1 could look like in the CFAR-FP.
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14+
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0.2
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g

Figure 2.15: Ilustration of the CFAR-FP with drawn decision boundaries of Kelly,
ED, and AMF.
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The CFAR-FP also provides intuitive insight to the SNR and mismatch levels since
the mapping chain is based on tgp and tayr. The clusters’ positions change depen-
dent on a fixed v as a function of cos? @, which allows for drawing trajectories de-
scribing the location of the center of a cluster, given certain conditions [1]. Fig. 2.16
depicts a simplified illustration based on the example in [1, Fig. 8] of how the mis-
matched clusters migrate for a fixed SNR of 20dB. The dashed horizontal line
indicates full mismatch and the vertical line indicates perfect match. The diagonal
dashed lines represent different levels of mismatch for the given SNR.

4.5 PR

SNR = —oo0 dB

Figure 2.16: Illustration of cluster migration for fixed SNR.

Migration patterns can be drawn for any given SNR. In cases of higher SNR, the
black diagonal line in Fig. 2.16 will have its end point higher on the dashed vertical
line. Conversely, for lower SNR it will be closer to the —oo dB point.
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2.5 Artificial Neural Networks

An ANN is an ML-model that mimics the complex functionality of the human brain
in a simplified way. This allows the model to be trained to recognize patterns and
make decisions based on input features provided by data sets. The model used in
this thesis uses a method called supervised learning, where the input training data
is labeled which allows the model to tweak its parameters based on the loss between
the predicted label in the output with the actual label in the training set. In other
words, the training algorithm aims to identify patterns and the relationship between
input and the desired output. The goal is to train the network well enough that it
can reliably predict the output from new data.

ANNS consist of interconnected layers of nodes, also called artificial neurons [23].
Each node in each layer receives input data, x;, which is scaled with a weight, w;,
and summed together with a bias, b, as described by

Z(wm - x;) + by, (2.49)

where K is the number of inputs z to each node j [24]. The weights’ function is
to tune the network to ensure that the paths from input to output which lead to
the highest probability of correct predictions are prioritized. The weighted sums
described in (2.49) are then used in an activation function, a;(e):

U; = aj (Z(Wi,j - T) + bj) , (2.50)

=1

as illustrated in Fig. 2.17. The output ¢; is connected to all nodes in the next
layer, making the outputs of one layer the inputs to the next layer. This is called a
feed-forward network.

Bias

Inputs A

Weights

Figure 2.17: Node j of a feed-forward NN.
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Another way to connect the inputs and outputs of the nodes is using a recurrent
network that uses its own outputs as inputs [24]. This type of network is a dynamic
system, where the network’s current output is not only determined by the present
input but also by its previous value. They are designed to process sequential data,
where the order of the inputs is important.

In this thesis we focus on feed-forward networks. The network consists of an input
layer and an output layer, in some cases there are hidden layers in between. When
there are hidden layers it is called a multilayer feed-forward neural network, while
when there is only an input and an output layer, it is called a single-layer neural
network or a perceptron network [24].

Unlike the nodes in the hidden and output layers, the input layer nodes do not
perform any computations. Each input feature corresponds to one node in the
input layer. Their sole function is to pass raw input data directly to the next layer
without applying any weights, biases, or activation functions [25], [24]. The nodes
in the hidden layer process the input data by calculating weighted sums and apply
an activation function, as described in (2.50). In some cases there can be multiple
hidden layers in a network, this is typically called a deep neural network (DNN) [25].
Each hidden layer passes the results from their activation function to the next layer,
as seen in Fig. 2.18.

Input Hidden Hidden Hidden Output
layer layer 1 layer 2 layer 3 layer

@,

\\ J

Inputs
Outputs

L~
@H

QQ

|

Figure 2.18: DNN with multiple hidden layers.

Selecting an appropriate activation function is essential as it significantly influences
the behavior and performance of the NN. These functions determine how the output
from each node is calculated and passed to the next layer. The activation function
commonly used in hidden layers play a vital role in learning non-linear patterns
in the data and extracts and transforms the features in a proactive way, making
the prediction step in the output layer easier [24]. In other words, it serves as a
filter that reshapes and enhances the input data. This refinement helps the next
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layer process the data more efficiently, leading to better decision-making. Among
the most commonly used activation functions for hidden layers is the rectified linear
unit (ReLU) [26]. The ReL.U outputs a 0 for all negative input values and propagates
the input if it is positive. Thus, the ReLu activation function can be described by

fz) = (2.51)

x, ifx>0
0, ifx<0’

The simplicity of the ReLu function makes it efficient to use for training an NN [24].
Even though it seems to be a bit-wise linear function, the RelLU function is actu-
ally a non-linear function. This enables the network to learn more complex data
patterns [25]. As we can see in (2.51), all zero input values are output as negative
values. This introduces sparsity in the network, i.e., only a small number of nodes
are activated at each time instance, leading to more efficient and faster calculations.

Another widely used activation function is called the Leaky ReL U, which is similar
to the ReLU function, but introduces a small slope for negative input values rather
than outputting zero. This slope is scaled by a constant «, as described by

flz) = (2.52)

x, ifx>0
ax, ifx <0’

where « is a small positive constant, typically a small value like 0.01 [25].

The output layer uses the same data flow as the hidden layer, calculating a weighted
sum of the input values and applying an activation function. The purpose of the
activation function in the output layer is to produce a final prediction in the desired
format. It usually consists of one node or as many nodes as there are classes in
a classification problem [25], [24]. Classification problems involve assigning inputs
to specific categories. For instance, in binary classification problems, there are
two discrete categories to which an input can be assigned. In such cases, only
one node is used in the output layer, resulting in one probability value, §. The
predicted probability that the input belongs to Class 1 of the two different possible
classes [24]. In the binary classification problem the output node typically uses a
sigmoid activation function, described by

()

The probability, ¢, produced by the output layer is then compared to the true label,
y, of the input. Typically, the model outputs a probability value (after applying
the sigmoid function) representing the likelihood that a sample belongs to class
1 [25]. For example, if the output is 0.9, it indicates the model is 90 % confident
that the sample is in Class 1. A loss function calculates the difference between the
predicted probabilities and the actual label, providing a numerical representation of
the model’s error to guide the learning process. The loss function helps the model
generate probabilities that align closely with the true labels. When the model is
highly confident but wrong, the loss becomes large, sending a strong signal to update
the model’s weights [23]. The loss can generally be described as:

B 1
S l4e

(2.53)
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1 X .
=1

where ¢; and y; are the predicted and true labels of sample ¢ respectively, and N is
the total number of samples.

The choice of loss function in a classification problem depends on several factors,
including how the model is built, the number of classes, how the output layer is
structured, and the activation function used in the output layer. The loss function
must be consistent with both the activation function and the intended probabilistic
interpretation of the model’s output [25].

In binary classification, the model usually uses a sigmoid-activated output node to
produce probabilities, with binary cross-entropy (log loss) measuring how well these
align with the true labels. The binary cross-entropy loss (BCE) is derived from
the MLE principle applied to a Bernoulli distribution, where the true labels y; are
binary (0 or 1), and the predicted values §j; are the probabilities that the label is
1 [25]. The BCE loss can be expressed as

BCE = £ 3" [y loa(d) + (1 -y los(1 — )] (2.55)

i=1

2.5.1 Back-propagation

The loss is then used to compute gradients during the back-propagation phase of
training. Back-propagation applies the chain rule to efficiently compute the partial
derivatives of the loss with respect to each parameter (weights and biases) in the
network. These gradients indicate how much each parameter contributes to the
error [25]. This gradient vector points in the direction of the greatest rate of increase
of the function. Each component indicates how sensitively the function responds to
changes in the corresponding input variable [24].

The gradient is used in a method called gradient descent, which minimizes the loss
function by adjusting the model’s parameters in the direction that reduces the loss
most rapidly and optimizes the model, using only the first derivative (gradient) of
the function [25]. After each gradient-based update, the network’s parameters are
slightly adjusted to more effectively minimize the loss function. The training then
returns to the forward propagation step, now utilizing the updated parameters. This
process repeats over multiple training iterations, more commonly known as epochs,
gradually decreasing the loss and enhancing the model’s performance [24].
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2.5.2 Evaluation of model

After the training process is finished, the next step is to assess the model’s perfor-
mance on unseen data. This involves using the trained model to make predictions
without updating its parameters, and is commonly referred to as inference. Depend-
ing on the specific task, appropriate evaluation metrics such as accuracy, precision,
recall, and F1-score are calculated.

Accuracy is the ratio of correct classifications (positive and negative) and all pre-
dictions the model makes. Precision, also known as the positive predictive value
(PPV), represents the proportion of actual positives among all examples the model
classified as positive. Recall is the rate of positive classifications made by the model,
out of all actual instances of the positive class [27].

In classification tasks, a confusion matrix is used to provide a detailed overview of
the model’s predictions compared to the true labels. It results in four fundamental
outcomes: true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN), as seen in Fig. 2.19.
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Figure 2.19: Confusion matrix.

