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ABSTRACT

MACHINE LEARNING-BASED INTERFERENCE MITIGATION AND
GHOST TARGET REDUCTION FOR ONE-BIT QUANTIZED SIMO FMCW
AUTOMOTIVE RADARS

BAYTOK, MUSA BURAK
M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. Ali Ozgiir Yilmaz

September 2024, 85| pages

The use of automotive radars equipped with one-bit analog-to-digital converters of-
fers a promising alternative to their high-precision counterparts, due to their cost-
effectiveness and low power consumption. However, one-bit sampling can lead to the
appearance of ghost targets in range-Doppler maps, potentially causing false detec-
tions. Furthermore, in scenarios involving radar-to-radar interference, the target-like
appearance and high power of coherent interference exacerbates the ghost target prob-
lem, while non-coherent interference reduces target detectability by raising the noise

floor.

This thesis addresses the issue of ghost targets caused by coherent interference and the
noise floor increase due to non-coherent interference in one-bit quantized frequency-
modulated continuous-wave radars. It explores the use of machine learning methods

to mitigate interference and reduce ghost targets in range-Doppler maps.

Performance analysis of a neural network based solution is conducted based on the
detection performance, the number of ghost targets in the network’s output, and the

SINR metric. The results demonstrate that the proposed neural networks effectively



eliminate the ghost targets caused by coherent interference, thus preventing false de-
tections, and mitigate interference caused by non-coherent interference, thereby in-

creasing SINR.

Keywords: Automotive Radar, One-Bit Quantization, Ghost Target, interference, Ma-

chine Learning
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0z

MAKINE OGRENMESI TEMELLI BiR-BIT ORNEKLENMIS SIMO
FMCW OTOMOTIV RADARLAR ICIN GIRISIM TEMIZLEME VE
HAYALET HEDEF AZALTMA

BAYTOK, MUSA BURAK
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Ali Ozgiir Yilmaz

Eyliil 2024 , 85| sayfa

Bir bitlik analog-dijital ceviriciler ile donatilmis otomotiv radarlarinin kullanim, dii-
siik tiretim maliyeti ve diisiik gii¢ tiikketimi nedeniyle yiiksek hassasiyetli muadillerine
kiyasla umut verici bir alternatif sunar. Ancak, bir bitlik 6rnekleme, menzil-Doppler
haritalarinda hayalet hedeflerin ortaya cikmasina yol acabilir ve bu da yanls tespit-
lere neden olabilir. Ayrica, radarlar arasi girisim iceren senaryolarda, esevreli girisi-
min hedef benzeri goriiniimii ve yiiksek giicli hayalet hedef sorununu daha kotii hale
getirirken, esevreli olmayan girisim giiriiltii tabanin1 yiikselterek hedefin tespit edile-

bilirligini azaltir.

Bu tez, bir bitlik 6rneklenmis frekans modiilasyonlu siirekli dalga radarlarinda esev-
reli girisimin neden oldugu hayalet hedefler ve esevreli olmayan girisim nedeniyle
giiriiltii tabaninin artmasi sorunlarini ele alir. Girigimi hafifletmek ve menzil-Doppler
haritalarinda hayalet hedefleri azaltmak i¢in makine 6grenimi yontemlerinin kullani-

min1 arastirir.
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Sinir aginin performans analizi, tespit performansi, agin ¢iktisindaki hayalet hedefle-
rin sayist ve Sinyal-Girisim-arti-Giiriiltii Oran1 metrigi bazinda yapilmistir. Sonuglar,
onerilen sinir aglarinin hayalet hedefleri etkili bir sekilde ortadan kaldirdigini, boy-
lece yanlis tespitleri engelledigini ve esevreli olmayan girisimi hafifleterek Sinyal-

Girigsim-arti-Giiriiltii Oranim artirdigini gostermektedir.

Anahtar Kelimeler: Otomotiv Radari, Bir Bit Ornekleme, Hayalet Hedef, Girigim,

Makine Ogrenmesi
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CHAPTER 1

INTRODUCTION

Radar has a storied history dating back to the early 20th century. The origins of
radar technology can be traced to multiple nations simultaneously exploring radio
waves and their potential applications. Pioneering work in this field began with Hein-
rich Hertz’s discovery of radio waves in the late 19th century, which established the
foundational principles of radar. Practical radar systems first emerged in the 1930s,
driven by the need for improved detection and tracking capabilities. In 1935, Sir
Robert Watson-Watt demonstrated the feasibility of using radio waves to detect air-
craft, leading to the development of the Chain Home system in the United Kingdom.
This network of radar stations played a crucial role in the Battle of Britain during
World War II, marking one of the first significant advancements in radar technology.
Meanwhile, countries like Germany, the United States, and Japan were also develop-

ing their radar systems, further advancing the technology.

After World War 11, radar technology evolved rapidly, benefiting from advancements
in electronics and the burgeoning field of microwave engineering. The introduction of
the magnetron in the 1940s enabled the production of high-power microwave signals,
which significantly enhanced radar performance. This period saw the diversification
of radar applications beyond military use, including air traffic control, weather fore-

casting, and maritime navigation [31].

The integration of radar technology into automotive applications began in the late
20th century. Early automotive radar systems were primarily used for crash avoid-
ance and distance warning [|38]. With advances in technology, features such as adap-
tive cruise control (ACC), automatic emergency braking (AEB), blind spot detection

(BSD), and lane change assist (LCA) were introduced [38]]. These features, along



with many others, are collectively referred to as advanced driver-assistance systems
(ADAS). ADAS systems typically rely on a combination of sensors, including cam-
eras, radar, and lidar technologies, to gather data from the vehicle’s surroundings and
make real-time decisions. Radar is essential for ADAS systems as it is particularly
effective in adverse weather conditions such as fog, rain, or snow, where other sen-
sors may struggle. Moreover, radar provides low cost and high precision in range,

velocity, and angle measurements.

The primary goal of ADAS is to enhance driver safety and comfort while still requir-
ing human intervention and oversight. These systems provide assistance and warn-
ings to the driver but ultimately rely on the driver to take control in complex or un-
expected situations. In contrast, autonomous driving systems (ADS) aim to achieve
full automation of the driving task without the need for human intervention. ADS op-
erates on the principle of perception, decision-making, and control, similar to ADAS
but with a higher degree of autonomy. The Society of Automotive Engineers (SAE)

defines driving automation across six levels as follows [34].

Level 0: No Driving Automation: The driver is entirely responsible for controlling

the vehicle.

Level 1: Driver Assistance: Basic driver assistance features, such as adaptive cruise
control or lane-keeping aid, are available; however, the driver must remain en-

gaged.

Level 2: Partial Driving Automation: The vehicle can control both steering and ac-
celeration/deceleration simultaneously under certain conditions, but the driver

must remain vigilant and prepared to take control.

Level 3: Conditional Driving Automation: The vehicle can perform all driving
tasks in specific conditions without constant driver supervision, but the driver

must be ready to intervene if needed.

Level 4: High Driving Automation: The vehicle can operate autonomously in most
driving scenarios within specific geographic areas or predefined routes, with

minimal need for human intervention.



Level 5: Full Driving Automation: The vehicle can perform all driving tasks under
all conditions without any human intervention, providing complete autonomy

and convenience to passengers.

In Levels O to 2, the human driver is responsible for either fully or partially perform-
ing the dynamic driving tasks. At Level 2, the ADS can manage both steering and
acceleration under certain conditions, usually in simpler driving scenarios. Beginning
at Level 3, the ADS takes full responsibility for driving tasks while engaged. As we
move up the levels, the need for the driver to be ready to take over decreases, until we

reach Level 5, at which point a steering wheel is no longer necessary.

As the trend in ADAS systems progresses toward full autonomy, a dramatic increase
in the number of radar sensors on vehicles is expected [3]], with the anticipation that
these sensors will maintain reliability even in increasingly complex situations. How-
ever, several challenges arise with the increasing number of sensors. One such chal-
lenge is the increase in cost and power consumption associated with the additional
sensors [37]. Another important issue is the potential for interference between radar

sensors [3]. Next, the mentioned challenges will be explained further.