TP occurs when the model correctly predicts the positive class, while TN occurs
when the model correctly predicts the negative class. FP occur when the model in-
correctly predicts the positive class when it actually was negative and FN is when the
model predicts negative, but it was actually positive [27]. The accuracy, precision,
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and recall of the model can then be calculated as

TP+TN

A = 2.56
Y = TP Y FP+ FN + TN (2.56)
TP
PreCiSiOH = W (257)
TP
Recall (Sensitivity) = TP FN (2.58)

To analyze overall performance of the model, the precision and recall parameters are
often combined to form the F1-score. The F1-score is the harmonic mean of precision
and recall, and provides a single metric that indicates how good the balance between
precision and recall is [27]. The Fl-score is computed as

F =2 Precision - Recall

) 2.59
Precision + Recall ( )

Furthermore, when used in the realm of radar detection, Pp and Ppy may also be
expressed in terms of TP, FP, TN, and TP as

TP

PD = m = Recall (260)
FP
Pex= pp TN (2:61)
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Methods

The approach taken for this project will consist of three main steps. Firstly, a system
model of the CFAR-FP mapping chain shall be created in MATLAB. In order to
create the classifier model, suitable datasets need to be created both for training
and validation, with accurate labels for each observed CUT. Since the provided
experimental radar data contains primarily noise and clutter, with no certain target
locations known beforehand, accurate signal models of targets — using the defined
steering vector v in Section 2.3.5 — will be used to synthetically inject a target p
at any given range bin or CPI index in the radar data matrix. This will allow for
full control of targets’ location, gain, and signal mismatches. This will enable us
to sweep over the radar data matrix and perform the CFAR-FP mapping chain —
explained in Section 2.4 — on each cell to generate desired clusters. Additionally, we
will only use data from one already beamformed channel, which means all matrices
and vectors used in the CFAR-FP mapping chain will have their dimensions defined
only by the M pulses within a CPI, since N = 1.

Secondly, a binary classifier NN will be built and trained using the PyTorch library in
Python. The classifier should then effectively realize detector X of the design layer in
Fig. 2.14, and outputs a design statistic txy € [0, 1] that is compared with a threshold
of 0.5. Once trained, the NN ultimately creates a decision region which aims to
distinguish the Hy from the matched and mismatched H; clusters, realizing a robust
detector. This decision region may be visualized by passing a grid of coordinates in
the -t plane through the network and color coding the regions which get classified as
Hy and H; respectively. Using the designed MATLAB model, different datasets will
be generated with varying mismatch and SNR levels to evaluate the performance of
the NN model. The metrics evaluated shall include Pp, Pga, accuracy, and F1-score.
The performance of the NN detector will then be compared with Kelly’s detector,
optimized for minimum Pga. The trained NN model from Python shall then be
compiled and deployed to the VCK190 using Vitis-Al.

Finally, we will aim to implement the CFAR-FP mapping chain in hardware using a
hierarchical approach in VHDL, with multiple modules performing various complex
linear algebraic operations on a given CUT and secondary data stored in block
RAMs (BRAMs). These modules will primarily be implemented and verified using
the rather simple Nexys A7-100T [28] board as a target device, as it simplifies
synthesis and implementation steps. The available resources for the Nexys board
are summarized in Table 3.1.
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Table 3.1: Available resources for the Nexys A7-100T.

Logic Slices LUT Slices Slice Registers BRAM DSP Slices
15,850 63,400 126,800 4,860 kb 240

As mentioned, the target device for deploying the proposed NN design is Xilinx
Versal Al Core Series VCK190 Evaluation Kit [11], which is a powerful development
platform built to accelerate Al inference and signal processing tasks in edge and
embedded environments. At its core is the Versal AI Core XCVC1902 Adaptive
System-on-Chip (SoC), which combines ATEs, DSP engines, and programmable logic
to provide high computational performance [29], [30]. The Versal adaptive SoC
includes the Arm Cortex-A72 64-bit dual-core processor and the Cortex-R5F dual-
core real-time processor [31].

The Versal adaptive SoC is built to handle demanding NN workloads with high
efficiency. Its 400 AlIEs are designed for maximum throughput while conserving
power, making them suitable for tasks like Al inference and complex signal process-
ing. These engines utilize arrays of very long instruction word (VLIW) processors
with single instruction, multiple data (SIMD) vector units, allowing them to execute
multiple operations in parallel across both instructions and data. This is particu-
larly useful for achieving high performance in compute-heavy applications [32]. The
AIEs can run up to 1.3 GHz and have 32 kB local memory and faster interconnects
using the advanced extensible interface (AXI) protocol.

The AMD Xilinx Versal Deep Learning Processing Unit (DPU) is a flexible com-
putation engine tailored for Al tasks on Versal-based platforms like the VCK190
evaluation board. It allows designers to configure the level of parallelism to suit the
specific performance and resource constraints of their target device and application,
making it well-suited for embedded deep learning solutions [33].

Xilinx provides two different ways for programming the AIEs: C/C++ code, compil-
ing it, and creating AIE kernels using the aiecompiler; or using Vitis Al to deploy
and run pre-trained NNs directly on the board using DPU blocks, with either C++
application programming interfaces (APIs) or Python APIs.
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Design and Implementation

The design and implementation process was divided into two main parts: system
development and hardware implementation. The former involved generating com-
prehensive datasets from the experimental radar data, which included synthetically
injecting targets in the raw radar data and then creating clusters using the CFAR-
FP mapping chain. This was all implemented in MATLAB and is covered in Sec-
tions 4.1-4.2 of this chapter. Additionally, Section 4.3 describes the proposed NN
model implemented and trained using Python, which was then used as a target clas-
sifier. The latter included the register-transfer level (RTL) design for the CFAR-FP
mapping chain and the deployment of the pre-trained NN model to the hardware,
which are both covered in Sections 4.4 and 4.5 respectively.

4.1 Target Injection

The data used for the CFAR-FP mapping chain was gathered from a ground-based
rotating experiment radar. The radar antenna consists of multiple subapertures and
rotates with a certain angular velocity wr'. Thousands of pulses are transmitted
each rotation and each received pulse can be used to infer the rotated angle of the
radar in relation to true north.

The data had been stored in a video file together with the parameters used during
sampling. From the video file, a 3-D matrix could be accessed in MATLAB con-
taining the range bins, pulses, and beamformed antenna elements. This matrix has
similar format to that of Fig. 2.4, although it contains all received pulses during
a rotation instead of just one CPI of M pulses and instead of antenna elements it
contains already beamformed channels. The beamformed channel selected concen-
trated received echoes originating from areas high above the ground, in order to
mitigate the effects of ground-based clutter. An image plot of this matrix from one
rotation of the radar is shown in Fig. 4.1; the received power is color coded from
blue to yellow, blue indicating low power (thermal noise) and yellow higher power
(clutter).

IExact value cannot be disclosed.
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Figure 4.1: Pulse compressed raw radar data matrix from one antenna rotation.

In order to train the proposed NN it is necessary to know for certain which radar
cells contain targets using prior knowledge in order to accurately label the data.
Additionally, training a high-performing network requires huge datasets which would
entail generating large Hy, H;, and mismatch clusters. Since knowledge of the
surrounding environment was limited, and from the video data it was observed
that the data mainly contained clutter and noise, it was decided that the optimal
approach for benchmarking would be to synthetically inject targets into the dataset.

A synthetic target was defined as the steering vector described by (2.40). Note
that this vector is a temporal steering vector, and therefore is missing any spatial
dependencies. The motivation for only using a temporal steering vector was to
simplify the processing chain as much as possible, as the main focus of this project
is not space-time adaptive processing but rather target detection using an NN on
the CFAR-FP. As a result of this lack of spatial steering vector, targets hidden in
clutter will be difficult to detect. How this was handled is covered in Section 4.2.

The steering vector could be configured to generate different targets simply by chang-
ing the maximum gain G, and the radial velocity v (i.e. Doppler frequency). Given
the angular velocity wg and the beam width 6 from the video data, the minimum
required number of pulses for one CPI was calculated from (2.41). The closest
rounded up value of base two in our case is 32, which was used as the CPI.

A typical pulse response at a range bin 7, will appear in the image plot as stretched
over a few bins surrounding rg, with its power maxima located at bin r,. This is
a result from the beamforming where each subaperture in the antenna receives a
CPI of pulses with slightly different time delay which will be interpreted as small
variations in range.
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Such a pulse response with normalized gain was provided by Saab as a mat-file in
MATLAB. The pulse response could then be modulated using (2.40) along the pulse
dimension in Fig. 4.1 for one CPI. Fig. 4.2a shows the same data as in Fig. 4.1, but
with a synthetic target injected at range bin 400 and starting pulse index 1200. A
CPI of 64 pulses was used to clearly observe the Gaussian envelope. In Fig. 4.2b, a
zoomed-in version of the same plot is shown with the synthetic target clearly visible.
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(a) Plot of the pulse compressed raw radar data matrix
from one antenna rotation with injected target at range
bin 400.
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(b) Zoomed in plot of the pulse compressed raw radar
data matrix from one antenna rotation with injected
target at range bin 400.