As stated earlier, ADAS systems rely on the data from the vehicle’s surroundings.
For control-critical functions such as BSD and AEB, the radar system requires an-
gular information of the target along with the range and Doppler information. The
range and Doppler parameters can be estimated using a single receive antenna. How-
ever, estimating the angle parameter requires more than one receive antenna element.
For this reason, multiple-input multiple-output (MIMO) radar is a suitable choice.
Nevertheless, MIMO radar faces some challenges in practical implementation. One
such challenge is the digitization of the received signal. Analog-to-digital convert-
ers (ADCs) are used to convert an analog signal into a digital signal. High-precision
ADCs consume high power and are costly to produce, especially when considering

the use of separate ADCs for multiple antenna elements. [9].

With the expected increase in the number of radar sensors on vehicles, as they move
toward full autonomy, potential interference between radar sensors that could com-
promise system accuracy and reliability becomes a significant concern [3]]. Currently,

most radar systems utilized in automobiles are frequency-modulated continuous wave



(FMCW) radars [7]]. According to [7], two types of interference can occur between
FMCW radars, depending on their system parameters. In an interference scenario,
the radar that causes the interference is called the interferer radar, and the radar that

is affected by the interference is called the victim radar.

° Similar System Parameters: This type of interference occurs when the in-
terferer and the victim FMCW radars have different system parameters, such
as sweep bandwidths or sweep times. This interference type is called non-
coherent interference. Non-coherent interference appears as a time-limited
impulse-like signal in the time domain with a broadband frequency spectrum.
As a result, non-coherent interference raises the noise floor in the spectral do-

main and reduces the detectability of the targets.

. Identical System Parameters: This type of interference occurs when the in-
terferer and the victim FMCW radars have the same system parameters. This
interference type is called coherent interference. Coherent interference occurs
as persistent, structured signals in the time domain and narrowband peaks in the
frequency spectrum. Consequently, coherent interference can create false tar-
gets and degrade the performance of the radar system by introducing systematic

errors in target detection and measurement.

Although the likelihood of encountering coherent interference may be small [7], its
occurrence can lead to the appearance of ghost objects, which may create dangerous

situations.

1.1 Literature Review

In the literature, non-coherent interference mitigation for automotive radars utilizing
high-precision quantization through signal processing methods has been extensively
researched. These methods generally rely on signal detection and reconstruction in
the time, frequency and time-frequency domain. In [26], a raised cosine window or
zeroing is applied to the disrupted portion of a received signal. While these two meth-

ods attenuate the interference power, they also result in the loss of important signals

4



in the interference’s overlapping region. In [29], the autoregressive (AR) model for
signal reconstruction is presented. This model can retrieve more target information
than the zeroing and windowed methods and can extrapolate usable signals in the
interfered area. To overcome the signal gap that results from zeroing, the iterative
method with adaptive thresholding (IMAT) is another signal reconstruction technique
suggested in [6]]. The IMAT method is a sparse reconstruction technique. Each of the
mentioned methods above suppresses the interference in the time domain. However,
these methods rely on the amplitude information of the received signal. An adaptive
noise canceller is proposed in [18]], which utilizes interference information in negative
frequencies to cancel out interference in positive frequencies. This is an example of
how interference mitigation is typically performed in the frequency domain. In [39],
the authors utilized a constant false alarm rate (CFAR) detector in the time-frequency

domain to detect and suppress interference.

Deep learning (DL) has rapidly advanced in recent years, demonstrating its effective-
ness in addressing the mutual interference problem in FMCW radars. The authors
of [24]] proposed a recurrent neural network model with Gated Recurrent Units [§]]
to mitigate interference in the time domain signals. In [32], the authors utilized a
convolutional neural network (CNN) to denoise automotive radar signal in the fre-
quency domain, where the proposed network provides a signal-to-noise ratio (SNR)
increase. Convolutional encoders are used to mitigate the interference effects in [14].
The authors of [12] utilized the U-Net deep neural network model for interference
mitigation. In [23]], the authors utilized deep learning methods in the time-frequency

domain to mitigate the interference.

To the best of our knowledge, [22] is the only work that considers simultaneous co-
herent and non-coherent interference with high-precision quantization. Additionally,
no work in the literature addresses non-coherent or coherent interference mitigation
for automotive radars utilizing one-bit quantization. One of the main problems with
one-bit quantization is the appearance of ghost targets in the range-Doppler maps.
The authors of [17],[[16] utilize iterative methods to address the ghost target problem

with one-bit quantized signals without considering the interference effects.

The work of [22] considers a single-input single-output (SISO) radar system and does



not address scenarios involving multiple antenna elements. However, automotive
radars are generally equipped with multiple antenna elements. Additionally, most
of the work in the existing literature on interference mitigation using deep learning
does not focus on radar detection performance. To investigate radar detection perfor-
mance, false alarm probability is kept small and constant, and detection probability
is observed. To maintain a constant false alarm probability, constant false alarm rate
(CFAR) detectors are used. We aim to fill this gap by considering the single-input
multiple-output (SIMO) radar system with one-bit ADCs and providing more com-

monly used radar detection performance metrics.

1.2 Thesis Motivation

With simplified designs and reduced data resolution, one-bit ADCs offer a poten-
tial solution to previously mentioned challenges about high-precision ADCs such as
high production costs and power consumption [30]. However, despite the benefits,
the non-linearity of one-bit radars introduces new challenges for conventional lin-
ear signal processing methods. Since one-bit quantization is essentially a sign com-
parator, samples are represented as +1 or -1. In the context of an automotive radar
in a multiple-target or coherent interference scenario, after linear processing, self-
generated and cross-generated harmonics appear as ghost targets in the range-Doppler
maps and can be detected as real targets [[30], [17]. The number of harmonics depends
on the number of return signals and their amplitudes. Additionally, when addressing
the coherent interference problem in automotive radars with one-bit quantized ADCs,
the high power and target-like image of the interfering signal exacerbate the issue of
self-generated and cross-generated harmonics appearing as ghost targets. Similarly,
when considering the non-coherent interference problem, the lost amplitude infor-
mation of the received signal in one-bit quantized ADCs makes it difficult to apply

traditional methods.

As stated earlier, some work in the literature addresses the ghost target problem in
one-bit quantized ADCs and utilizes iterative methods to solve it. This thesis aims to
demonstrate that neural networks, when trained on appropriate data, can effectively

reduce ghost targets caused by one-bit quantization and coherent interference, as well

6



as mitigate the effects of non-coherent interference with one-bit quantization, using

separate networks for each problem.

In [[7] it is shown that the likelihood of encountering coherent interference is small.
However, the ghost target problem is not specific to automotive radars with one-bit
quantization. Multistatic radar systems [10] may also suffer from ghost target prob-
lems. In addition, [[15]] and [36]] address different aspects of improving the quality of
SAR images obtained through one-bit quantization, with one focusing on residual at-
tention mechanisms to restore images and the other on harmonic suppression through
deep learning, respectively. Therefore, we believe that addressing the ghost target

problem in one-bit ADCs is of significant importance.

1.3 Contributions and Novelties

This thesis considers the coherent and non-coherent interference problems in auto-
motive FMCW radars that utilize one-bit ADCs and proposes a deep learning-based

solution. Our contributions to literature in this thesis are listed as follows:

e We propose separate 2D U-Net models to reduce ghost targets and mitigate the
interference in one-bit quantized single-input multiple-output (SIMO) FMCW

radars affected by coherent and non-coherent interference.

e We compare the effect of using multi-beam against single-beam on neural net-

work performance in the presence of coherent interference.

e We demonstrate that the neural network can effectively reduce the mean ghost
target number (GTN) while maintaining the probability of detection (Pq4). We
also demonstrate that the neural network can effectively mitigate non-coherent

interference.

e We examine the limitations of the proposed neural network in restoring the

original image when coherent interference is present.
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1.4 The Outline Of the Thesis

In this section, we describe the outline of this thesis.