Figure 4.2: Pulse compressed raw radar data matrix from one antenna rotation
with injected target at range bin 400 and starting pulse index 1200.
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4.2 CFAR-FP Mapping

The CFAR-FP mapping chain depicted in Fig. 2.14 was developed and tested in
MATLAB in order to generate datasets for the NN. Since MATLAB is structured
around matrix computations, with many linear algebra functions available as well
as a capability to handle complex numbers, it made for a suitable choice given the
nature of the CFAR-FP processing chain.

Implementing the necessary equations for the processing chain, expressed in (2.45)
and (2.46) is straight-forward in MATLAB. The main design considerations were
rather to ensure customizable parameters for the generated datasets such as sweep
range, number of secondary data and guard cells, steering vector parameters, pulses
per CPI, and SNR and mismatch levels.

All three clusters were generated by sweeping over the range bins in the radar data
and performing the CFAR-FP algorithm on each CUT from a specified starting
range bin up to the last cell which still fits half the secondary data and guard
cells above it?. The number of guard cells was set to a value which ensured that
the entire pulse response of the synthetic target (see Fig. 4.2b) was excluded from
the secondary data. As mentioned in the previous section, given the high levels of
clutter in provided radar data, and the fact that our steering vector has no spatial
dependencies, the starting range bin was set to 500 since from that point the data
contains very low levels of clutter (see Fig. 4.1).

To generate Hy, no targets were injected in the data so that the steering vector v is
correlated with only the noise measurements. For Hy, the steering vector p = v was
injected on all selected range bins. Finally, to generate the mismatched H; cluster,
the injected target p was equal to v, but with a small Doppler frequency error to
generate desired mismatch.

SNR and mismatch levels were set deterministically by using (2.44) and (2.42) to
compute their respective values for a given steering vector and radar dataset. For
the mismatch we assumed Gaussian noise since the range bins containing clutter
are mostly omitted for the sweep range. As a result, the interference covariance
matrix C' is replaced by R, resulting in it being canceled out in (2.42). Thus, the
expression simplifies to
plv|?

(viv)(p'p)

Using this approximation to compute the mismatch, we could derive a list of Doppler
frequency offsets for p which resulted in certain mismatch levels.

cos? 0 ~ (4.1)

For the SNR calculation the Gaussian noise approximation was also applied. How-
ever, unlike in the mismatch case the covariance matrix does not cancel out in (2.44).
Instead R, was approximated by measuring the mean value of the noise power in
all cells in the radar data starting from range bin 600 and multiplying it with an
M x M identity matrix. SNR was computed for the matched case of ideal steering
vector p = v, with the complex scalar a was set to unity gain. Then, similarly to

2The exact range in kilometers that these range bins correspond to cannot be disclosed.
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our method for deriving mismatch levels, we could define a list of different values
for Gg which resulted in a certain SNR given a specific p and R,,.

It should be noted that this is quite a coarse approximation of the SNR and does
not include other quantities typically included in radar signal processing, such as
signal-to-interference-plus-noise ratio (SINR) which also includes clutter and jam-
ming signals. However, since we do not sweep over the range bins with high clutter
levels we deemed this SNR approximation as sufficient.

Finally, the MATLAB implementation generates scatter plots of 5-t after the map-
ping process has completed, offering insight into the geometric distribution of clus-
ters under different hypotheses. These visualizations helped assess the class-separating
capability of the CFAR-FP mapping under varying signal conditions, and ensured
that the plots were consistent with what was expected from the theory covered in
Section 2.4.

Fig. 4.3 shows a CFAR-FP generated in MATLAB from three rotations worth of
gathered pulse compressed radar data. The gain and frequency error of the steering
vector were set to achieve an SNR of 20dB and average mismatch cos?6 =~ 0.75.
In Fig. 4.4, we have instead swept across all range bins in order to include the
ground-based clutter close to the radar shows the affects of clutter on the CFAR-
FP. As can be seen, the clutter has heavily affected the clusters and has caused
both the mismatched and matched H; clusters to spread down to the Hj region,
making classification difficult as not clear decision boundary can be seen. Since our
work does not include a method for filtering clutter, all datasets were generated by
sweeping from starting range bin 500 as in Fig. 4.3 in order to mitigate the effects
of clutter.
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Figure 4.3: CFAR-FP generated by sweeping from range bin 500 to end using
three rotations of radar data with 20 dB SNR and cos?§ =~ 0.75.
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Figure 4.4: CFAR-FP generated by sweeping across all range bins from three
rotations of radar data with 20dB SNR and cos? § ~ 0.75.
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4.3 NN Model Development

The CFAR-FP data was stored as a CSV file to make it easier to handle in Python.
The CSV file consisted of three columns: 3,  and labels (Hy, H;, or mismatch). To
enable efficient model training, the dataset was randomly split into 80 % training and
20 % test sets using the train_test_split function provided by the scikit-learn
library. The features were normalized using StandardScaler to scale them to have
zero mean and unit variance. For the NN model, an input layer was designed with
two nodes: one for 3 values and another one for ¢ values.

Various configurations of hidden layers and nodes were tested to determine the opti-
mal model, as depicted in Fig. 4.5. The goal was to strike a balance between model
complexity and performance, aiming for the smallest possible model that could still
achieve a low Pga. This optimization is critical for implementing the model effi-
ciently on hardware while maintaining the best possible performance. The model’s
hidden layers utilize the ReLu activation function. This function introduces non-
linearity into the network, allowing it to capture complex patterns and relationships
within the data. It is also computationally less expensive than other non-linear
activation functions, such as the sigmoid or hyperbolic tangent (tanh), making it
suitable for hardware applications.

Input layer Hidden layers Output layer

N

Figure 4.5: NN design with various amount of nodes and hidden layers

To train the model with the dataset, data loading and batching were handled using
PyTorch’s DataLoader class. Instances of this class, representing the training and
validation datasets, were then created. These objects, referred to as the training
loader and validation loader, efficiently iterate through the respective datasets, pro-
viding batches of data for each training epoch to reduce the training time. The
input features are passed through the model producing output values. These values
are then compared to the true labels, obtained from the CSV file, to calculate the
loss. Batch normalization was also applied to the inputs of each layer to enable
faster and more stable training.

The loss is calculated using BCEWithLogitsLoss which is a binary cross-entropy
(BCE) loss function with logits that also applies the sigmoid activation function
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to the output nodes. The sigmoid function transforms the network’s output into
probabilities between 0 and 1, indicating the likelihood that the input belongs to
the positive class (H; or mismatch in this context); making it an ideal activation
function for a binary classifier.

The loss function is then used to enable backpropagation, as described in Sec-
tion 2.5.1. PyTorch automatically computes the gradients of the loss function with
respect to the model’s weights. These gradients indicate the direction and mag-
nitude of change needed in the weights to reduce the loss. Basic gradient descent
uses the same learning rate for all parameters, which can slow down training. More
advanced optimizers, such as Adam which was used in this project, improve this
by adjusting the learning rate for each parameter separately. The Adam optimizer
keeps track of the average of past gradients and their squares in order to make these
adjustments. It has the benefit of being fast, uses little memory, and works espe-
cially well for large models or datasets [25]. Adam utilizes the gradients to adjust
the model’s weights iteratively, with the goal of minimizing the loss. This iterative
process of gradient computation and weight adjustment continues throughout the
training process, gradually improving the model’s ability to make accurate predic-
tions. Since the matched and mismatched H; clusters account for twice as many
samples as the Hj cluster, the positive weights in the loss function were initialized
to 0.5 so that the model does not become too biased towards the positive class.

During training, the model’s performance was also evaluated on a separate set of
validation data. The validation process involves propagating each batch of valida-
tion data through the trained network. For each batch, predictions are generated
by performing a forward pass through the model. The loss is then calculated by
comparing these predictions to the true labels of the validation data. This process
is repeated for all batches in the validation set, providing an overall measurement of
the model’s performance on unseen data over each epoch. Throughout the training,
the validation loss is closely monitored. If the validation loss fails to improve after
a predetermined number of epochs, training is halted prematurely. This early stop-
ping mechanism helps prevent overfitting, where the model becomes too specialized
to the training data and performs poorly on unseen data.

The model’s prediction accuracy was assessed by assigning the output of the model,
7, to class Hy if § > 0.5, and class Hy if § < 0.5 and calculating the percentage of
correct predictions compared to the true labels. Both training and validation losses
and accuracies are tracked during each epoch of the training process. This data was
then used to create graphs that show how well the model learned over time.

Once trained, the decision boundary could be drawn by passing coordinates of a
grid through the network; coloring the regions classified as H; in red, and the re-
gions classified as Hy in blue. Finally, the model is evaluated on a separate CFAR-
FP test dataset. The values for TP, TN, FP, and FN are calculated using the
confusion matrix function from Python’s sklearn module. These values could
then be used to determine Pp, Pra, accuracy, and the Fl-score for the model’s pre-
dictions on the test dataset using (2.56)—(2.61). The new CFAR-FP dataset was
then plotted together with the decision boundary to provide a visual result that
clearly illustrates how the clusters are separated.
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The results of the NN detector was compared with the traditional Kelly’s detector
for performance benchmarking. Its threshold was determined by looping through
each value of £ and calculating the Ppa and Pp. The best Pya, i.e. its lowest value,
was saved and the corresponding ¢ value determines the optimum threshold.