In Chapter 2, we cover the principles of FMCW radar, starting with an overview of
Frequency Modulated Continuous Wave Radar and its signal analysis, including both
single and multiple chirp scenarios. We then explore the signal processing techniques
used for target detection, focusing on range and velocity estimation. The chapter con-
tinues with discussions on target detection methods like CA-CFAR and OS-CFAR,
angle of arrival estimation, and challenges posed by FMCW mutual interference, con-

cluding with an introduction to one-bit sampling and its effects on radar performance.

In Chapter 3, we introduce the fundamentals of machine learning, with a focus on su-
pervised learning. We then explore artificial neural networks, highlighting multilayer
perceptrons. The chapter covers the training process, including key concepts like un-
derfitting, overfitting, loss functions, and backpropagation. We also discuss convolu-
tional neural networks, their activation functions, and pooling operations, concluding

with an overview of the U-Net architecture and its relevance to the research.

In Chapter 4, we detail the methodology, beginning with the generation of simulation
data. We then describe the architecture of the neural network, including the choice
of the loss function, data preprocessing steps, and considerations for test samples and
dataset size. The chapter continues with a discussion of the training process of the
neural network and concludes with the evaluation metrics used to assess the model’s

performance.

In Chapter 5, we present the results of our study, beginning with a qualitative eval-
uation of the three-channel neural network. We assess its generalization capabilities
and explore its performance under different conditions. The chapter then shifts to
a quantitative evaluation of the three-channel neural network, where we compare its
performance with a single-channel input and analyze the limits of its improvement.
Finally, we evaluate the neural network trained for non-coherent interference, first
qualitatively and then quantitatively, to fully understand its effectiveness and poten-

tial.



In Chapter 6, we conclude the thesis and talk about future work.






CHAPTER 2

FMCW RADAR

2.1 Frequency Modulated Continuous Wave Radar

Frequency Modulated Continuous Wave (FMCW) radar is an example of a Contin-
uous Wave (CW) radar system that continuously transmits a signal with a varying
frequency at a known rate. The basic operation of FMCW radar involves the trans-
mission of a continuous wave with a linearly increasing or decreasing frequency over
time. When this signal encounters a target, it reflects off off the target, experienc-
ing a frequency shift proportional to the target’s distance and velocity when observed
at the receive end. The received signal is amplified by a low-noise amplifier (LNA)
and mixed with the transmitted signal followed by a low pass filter to generate the
baseband signal. Lastly, an analog-to-digital converter (ADC) converts the signal to

digital form before further processing. Fig. [2.1] shows the basic FMCW radar block

zr N/
>

Ld

diagram.

Waveform
Generator

®

VCO PA

Ty

DSP € ADC |« /3/\&//

LPF Mixer LNA

Figure 2.1: FMCW radar block diagram.
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2.1.1 FMCW Radar Signal Analysis

As stated previously, the frequency of the transmitted signal increases or decreases

linearly over time and this modulation type is called sawtooth modulation. Some

other modulation types are triangular and sinusoidal modulations. The sawtooth mod-

ulated FMCW radar transmit and receive signal frequency can be seen in Fig.

The starting frequency of the signal is represented as f, and the signal’s bandwidth is

denoted as B. The signal’s frequency increases linearly as a function of sweep time

Ts.

Transmitted Signal

Frequency (f) ________ Received Signal
A
. i fD
fo+B ;
S
<
S
E
S
m
fo L >
. J Time (¢
RS ®
Sweep Time (T5)

Figure 2.2: FMCW radar transmit and receive signal frequency.

The instantaneous frequency of the FMCW radar signal can be given as [20]

B
ﬂﬂ=ﬁ+f¢=ﬁ+m,

S

2.1

where o = Tﬁ represents the slope of the signal. The instantaneous phase of the signal

can be found from the frequency change over time
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o(t) =27 /Ot ft)dt =2m /Ot(fc + at)dt =27 (fct + O[—tQ> : (2.2)

and the transmitted signal can be obtained as

x(t) = cos(¢(t)) = cos <27r(fct + %52)) . (2.3)

Considering an object placed at an initial distance R, with a relative velocity v away
from the radar, the reflected signal from the object will be a scaled and delayed version

of the transmitted signal

£2(0) = Ancos((t=7(0) = Amcos 27 (£t~ 7(0) + M)} @4

where 7(t) is the round trip time delay between the radar and the object at time ¢ and

given as

Ro + ’Ut)

r(t) = 2( (2.5)

C

with ¢ being the speed of the light. The received signal is first amplified by an LNA

and then mixed with the transmitted signal to obtain the IF signal as

(1) = LPR{a,(t)z, ()} = LPF{Ap cos (gb(t)) cos (¢(t - T(t)))} 2.6)
= % oS |:27T (fct + %2) —2r (fc(t ; 7(t)) + W)] (2.7)
- % cos [27r ( fer(t) + atr(t) — @)] . (2.8)

Substituting the delay term 7(¢) given in Eqn. into the Eqn. the baseband

signal can be obtained as [31]
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xp(t) = — cos )t

A 2 4 2
R [2# (( fev Aoy N aRy
c

2 c? c
200 2av. ,
_ 20V 2.9
+( 2 C) (2.9)
2fCR0 2CYR%
(= 2 ]|

We can simplify Eqn. by ignoring the small terms that contain ¢? in their denom-

inator. The term 2‘17”252 i

is also small and thus, it can be neglected as well. As a result,

after the mixer and the low-pass filter, the baseband signal can be obtained as

2 2 4
zp(t) = =2 cos (27r( fcvt + il t)+ chRO) :
c

C C

(2.10)

In Eqn. , WTcRO is a constant phase term (will be represented as ¢). 204%25
is a range-dependent term which is the beat frequency and the %Tc”t is a velocity-

dependent term which is the Doppler frequency. The instantaneous frequency of z;(t)

equals
2f. 2
Efzf“+ R 2.11)
c c
= [+ fB.Ro; (2.12)
where
2f.v 2aR,
fo=2L gy =200 (2.13)
c c
Consequently, the baseband signal can also be represented as
Ar
xp(t) = - cos(2mFpt + ¢p). (2.14)

In the preceding analysis, only a single chirp with the sawtooth modulation is consid-
ered. If the target reflecting the signal has a velocity relative to the radar, the Doppler

frequency cannot be separated from the range-dependent term. This phenomenon,
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known as range-Doppler coupling [31]], introduces an error in the estimated target

range and complicates the estimation of the target’s velocity.

To overcome this problem, multiple chirps are transmitted and received although
other approaches are possible as well. The extraction of range and velocity infor-
mation will be discussed briefly, and the next section will present the signal analysis

for the multiple chirp scenario.

2.1.2 Multiple Chirp FMCW Radar Signal Analysis

Considering the multiple chirp scenario for a single measurement frame, M chirps

are transmitted and received. The time delay will become

2 (Ro +v(t + mTS))
T(t,m) = : (2.15)

C

where m = 0, 1,..., M — 1 represents the chirp indexes, and ¢ € (0, T;). Substituting
7(t, m) into Eqn. and making the previous simplifications, the baseband signal

will be represented as

2ft  2f. 2aR A f.R
fev n fmvTS+ «Q Ot)—i— 7 f. Ry

C Cc C C

xp(t,m) = % cos (27r( ) : (2.16)

where Ap is the amplitude of the received signal. Consequently, the baseband signal

for multiple chirps can also be represented as

xp(t,m) = % coS (27T(F3t + fomTy + qﬁo)). 2.17)

Sampling the baseband signal using an ADC with a sampling frequency of f, will

yield the discrete baseband signal as

xp(k,m) = %COS (QW(FBfE + fomTy + ¢o)) , (2.18)
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Figure 2.3: FMCW radar multiple transmit and receive signal frequency.

where £ = 0,1, ..., K — 1 represents the sample indexes of one chirp. According to
the formulation, we have obtained M chirps containing K samples each within the
measurement frame. Thus, a K x M data matrix is formed in one measurement frame,
also called the coherent processing interval (CPI). The columns of this matrix are
referred to as the fast time dimension, while the rows are referred to as the slow time
dimension. To extract the range and velocity information of the target, the discrete

Fourier transform (DFT) operation is computed separately over slow and fast time

dimensions.

2.1.3 Signal Processing for Target Detection

The following equation shows the DFT process across the slow-time and fast-time

dimensions on the data matrix.