4.4 RTL Design

In this section we describe the proposed RTL design for implementing the CFAR-FP
mapping chain described in Section 2.4 using VHDL. The mapping-chain involves
linear algebraic operations on complex-valued vectors and matrices with dimensions
defined by the M pulses constituting a CPI. In order to calculate s; and s, in (2.45),
several operations are needed.

The scatter matrix S has to first be computed by accumulating K complex column-
row vector multiplications from the secondary data cells, followed by a complex
matrix inversion to obtain S~'. Next, we note that the expressions 2§~ 'z, 21§~ v,
and vTS~1v in (2.45) require first a matrix-vector multiplication to obtain a new
column vector, followed by a dot product. Finally, a square-root operation is needed
to compute the absolute value of the complex scalar 2fS~'v in the numerator of
s9. To realize these linear algebraic operations we additionally require a complex
multiplier and complex divider.

Realizing this in gate-level logic requires careful design considerations. Recall that a
complex number is expressed as z = a+ jb, where a,b € R and j = v/—1. Of course,
there is no way of implementing j directly in hardware. Instead, we utilize the fact
that a complex number always is represented by one real and one imaginary part
and define all modules in the RTL design to always have one real and one imaginary
channel for each data input and output.

Furthermore, the MATLAB implementation uses double precision floating point
representation, which should if possible be avoided in hardware as it complicates
mathematical operations and rounding since the exponent and mantissa must be
handled separately [34]. Instead signed 2’s complement fixed-point representation
was used for the hardware design. The required number of integer and fractional
bits was determined by looking at the results from computations in the CFAR-
FP mapping chain in MATLAB and finding the minimum and maximum values
represented. It was decided that a 32-bit data path would be sufficient for the
proof-of-concept design, with 18 fractional bits and 14 integer bits (including sign
bit). This is represented by the notation s13.18, where s denotes the sign bit.

The value, v, of a given 2s complement signed fixed-point word is calculated as

N-2
v=r (—le SNl Z bi2i> , (4.2)
i=0

where N is total number of bits, r is the resolution, and b; the bit at position i [34].
The resolution is the smallest representable value and is determined by the number
of fractional bits. Given our s13.18 format the resolution is

r=2""%~3815-10"°, (4.3)
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and the total range of representable numbers are [—213, (23 — 2718)],

4.4.1 Complex multiplier

Multiplying two complex numbers z; = a; + jb; and z5 = as + jbs results in a
product, p:

P =712 = (a1 +jb1)(a2 +]bg) = (alag — blbg) —l—j(a162 + agbl). (44)

Note that Re(p) = (a1a2 — b1bs) and Im(p) = (a1by + azby) require two multipliers
and one adder circuit (either for addition or subtraction) each. Thus, we can realize
the complex multiplication by performing four multiplications in parallel followed
by one subtraction and one addition in parallel [7], [35], as shown in Fig. 4.6.

a1 —>

MUL

A9 —>»

SUB —— Real output

by —

MUL

b2—>

a) —>

MUL

by —>

ADD — Imaginary output

VARV

9 —>»

by MUL

>

Figure 4.6: Complex multiplier (CMUL) block diagram.

The multiplier blocks were realized using Vivado’s multiplier IP core [36] to enable
efficient configuration of area or speed optimization as well as pipelining registers.
These blocks were optimized for area with seven pipelined registers; the recom-
mended amount from the IP documentation. Input data is stored in initial registers
before the multipliers to enable full control of the data path. This proposed design
has a throughput of 1/clock cycle after the initial propagation delay of ten clock
cycles.

The product of the fixed-point multiplication between two factors of the format
s13.18 results in a 64-bit output of the format s27.36. This is a known consequence
of fixed-point multiplication that the format of the product has double the number
of integer and fractional bits compared to two factors of equal format [34]. In order
to read the correct results, the products are left-shifted by the number of fractional
bits. In our case, this results in the format s13.50. The result is then truncated
to keep the 32 most significant bits (MSBs) and discarding the extra 32 fractional
bits in order to maintain a 32-bit data size. Finally, the result is rounded by using
the common approach of rounding up if the MSB of the discarded bits is a 1, and
down if it is a 0. Rounding down is easily achieved by simply writing a 0 to the
least significant bit (LSB) of the saved bits, while rounding up requires an addition
operation to increment the result by 1 which requires an additional clock cycle [34].
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4.4.2 Complex divider

The complex division (CDIV) of z; and z in polar form is calculated by multiplying
the fraction with the complex conjugate of the divisor. This results in a real-valued
divisor which is used to divide each real and imaginary term independently:

21 ar+jby (ar+jbi)(az + jba)  arag +biby . (aby —aiby
2l CL_ i = ————— .  (4.5)
Z9 (05} + ij as + b2 as + b2 as + b2

Again using a parallel structure we can perform this complex division in hardware
using six multipliers, three adders, and two dividers [7]. A block diagram of the
complex divider is shown in Fig. 4.7.

a1 —>
43— MUL
ADD Dividend
by ——
b MUL ! \
DIV — Real output
] MUL ~_ /
ADD Divisor
by —|
b | MUL | \
DIV — Imaginary output
A9 —>
MUL
bl \ And
SUB
Z;_, MUL |

Figure 4.7: Complex divider block diagram.

The multipliers were again configured using Vivado’s multiplier IP core, and the
dividers were configured using the divider IP core [37]. This divider IP has the
benefit of being able to be set up to generate the result in fractional format, which
retained our fixed-point format. The output of the block consists of 56 bits, so
we truncate it to only include the 32 LSBs. The throughput of the divider is 1-
in-4, meaning we get one new computed result every four clock cycles. Therefore,
in order to keep one clock cycle throughput for mathematical operations we use
Vivado’s Clocking Wizard IP [38] to generate two phase-locked-loop (PLL) clocks
from our 100 MHz system clock with frequencies 100 MHz and 400 MHz respectively
to enable the complex divider to propagate data four times faster than the other
blocks in the system, which achieves the same overall throughput. The 100 MHz
PLL clock is used as the main clock in other parts of the entire system to ensure
synchronicity between these two clocks.

47



4. Design and Implementation

4.4.3 Dot product

As is known from basic linear algebra, the dot product of two vectors is a scalar
value. Given two arbitrary vectors,  and y, with N elements defined as

T Y1
T2 Y2

r = . Yy = . )
TN YN

the resulting dot product of these two vectors is calculated as

N
xt oy = Z Tl (4.6)
i—1

For our proposed design we use a CPI of 32 pulses, which means the vectors to be
computed contain 32 elements. From (4.6) we see that we require 32 consecutive
multiply-accumulate (MAC) operations to obtain the dot product of two vectors.

The dot product operation was implemented in VHDL using the created complex
multiplier module (CMUL) previously described in Section 4.4.1 together with two
adders for the real and imaginary channels respectively. A Mealy-type finite-state
machine (FSM) was used in conjunction with a synchronous counter to control the
program flow. A simplified block diagram of the dot product module is shown in
Fig. 4.8. Note that the clock signal and intermediate registers have been omitted
for simplicity, however, the module is pipelined and controlled synchronously by the
clock.

enable reset

| ADD | |

a; —> Real L, ——> Real output

bl CNIUL Controllcr > Imaginary output

A —> Imaginary ] ——> tvalid

bg—>

ADD

—

Figure 4.8: Simplified dot product module block diagram.

While in its idle state, the FSM waits for the enable signal to be asserted, after which
one 32-bit complex element from each of the two vectors is stored in input registers
each clock cycle. Once 32 MAC operations have been performed (determined by
the counter), the tvalid control flag is asserted to indicate that the computed dot
product is available at the output and the accumulate registers are reset to ensure
the accumulated sums always start at 0 for each new pair of vectors. After the
initial propagation delay to fill the pipeline, it takes 32 clock cycles for the module
to compute the dot product.
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Ideally, we would have liked to fully utilize the parallelism of the FPGA by using 32
CMUL blocks in parallel to perform the multiplications. After the initial propagation
delay, all required multiplications are performed within the same clock cycles and
the products can be added to form the dot product. However, this would require
high usage of hardware which is quite limited in the Nexys A7-100T board. Since
we expected the other matrix operations, such as the matrix inverse, to require
significant amount of hardware we had to limit the resources used by each module
as much as possible.

4.4.4 Scatter matrix

As seen in (2.29), the scatter matrix S for K secondary data cells zj is computed
as

k=1

Since z;, € CM*1 this operation requires column-row vector multiplication. Given
an arbitrary column vector & and an arbitrary row vector y, each with M elements,
this multiplication results in an M x M matrix A:

Zo ZoYo ToY1 T ToYn-1
T Z1Yo 11 s T1YN-1
A= : XY Y1 .- ?/N—J = ) ) : . (4.8)
TN-1 IN-1Y1 TN-1Y2 - TN-1YN-1

Thus, to form row 7 in A we need to multiply z; with each element in y.

Furthermore, for S we need to accumulate the results of each row-column vector
multiplication to form the final scatter matrix. To realize this in hardware, a VHDL
module was designed which uses a Mealy-type FSM to control the sequence of com-
plex multiplications and accumulate operations. A block diagram of this module is
shown in Fig. 4.9.
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Figure 4.9: Scatter matrix module block diagram.

The FSM starts by loading one secondary data cell of 32 elements to two pairs of
single-port BRAMs if the enable signal is asserted. These contain the real and
imaginary parts of z;, and the real and imaginary parts of the complex conjugate
of z;. The conjugate was achieved simply by negating the imaginary channel. Note
that both zj, and 2] are stored as column vectors in the RAMs, but we have to
remember that the z,i RAMs should be treated as a row vector.

Two synchronous counters read the addresses from the two pairs of input RAMs.
One is the column counter of z,z, which increments every clock cycle, and the other is
the row counter of z; which increments once all elements in 2] have been accessed.
This is done to achieve the complex divisions for one row of the S matrix each
iteration, as shown in (4.8).

Two dual-port BRAMSs are used to contain the real and imaginary parts of S, stored
as stacked rows. All elements in these RAMs are initialized to zero at the start of
the program. Each resulting product from the complex multiplications are added to
the previous value stored at the corresponding address of the S RAMs before being
stored at that address.

This process repeats until all K secondary data cells have been processed, after which
an output flag tvalid is asserted and the finished S matrix will be transmitted one
element at a time to the output ports of the module.
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4.4.5 Matrix inverse

There exists multiple different methods for determining the inverse of a square ma-
trix. In our design we decided to use the Gauss-Jordan (GJ) elimination method.
The reasoning behind this selection is that the algorithm only uses the standard
mathematical operations such as multiplication, division, and subtraction and avoids
introducing further complexities such as linear matrix transformations that are com-
mon in other methods, such as the Cholesky decomposition. Before explaining the
hardware design, an overview of the GJ method is warranted in case the reader is
not familiar (or recalls) the algorithm.

As an example, consider an invertible square 3 x 3 matrix A. Augmenting A with
its identity matrix I creates a 3 x 6 augmented matrix:

Qp,0 Qo1 o2 1 00
[AI}: 1o AaAil1 Aai2 0 1 0f. (49)
Q20 G271 0A22 0 01

The GJ elimination algorithm performs operations on the augmented matrix to row-
reduce matrix A to its identity matrix. Once it has finished, the remaining matrix
(previously constituting I') will be A™'. The number of iterations required for the
algorithm to converge for any given N x N matrix is equal to N. In each iteration
1 the following operations are performed:

1. If pivot element in row ¢ is a 0, swap the row with another row containing a
nonzero element in the same position.

2. Divide row i of [AI] by the pivot element, which results in a 1 in the pivot
position.

3. In order to eliminate all elements above and below the pivot, multiply all
elements above and below the pivot element one at a time with row ¢ and
subtract the results from the corresponding multiplier’s row.

Steps 1-3 are repeated until i = N.

For an N x N matrix, each iteration of the GJ elimination requires 2N complex
division operations, 2N (N — 1) complex multiplication operations, and 2N (N — 1)
complex subtraction operations; making it a costly algorithm in terms of compu-
tational complexity. However, as proven in [7], the inverse matrix can be obtained
by only performing operations on the critical elements of the matrix. By avoiding
division and multiplication operations which would result in a 0 or a 1, the number
of operations can be cut in half.

Additionally, since we are only computing the inverse of S, which is Hermitian
positive-definite, we can neglect Step 1 since the matrix by definition does not
contain any zero elements in the pivot positions. The only way for a 0 to appear
in a pivot position is if it is the result of the subtraction in the previous iteration.
However, since the scatter matrix consists of noise samples it is unlikely that the
previous multiplication would result in a subtrahend exactly equal to the minuend
at that pivot position.
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If we again consider the augmented matrix in (4.9), the first iteration of the improved
GJ algorithm is shown in Fig. 4.10

Division Divisor Dividends

\ /

[ao,0|[a01 ao2|T]
[AI] = |a10 @11 a12|0 1 0
as.0 a2,1 a/2’2 0 O 1

o
ja)

Multiplication Multiplicands

i /
G, [Ao,1 oz2|1] 0 0
[AI] = [@10] @11 @120 1 0

a2 0/\021 A22 0 O 1

. Multipliers
Subtraction

Qo0 CLO,l a072 1 0 O

[AI] = |a10ja11 12|0] 1 0
az0/(@21 a22[0] 0 1

Minuends

Figure 4.10: First iteration of the improved GJ elimination algorithm.

As can be seen from the figure, we ignore operations on the pivot element ag
and only perform division, multiplication, and subtraction on elements up to and
including the pivot column of I. In the next iteration we move to the next pivot
element, so the divisor (green box in Fig. 4.10) will be a;;, the dividends and
multiplicands (blue boxes) will start at a; 2, the multipliers (red boxes) will be ag;
and as 1, and the minuends (yellow boxes) will start from ag 2 and as». This process
is then repeated for the final pivot to obtain the inverse matrix. Thus, this improved
version also takes N iterations to compute the inverse matrix, but requires half the
operations each iteration.

The described improved GJ elimination algorithm was first functionally verified
in MATLAB before being implemented in VHDL by using a Mealy-type FSM to
control the flow of the program. Given that in our case S is a 32 x 32 matrix, it
takes 32 iterations to obtain its inverse. At the beginning of the process, the real
and imaginary parts of S are loaded to two separate BRAMs. Due to the row-based
nature of the GJ algorithm, S is stored as stacked rows in the BRAMSs for easier
indexing, which required a RAM depth of 1024. Additionally, two other BRAMs are
loaded with the 32 x 32 complex identity matrix I during startup. A block diagram
of the GJ inverse module is shown in Fig. 4.11.
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Figure 4.11: Matrix inverse module block diagram.

The controller utilizes synchronous counters to access different read and write ad-
dresses of the four BRAMs depending on the state of the FSM. For easier control,
lookup tables (LUTSs) were defined which contain the addresses for all pivot ele-
ments, the first element in each row, and last element in each row. This allows the
controller to keep track of which pair of RAMs should be accessed when reading or
writing data.

Each iteration the correct elements are read from the RAMs and complex division,
multiplication, or subtraction operations are performed depending on the state. To
avoid possible memory corruption, each time a row is being multiplied the prod-
ucts are stored in separate RAMs of depth 32 which allowed easier indexing when
performing the subtraction step.

When all 32 iterations have been completed, an output flag tvalid is asserted and
the finished S~! will be transmitted to the output ports one element at a time.

4.4.6 Verification

In order to verify the functionality of each design, test vectors had to be created to
be used as stimuli in test benches. For each module, pseudo-random complex test
vectors with their expected output for the given operation were generated. Before
storing the results as binary words in text files to be used for verification, each test
set was converted to same s13.18 fixed-point format used in the VHDL design using
MATLAB’s Fixed-point Designer toolbox.

This quantization was done in order to ensure that any possible errors produced
by the RTL modules were not due to the difference between the default double-
precision floating point representation in MATLAB and the fixed-point format of the
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modules. Any observed errors during verification process could then be concluded
only be caused by the logic used in the RTL designs, not the data format.

Once all modules passed behavioral verification, their resulting outputs were stored
in text files and compared to the floating point results in MATLAB in order to deter-
mine the error of the RTL modules compared to the results produced by MATLAB.

Different metrics for the error were used depending on the design under test (DUT).
For single outputs such as the complex multiplication or division, we used the relative
error €., defined as:

: (4.10)

where y is the true result and § is the approximated result [34].

For computed matrices, such as S or S~!, the Frobenius norm error was used in
order to get a single quantifiable metric of how the estimated and actual matrix
differ as a whole. The Frobenius norm of an N x N matrix A is defined as

(4.11)

The Frobenius norm error, denoted by e, of the actual matrix A and the estimated

matrix A is then )
A Al

€p —
|Alle
Additionally, the relative element-wise error of the two matrices can be computed
iteratively using (4.10) to compute the average element error.

(4.12)

4.5 DPU Implementation

The pre-trained NN model was saved as an open neural network exchange file
(ONNX), which is an open source standard framework for representing machine
learning models. ONNX allows models developed in frameworks such as PyTorch
or TensorFlow to be converted into a unified representation that can be efficiently
deployed across a wide range of platforms, including embedded systems and custom
inference accelerators.

In this project, the ONNX model served as a necessary intermediate step to enable
deployment on the Xilinx VCK190 evaluation board using Vitis AI — a development
environment designed for optimized Al inference on Xilinx FPGAs and adaptive
SoCs. Vitis Al requires that models be pre-trained and saved in ONNX format for
before they can be compiled for deployment.

By applying integer quantization, deploying NNs on AMD Deep Learning Process-
ing Units, or DPUs, becomes more efficient as this reduces energy consumption,
memory requirements, and the data bandwidth needed for inference. Post-training
quantization is carried out by the Vitis Al Quantizer, which functions as a compo-
nent within PyTorch. During this process, a small portion of the original training
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data — typically ranging from 100 to 1000 unlabeled samples — is used to forward
propagate through the network. This step allows the quantizer to examine the
activation distributions at each network layer. Once this analysis is done, the net-
work’s weights and activations are converted into 8-bit integer format (INT8). Once
quantization is complete, the model’s accuracy is tested again with the validation
dataset. If the accuracy stays within an acceptable range, the quantization process
is considered finished. This objective was not successfully accomplished because,
despite thorough testing and investigation, the quantization package for PyTorch
utilized by the Vitis Al framework was incompatible with the implemented PyTorch
model. Attempts to use it were unsuccessful, preventing effective implementation of
the quantization process.