M-1 K-

Kl mn
Xp(l,n) = xp(k,m) - exp (—j27r—> -exp | —j2r—- ), (2.19)
>3 x) oo ()

—_

where | = —K/2,...,K/2 —1,andn = —M/2,..., M/2 — 1 indexes the beat fre-
quency and Doppler frequency bins, respectively. To compute the DFT, a fast Fourier
transform (FFT) algorithm is often employed with proper K, M values. Fig. il-
lustrates the FFT processing of the collected signals. After mixing and digitizing the
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Figure 2.4: 2D FFT Process of the received signals.

received signals, the obtained samples are grouped into a two-dimensional matrix,
with each column representing the samples of consecutive transmitted and received
chirps. Utilizing the FFT across the fast time dimension (range FFT) provides the beat
frequency, hence the range of the target, and utilizing the FFT across the slow time

dimension (Doppler FFT) yields the Doppler frequency, which reflects the phase dif-
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Figure 2.5: An example of a range-Doppler map with a target placed 200m away

from the radar, moving at a velocity of 30m/s.

ference between consecutive chirps caused by the target’s motion, thereby providing

the target’s velocity.

After the two-dimensional FFT process, the resulting output is referred to as a range-
Doppler map. The range-Doppler map contains information about the range and ve-
locity of the targets and can be further processed for detection purposes. Fig. [2.3]

illustrates the range-Doppler map obtained after a two-dimensional FFT processing.

2.1.3.1 Range Estimation

Considering a target at a distance R with a zero relative velocity, the time delay will

be expressed as

=" (2.20)

According to the previous equations, the beat frequency can be represented as
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2aR
—

fBRy = Fp =ar = (2.21)
The IF signal contains a frequency component corresponding to the target. The dis-

tance can be calculated as

R— fB,ROC‘

o (2.22)

The first FFT across the fast-time samples will generate a peak at the range bin cor-
responding to the target distance. When there are multiple targets, the IF signal will
contain several frequency components, each corresponding to a target. If two targets
are very close to each other, the radar may put them into the same range bin causing
them to appear as a single target. The radar’s ability to distinguish between closely
spaced targets depends on its range resolution. The range resolution of the radar is

inversely proportional to the chirp duration A fp g, = Ti and can be represented as

1 20AR c
Afpp =7 =——=AR=qp (2.23)

As a result, the range resolution of the FMCW radar is directly related to the chirp
bandwidth. To improve the range resolution, the bandwidth of the chirp must be

increased.

Another important parameter of the FMCW radar is the maximum unambiguously
detectable range denoted as R,,.,. According to the sampling theorem [35], if a
continuous-time signal is sampled at a rate at least twice the maximum frequency
present in the signal, it can be precisely reconstructed and fully represented in its
samples. Therefore, the maximum range that radar can unambiguously detect is re-

lated to the sampling frequency f and can be expressed as[]

S 2 Rm(liv S
fon. = Jo _20Rmer o fsC (2.24)
' 2 c 4oy

1 This statement holds true when fs/2 < B so that fs limits the maximum unambiguous range. When
fs/2 > B, B becomes the limiting factor and Rmaz = Be

2a0°
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2.1.3.2 Velocity Estimation

As previously discussed, multiple consecutive chirps may be utilized to calculate the
target velocity. The target velocity induces a phase shift between consecutive chirps.
By performing a second FFT across the slow-time samples, we obtain a peak that
corresponds to both the velocity and range of the target. This second FFT is applied
to the output of the first FFT. The target velocity can then be determined using the
Doppler shift, which is given by

2fc
_ JCU:> _fDC

Ip - U_ch'

(2.25)

The capability of the radar to distinguish between targets at the same distance but with
different relative velocities depends on its Doppler frequency resolution. This reso-
lution is influenced by the Doppler frequency changes over consecutive chirps and
is determined by the total frame duration M - T. The Doppler frequency resolution

Afp is given by

1
Afp = 2.26
fp T, (2.26)
Hence the velocity resolution is
c c
Av=—Afp =———. 2.27
TR TRV 220

Again, following the sampling theorem, the maximum unambiguously detectable ve-

locity can be written as

= Vpgw = ——— (2.28)