Vitis Al Compiler converts the model into an internal computation graph using
the Xilinx Intermediate Representation (XIR). The compiler schedules instructions
efficiently to leverage the DPU’s parallelism and data reuse. During compilation,
PyTorch models are transformed into XIR, with the compiler handling framework-
specific differences, optimizing the graph, and partitioning it into subgraphs. For
subgraphs compatible with the DPU, the compiler uses a DPU arch.json file that
defines the target architecture, in this case the VCK190’s DPU (DPUCVDXS8G). It
generates instruction streams and outputs a compiled .zmodel file. The compilation
was carried out using the vai-c-xir tool, which converts the ONNX model into an
optimized binary format tailored for the configured DPU on the VCK190 board. In
this implementation, the model was compiled using single-precision floating point
format (FP32), which is supported by the selected DPU configuration, since model
quantization could not be carried out.

We investigate the effects of the NN model trained in FP32 after it has been quan-
tized in Python to INTS8 format, with the aim of simulating how the model would
theoretically perform if implemented on the VCK190 board. The method is based
on a standardized pipeline for static post-training quantization in PyTorch. This is a
prerequisite to enable a fair comparison with models intended to run on embedded
hardware. By analyzing inference time, performance metrics, and changes in the
model weights, one can assess how quantization affects accuracy in relation to the
improvements in speed and memory consumption. In practice, quantization means
that the model’s weights (and sometimes also activations) are scaled down from a
large numerical range to a smaller interval with coarser resolution.

This process takes three steps:

1. Original weights (FP32) : The exact floating point values the model was
trained with.

2. Quantized weight (INT8) : The weights are scaled and rounded to integers
within [—128, 127], which requires much less memory and is faster to calculate.

3. De-quantized weight (FP32): To understand and analyze the precision of the
model after quantization, we restore the INT8 values to floating point format.
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Results

In this chapter we present all results from our implemented designs. The perfor-
mance of the trained NN detector implemented in Python compared with Kelly’s
detector is presented in Section. 5.1 and the results from the hardware implementa-
tion of parts of the CFAR-FP mapping chain is summarized in Section 5.2.

5.1 NN Detector

Three primary datasets were generated by the MATLAB model to serve as training
and validation data for the NN. Each set consisted of one rotation’s worth of gathered
data, with different rotations used for each dataset. Due to the time required for
one rotation of the antenna not being exactly equal for each rotation, the number
of samples differs slightly in the three datasets but is roughly 13,000 samples per
dataset.

Using our MATLAB model, we generated clusters of equal size for Hy, Hi, and
mismatched H; using the method as described in Section 4.2. For each dataset
two different mismatches were generated so that the mismatched cluster contained
two different cos?# values — one for each half of the swept range bins. The three
datasets were designed in terms of detection difficulty rated from easy, medium, to
hard!. The detection difficulty depends on both the SNR and the level of mismatch.
Table 5.1 shows the parameters chosen for each dataset.

Table 5.1: Parameters for the easy, medium, and hard datasets generated in MAT-
LAB.

Name SNR cos?6

Easy 20dB 0.6 & 0.8
Medium 20dB 0.4 & 0.7
Hard  15dB 0.3 & 0.6

We decided to use the medium difficulty dataset as training data for the NN, as it is
in the middle of two extreme scenarios, with 80 % of the set being used for training,

IThe datasets were defined for typical SNR values in radar signals, with two levels of mismatch
in each set. The mismatch levels were selected to fit a wide range of potential mismatches without
being too close to the true Hy or Hj cases.
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and 20 % for validation during the training process. Training the NN on the easy
dataset resulted in it being too optimistic in its predicted decision boundary, and
using the hard dataset increased the risk of overfitting. The NN was configured with
two input nodes, two hidden layers with 64 nodes each, and one output node. The
training and validation loss and accuracy were plotted as a function of epochs to
determine model performance. A typical response while using batch normalization
between the hidden layers can be seen in Fig. 5.1.
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Figure 5.1: Training and validation loss per epoch (left), and training and valida-
tion accuracy per epoch (right) on the medium dataset.

After training, the easy and hard datasets were used as inference with the trained
model. In Fig. 5.2a, the easy dataset is plotted together with the NN-generated
decision boundary and the Kelly detector’s threshold. All points in the red region
of the figures are classified as H;, while all points in the blue region are classified as
H,. For this dataset the optimal Kelly threshold for minimum Pys was ¢ = 0.2. As
can be seen, the threshold produced by the NN has quite successfully separated the
union of the matched and mismatched H; clusters from the Hj cluster, indicating
high levels of robustness. In contrast, as previously mentioned in Section. 2.3.4, the
selective property of Kelly’s detector is clearly demonstrated where a greater part
of the mismatched H; cluster is classified as Hy. Fig. 5.2b shows a similar plot but
for the hard dataset instead, with a Kelly threshold of £ = 0.17.
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(a) Decision boundaries of Kelly’s detector and the NN in the CFAR-FP
of the easy dataset.
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(b) Decision boundaries of Kelly’s detector and the NN in the CFAR-
FP of the hard dataset.

Figure 5.2: Decision boundary created by the NN trained on the medium dataset
(Hy region in light blue and H; region in light red) together with Kelly’s threshold

(black line) of the easy (a) and hard (b) datasets.
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The performance results of the model, using the easy and hard datasets during
inference are summarized in Tables 5.2 and 5.3. The results also compare the
model’s performance before and after quantization, where FP32 represents the orig-
inal floating-point representation and INT8 represents the quantized version with
8-bit integers. The inference time for the FP32 and quantized model was also mea-
sured to observe the improvement in computational speed for the quantized model.
Inference time for the unquantized model was 41.65ms and only 3.45ms for the
quantized NN, which means the quantized model was approximately twelve times
faster than the original model.

Table 5.2: Results of the NN model and Kelly’s detector on the easy dataset.

Detector Pra Pp Accuracy F Data type

NN 3.7-107%  0.9997 0.9986 0.9989 FP32
Kelly (t=0.2) 4.6-107* 0.9874 0.9914 0.9935 FP32
NN (quantized) 2.29-10"* 0.9964 0.9073 0.9982 INTS8

Table 5.3: Results of the NN model and Kelly’s detector on the hard dataset.

Detector Pga Pp Accuracy Fy Data type

NN 4.3-107% 0.9875 0.9903 0.9927 FP32
Kelly (f=0.17) 1.2-1073 0.7007 0.8000 0.8237 FP32
NN (quantized) 1.5-107* 0.7082 0.6683 0.8292 INTS8

Zooming in on the CFAR-FP plot (see Fig. 5.3), we can see that the complexity of
this dataset emphasizes the benefits of using the decision boundary generated by
the NN model. Evidently, the boundary outlines the matched and mismatched H;
clusters closely, which would have been hard to achieve with a conventional detector.
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Figure 5.3: Zoomed in plot of the decision boundaries of Kelly’s detector and the
NN in the CFAR-FP of the hard dataset.

A list of all the NN model’s weights was extracted in order to evaluate the effects
of quantization. Once the weights had been quantized to INTS8 they were then
dequantized back to FP32 to observe the loss in precision. The first three weights
of this list are presented in Table 5.4. As can be seen, the quantization resulted in
small numerical errors.

Table 5.4: The first three weights before quantization, after quantization and de-
quantization on the hard dataset.

Weight type Weights Data type
Original [—0.2444,0.4084, —0.6024, . . . | FP32
Quantized [—11,18,—-27,...] INTS
Dequantized — [—0.2496,0.4084, —0.6125, . . .| FP32
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5.2 RTL Design Results

In this section we present the results from the implemented RTL modules described
in Section 4.4. Each module was designed using VHDL and implemented in Vivado
using the Nexys A7-100T as the target device.

The behavioral functionality of the CMUL and CDIV modules was verified by cre-
ated test benches using 10,000 random fixed-point complex test vectors, with real
and imaginary parts in the range of [—50,50]. The CMUL block generated exactly
the same output as the expected fixed-point golden reference, while the CDIV mod-
ule sometimes had minor errors of the real and imaginary outputs. These small
errors were expected as the CDIV includes six multiplier blocks, with each output
being rounded before the divider blocks.

The mean relative error of the fixed-point results compared to the their correspond-
ing floating point golden reference in MATLAB was also computed to determine any
loss in precision between the two formats:

e(CMUL) =~ 7.574-107°
&(CDIV)  ~1.927-107°

Synthesis for CMUL and CDIV was performed, with a 100 MHz clock for the CMUL
module and a 400 MHz PLL clock generated by the Clock Wizard for the CDIV
module. Both modules passed synthesis with no timing violations.

The CMUL module depicted in Fig. 4.6 also includes input registers, pipeline reg-
isters within the multiplier blocks, registers for storing the results from the adders,
and a final pair of output registers which stores the values after truncating and
rounding the result. The minimum propagation delay that can be achieved with
this setup is five clock cycles, when the the multiplier cores are configured with
only one pipeline stage. However, for optimal performance Vivado recommended
five pipeline stages for the multipliers, which then results in a total delay of ten
clock cycles instead. Similarly, the CDIV module shown in Fig. 4.7 also includes the
equal amount of registers as the CMUL module, with additional pipeline registers
for the divider cores. To achieve the minimum throughput of one new output every
four clock cycles, five pipeline stages were used for the divider cores. The minimum
achievable propagation delay with this setup amounted to ten clock cycles, assuming
one pipeline stage was used in the multipliers. In other words, the CDIV has twice
the propagation delay as the CMUL module.

The utilization of the two designs after synthesis are summarized in Table 5.5.

Table 5.5: Utilization of the CMUL and CDIV RTL modules on the Nexys AT7-
100T as percentages of maximum resources.

Name LUTs (%) Registers (%) BRAM Tiles (%) DSPs (%)

CMUL 4.19 2.70 0 1.67
CDIV 8.51 4.67 1.48 11.7
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The dot product module was verified for 1000 random 32 x 1 complex vectors, with
real and imaginary parts in the range of [—10,10]. Each computed dot product
was compared with the expected fixed-point result, and no errors were detected.
Since the module only uses adders and the CMUL block, the relative error’s order
of magnitude will be the determined by the CMUL block.

The module for computing S also passed functional verification, with one random
set of 64 32 x 1 secondary data vectors with real and imaginary parts also ranging
[—10, 10]. Similarly, the GJ inverse module was verified for one randomly generated
32 x 32 matrix with real and imaginary elements in the range [—2, 2|, while also
ensuring nonzero elements in the diagonal as expected by a true scatter matrix.
However, it did not pass verification for higher values such as [—50, 50] for example,
the reason for this will be addressed in Chapter 6. From enable being asserted up to
the final computed element being available at the output ports, the scatter matrix
module takes approximately 70,400 clock cycles (704 ps given a 100 MHz system
clock). For the GJ module it instead takes roughly 89,900 clock cycles (899 s given
a 100 MHz system clock).

The Frobenius norm error and average relative element-wise error of the fixed-point
results produced by the VHDL modules compared to corresponding floating point
result in MATLAB for the scatter matrix and GJ inverse modules are summarized
in Table 5.6

Table 5.6: Error of the implemented VHDL modules for computing the scatter
matrix and matrix inverse.

Name €F €r

Scatter matrix 1.600-10~7 4.336-10~7
GJ inverse 9.614-10~° 1.801-10*

The dot product, scatter matrix, and GJ inverse modules passed synthesis with a
100 MHz system clock. However, the GJ inverse module had some severe timing
violations. This was caused because certain necessary design considerations had not
been taken into account for the module’s use of two different clock domains in the
complex division step. Since time was limited at this stage of the project, these
timing violations were never corrected. However, possible solutions are discussed in
Chapter 6.

The total utilization for the dot product, scatter matrix, and GJ inverse modules

are listed in Table 5.7. Note that since the CMUL and CDIV modules are part of
these designs in various ways, they are included in the total utilization.
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Table 5.7: Utilization of the dot product, scatter matrix, and GJ inverse RTL
modules on the Nexys A7-100T as percentages of maximum resources.

Name LUTs (%) Registers (%) BRAM Tiles (%) DSPs (%)
Dot product 4.41 2.91 0 1.67
Scatter matrix 4.60 2.95 2.96 1.67
GJ inverse 13.8 8.03 5.19 13.3
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Discussion

In this chapter we discuss and analyze the results presented in Chapter 5.

6.1 NN Detector Performance

One of the aims for this thesis was to develop an NN model trained on raw radar
data, designed with hardware deployment in mind. To make the implementation
effective, the goal was to minimize the number of hidden layers and nodes without
significantly compromising performance. In Chapter 5, we present the performance
metrics yielded by our NN model consisting of two hidden layers with 64 nodes
each. Although various NN configurations were evaluated, the final architecture
was chosen based on a balance between performance and hardware suitability.

The model was evaluated with two datasets with different degree of detection diffi-
culty in terms of the level of SNR and mismatches. Its detection performance was
then compared with the traditional Kelly detector optimized for minimum Pgy, as
shown in Tables 5.2 and 5.3. The NN achieved a higher Pp than Kelly’s detector in
both cases, demonstrating its robust characteristics, while Kelly’s detector achieved
a lower Ppa in both cases. Since Kelly’s threshold was chosen based on its lowest
Pra, and that it is a selective detector, this was somewhat expected. In terms of
detection probability, the NN model’s performance far exceeded Kelly’s detector on
the hard dataset with high Pp, accuracy, and Fl-score. Since the NN was trained
to separate the union of mismatched and matched H; clusters from Hj, it funda-
mentally realizes a robust detector, making it more suitable to mismatched targets.
Since Kelly’s detector is a selective detector, its Pp in the case of the harder dataset
is far lower. Overall, the NN shows promising results. Even for the hard dataset
with severe levels of mismatch and lower SNR the NN achieved a Pp of 98.75% —
28 points higher than the Kelly detector, while still achieving similar Pga.

The results before and after quantizing the NN to INT8 format were also observed
in order to detect any degradation in detection performance. The quantized model
represents the learned patterns with lower precision, which can lead to some bor-
derline cases previously being classified as positive now falling below the threshold
and instead being classified as negative. This change is important to consider when
implementing on hardware such as the Xilinx VCK190 where quantization is neces-
sary to run in real time. Detection capability must be weighed against the system’s
requirements for reliability and efficient resource use. In the case of the easy dataset
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in Table 5.2, we note that the loss in precision for the quantized NN did not sig-
nificantly impact performance compared to the floating point model. The Pp and
Fl-score are only slightly lower for the quantized model, however, the accuracy
dropped by almost a factor 10. The Ppy was also lower for the quantized model.
However, since the inference time dropped by almost 40 ms for the quantized model,
it shows that a quantized model could be suitable for scenarios with relatively high
SNR and lower mismatch levels as it achieves similar results as the original FP32
model much faster.

In contrast, the results in Table 5.3 from inference on the hard dataset show that
the quantized model’s loss in precision heavily impacted detection performance.
The FP32 model still managed to achieve a rather high Pp with a relatively low
Pr4. The quantized model still achieved a very low P4 of 1.5-107%, but with a
Pp of only 70.82%; only slightly outperforming the Kelly detector. This low Pp
suggests that the model becomes more cautious in classifying positive cases after
quantization. Due to the fact that the hard dataset includes heavily mismatched
signals and lower SNR, the matched and mismatched H; clusters are much closer
to the Hy cluster. Thus, the classification decision could depend on extremely small
variations in # and £. For the NN this would require more finely adjusted weights
to improve performance, which is lacking in the quantized model.

Our proposed NN model exhibits a more adaptive, non-linear decision boundary that
contours tightly around the Hy cluster, thereby isolating the combined mismatched
and matched H; clusters. In more complex scenarios, such as in the hard dataset,
where clusters are grouped closer to each other, we can clearly see the benefits of
using an adaptive, robust detector. However, testing with other larger, more diverse
datasets and comparing the results with other well-known detectors is needed to
ascertain that the NN outperforms traditional methods for detection. Before such

comprehensive tests have been made, we cannot conclude that the computational
load added by an NN is worth the effort.

6.2 Evaluation of RTL Results

The VHDL modules implemented for the CFAR-FP processing chain passed func-
tional verification as described in Section 5.2, with most having a relative error
in the range of the resolution of the fixed-point format compared to the floating
point results. The greatest computational error was found in the GJ inverse mod-
ule, which was not surprising given the vast amount of multiplications and divisions
being performed by the algorithm.

Timing violations were also observed for the GJ inverse module. This occurred be-
cause no steps were taken to ensure synchronicity between the two different 100 MHz
and 400 MHz clock domains used in the module, which might introduce metastabil-
ity issues. In order to correct this, one possible solution is to introduce input and
output control signals to the CDIV module which are synchronized to the 100 MHz
using D-flip flips. This would ensure that input and output data are synchronized
to the system clock. However, adding more registers will delay the signal even more
which might remove any benefits added from using two clocks. A more reasonable
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design choice would probably be to let the complex division take four clock cycles
and account for this delay within the FSM instead.

The main issue with the GJ inverse module was that functional verification failed
when a real scatter matrix S generated from the radar data was used. We concluded
that the reason behind this could be explained by how the CDIV module operates.
If we observe the block diagram for the CDIV in Fig. 4.7, we see that the two
multipliers in the middle of the first layer compute the square of both the real and
imaginary parts of the divisor. We had neglected the fact that the pivot elements
of § are in the scale of 103, which means that when division is being performed
as part of the GJ algorithm the divisor is also in this scale. As a result, the two
multipliers in the CDIV module will produce a product in the scale of 10° which
is far greater than the representable value of our s13.18 fixed-point format. Thus,
these divisions will cause extreme overflow, generating incorrect results. From this
we could conclude that our estimation of the required number of bits for the fixed-
point representation was too low, and will need to change in order for the design to
function when real radar data is used.

6.3 Reflections

At the start of this project, we outlined the expected stages and timeline in a Gantt
chart (Appendix A), based on our four goals listed in Section 1.4. This aided us in
planning and structuring our work.

Initially, our objective was to perform some preprocessing of the experimental data
and determine how to integrate it into the CFAR-FP mapping chain in MATLAB.
However, the limited knowledge of clutter, targets, and noise in the data introduced
challenges we had not anticipated. Available literature relating to the CFAR-FP
is sparse, which made it challenging to obtain comprehensive insight in how the
mapping chain could be adapted to our experimental data. For example, the original
work [1] relied exclusively on simulated ideal Gaussian noise and clutter, making
direct application to real-world data difficult — particularly when defining the clutter
covariance matrix. Together with our advisors at Saab, we finally decided to simplify
the labeling process for the NN by injecting synthetic targets into the dataset and
neglecting range bins with high levels of clutter. However, reaching this conclusion
proved to be significantly more time-consuming than expected, which delayed the
design phase of this project.

To accommodate potential delays or unforeseen issues, the project plan included a
time slot labeled Optimize Performance in the Gantt chart shown in Appendix A.
This slot was dedicated either for resolving unexpected challenges during develop-
ment or for improving system performance. Due to the delays in system develop-
ment, this time was utilized to attempt to finish the RTL design and to evaluate
the performance of a quantized NN. Furthermore, the lengths of the time slots dedi-
cated to setting up the development environment and hardware turned out to be too
ambitious. In order to deploy designs to the Versal VCK190 board, the Vitis devel-
opment environment has to be used. This high-level synthesis (HLS) tool includes
a multitude of possible configurations and tool settings that need to be properly
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understood for any specific application. As we did not have any prior experience
or knowledge of Vitis, setting up the VCK190 board correctly proved difficult and
time-consuming. Because significant time had already been spent on the initial sys-
tem development in MATLAB and Python, there was insufficient time remaining to
fully deploy the complete system onto the VCK190 board and explore the potential
for streaming data through the pipeline. As a result, these tasks are identified as
future work in Section 7.1.

In hindsight, the project plan could also have benefited from including a time slot
for generating CFAR-FP datasets and training the NN with different training data
and model configurations. Both of these tasks required significant processing time —
especially for larger datasets — and thus became a bottleneck in the project. For more
efficient use of time, we should have early defined desired datasets and different NN
models to test. Furthermore, the NN testing may have been optimized by performing
automated tests on the different models and storing the results, which would have
saved significant time when determining the optimal number of hidden layers and
nodes in the network.
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Conclusion

In this work we have explored the possibility of implementing a robust radar detector
based on a supervised ANN trained on a CFAR-FP dataset generated from real radar
data, with the ultimate goal of implementing the system on Xilinx Al core series
FPGA VCK190 for edge signal processing. A fully functional system model has been
implemented at system level, which includes a MATLAB program for generating the
CFAR-FP with customizable targets inserted at desired range bins as well as an NN
model implemented in Python.

The NN model was evaluated with different datasets of various SNR and mismatch
levels, and showed promising results. The NN outperformed the traditional Kelly
detector in terms of detection probability. Overall, our results prove that while
the Kelly detector remains a strong baseline for detection, NN-based detectors offer
superior robustness and adaptability, especially when operating in scenarios with
low SNR and high levels of signal mismatch. This suggests that ML-based solutions
could possibly play a critical role in modern detection systems. We have also showed
that quantizing an NN for implementation on resource-constrained platforms, such
as the VCK190, speeds up inference time significantly. However, for difficult datasets
the prediction accuracy degrades quite drastically.

RTL designs for performing advanced complex valued linear algebraic operations on
an FPGA have been implemented. Utilizing said modules could significantly speed
up the signal processing chain compared to traditional software implementations,
since expensive operations such as the matrix inverse may be computed in parallel
with other operations and pipelined in order to limit the amount of blocking tasks.
However, many of these operations require significant resources in terms of hardware
which might limit some parallel applications. Further testing is required in order
to conclude whether or not the extra design complexity compared to high-level
programming is worth the effort.

7.1 Future Work

Due to the size of this project, we did not have time to implement every aspect of
our proposed design. Therefore, some parts of our described goals in Chapter 1.4
have been left unexplored and left as future work. This chapter describes what is left
to be done, as well as possible improvements to our design we discovered towards
the end of the project.
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7.1.1 NN improvements

The datasets for the NN were generated by sweeping over multiple range bins and
injecting target for each CUT. Since there was no filter to remove clutter from the
data, we chose to only sweeping over range bins after range bin 500. This allowed us
to disregard the clutter located in the first 500 bins, which enabled minimal clutter
in the datasets. It would be interesting to implement some postprocessing Doppler
filtering to handle clutter, and use all range bins to generate the datasets. This
would be needed in order to evaluate the detector’s performance when targets are
hidden within clutter.

The datasets lacked diversity in terms of weather conditions, environmental set-
tings, or other variations since they were generated at one location during a short
time span. They were also comparably small in order to limit the time required
for training. Future work could include generating a huge dataset gathered from
different location and conditions to get a more comprehensive training set for the
model. Furthermore, it would be interesting to generate datasets with known real
targets instead of synthetically injecting targets as we did.

An alternative approach for the NN design could also be to incorporate additional
input features in the network other than 3 and ¢, such as metadata describing
the weather conditions or environmental context of the collected data, which could
allow the network to detect more complex patterns. This may contribute to training
a more robust detector capable of generalizing across a wider range of real-world
scenarios.

Since the NN detector proposed in this work realizes a robust detector, a more fair
evaluation of performance would be to compare it would other well-known robust
detectors, such as the AMF or the adaptive ED, instead of the Kelly detector which
is selective. Alternatively, the model could be trained in separating the matched
H, cluster from the mismatched H; cluster and Hj instead, which would produce a
selective detector.

7.1.2 Generate CFAR-FP in hardware

Some operations required to perform the CFAR-FP mapping chain were never im-
plemented in VHDL. Firstly, any further devolpment must start with redefining the
data format of the modules to avoid the issue of overflow described in Section 6.2.
Considering the wide dynamic range of the radar data and the operations performed
when computing the matrix inverse, some form of floating point representation might
be necessary after all.

The remaining operations that then need to be implemented are the matrix-vector
multiplication and the complex absolute value. Since matrix-vector multiplication
results in a column vector where each row is the dot product of row 7 of the matrix
and the multiplying vector, it should be possible to implement this seamlessly using
our designed dot product module and a simple FSM. As for the complex absolute
value, the squared-root operation is needed which may be implemented using for
example the coordinate rotation digital computer (CORDIC) algorithm [39].
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Once these remaining modules have been implemented, the entire CFAR-FP map-
ping chain needs to be implemented by interconnecting these modules. In order to
assess its performance, future research could include generating clusters in the 3-t
plane within the FPGA given a radar dataset and compare it to the clusters pro-
duced by our MATLAB model. Measuring the computation time of the MATLAB
model and hardware implementation respectively would also be of interest in order
to determine the trade-off in accuracy versus speed. However, for a fair compari-
son of speed, a software implementation, such as an embedded C application on a
processor, is warranted.

7.1.3 Hardware deployment

Due to limited remaining time and difficulties establishing a stable connection to the
hardware board for testing the compiled NN model, deployment of the NN model to
the VCK190 board could not be completed. Future work could focus on resolving
the connectivity issues, followed by implementing and evaluating the model directly
on the hardware platform.

Finally, the deployed NN needs to be connected with the CFAR-FP mapping chain
on the VCK190 to implement our entire proposed detector system. Once communi-
cation between a host computer and the board has been established, streaming radar
data through the system could then be explored in order to examine the system’s
real-time capabilities.

7.2 Ethical and Ecological Aspects

Since Saab is at its core a defense company and this project will contribute to their
technology, it is important that we as engineers consider the ethical and societal
aspects of technology used for combat and defense, as well as the environmental
aspects of producing and utilizing said technology.

Saab Surveillance specializes in defense systems for detecting incoming threats. The
priority of these systems are to warn people of for example a potential missile strike
so that civilians and military personnel can seek shelter in time; the main goal is
to save lives. These systems could also act as a deterrence for possible aggressors,
which might reduce the risk of future conflicts breaking out.

As for the ecological aspect, our design will be implemented on an FPGA so further
improvements can be implemented on existing units without the need of manufac-
turing new ASICs after each update. Implementing the design on a large scale
might involve numerous FPGAs. The manufacturing process of these boards has a
negative impact on the environment, both from the extraction of the raw materials
needed and from the pollution related to industrial production processes. However,
Saab is committed to the UN goal of net-zero carbon emissions by 2050 and steps
are being taken to limit pollution related to manufacturing [40].

Lastly, it is worth noting that Saab strives to follow the UN Sustainability De-
velopment Goals [41], prioritizing nine of these goals: peace, justice, and strong
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institutions, climate action, and responsible consumption and production to name
a few [42].
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