2.2 Target Detection

One of the primary functions of the radar signal processor is detection ([31]]). In radar,
detection involves deciding if the measurement contains any echo signal from the tar-
get or if it is only the noise and clutter. The decision is very often made based on a
threshold 7 to separate the target (if present) from the noise and clutter. Generally, the
noise level is unknown and can change according to different environmental condi-
tions, so the threshold should be estimated adaptively according to the changing noise
level. The constant false alarm rate (CFAR) method is commonly used for adaptive
threshold estimation. By continuously adjusting the threshold, CFAR keeps the false
alarm rate constant. A generic CFAR detector utilizes a sliding data (reference) win-
dow to estimate the noise level around the cell under test (CUT). CUT is the current
cell that the detector decides by comparing it with the threshold. The data window
contains the noise level and its structure changes according to the CFAR type. Even-
tually, the calculated noise level is multiplied by a scaling factor and the threshold is
obtained. Next, two CFAR algorithms, cell-averaging CFAR (CA-CFAR) and order
statistic CFAR (OS-CFAR) will be examined.

2.2.1 CA-CFAR

The cell-averaging CFAR (CA-CFAR) detector calculates the threshold using the av-
erage noise power estimated from the reference window. The reference window in
the case of CA-CFAR is constructed by guard cells and reference cells. Guard cells
are placed around the CUT to ensure that any potential returns from targets do not
influence the noise level estimate. Reference cells contain the noise levels and are

used to estimate the background noise. Noise power estimation is performed as [31]]

1 N
~2
0l = Zl , (2.29)

where N is the size of the reference cells and z; holds the power value for each ref-
erence cell. The CA-CFAR threshold is estimated by multiplying the power estimate
in the equation [2.29| with the CA-CFAR scale factor a4 as
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Toa = acad?. (2.30)

The scale factor a4 may be calculated approximately according to the desired Py,

as

P, = [1 + —} - 2.31)

although more involved calculations are also possible. CA-CFAR is simple to im-
plement and computationally efficient and works well in environments where noise
and clutter are uniformly distributed. However, performance degrades in non-uniform
scenarios. For example, targets are masked when multiple targets are present in the
reference cell while another weak target is in the CUT increasing the estimated thresh-

old and preventing the detection.

2.22 OS-CFAR

In this method, a sliding window, consisting of a CUT, guard cells (if desired), and
reference cells are employed. The guard cells protect the CUT from contamination
by strong signals, while the reference cells provide a local noise estimate. The signal
strengths in the reference cells are ordered, and a specific order statistic, such as the k-
th smallest value, is selected to represent the noise level. This chosen statistic is scaled
by a factor to establish the detection threshold. Threshold is calculated according to

[31] as

A

T(OS) = QoST(k), (2.32)

where oo is the integer scaling factor, and x ) is the selected k-th value. The scaling

factor is numerically approximated according to the following equation [31]]

N! (Ozos—f-N—kI)'

P = :
TN ZK)! (aos+ NI

(2.33)
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By comparing the CUT’s signal strength against this threshold, targets are declared if

the signal amplitude exceeds the threshold.

In comparison to CA-CFAR, OS-CFAR is more robust to outliers and performs better
in heterogeneous environments, but comes with increased computational complexity

and the need for careful selection of the order statistic.

2.3 Angle of Arrival Estimation

The Angle of Arrival (AoA) estimation process involves using an array of antennas to
determine the direction of targets. Generally, the far-field assumption is made when a
signal arrives from a distant target. The far-field region, also known as the Fraunhofer
region [31], is the distance from the antenna array where the incoming wavefronts can
be considered planar. This assumption is valid when the distance Ry,, from the target

to the antenna array satisfies

2D?
Rfar — Ta (234)

where D is the antenna array’s largest dimension and A is the wavelength of the sig-
na]ﬂ One example of antenna array configuration is the uniform linear array (ULA),
as shown in Fig. 2.6] In a ULA, multiple antenna elements are arranged in a straight
line with equal spacing d between adjacent elements. The spacing d is usually a frac-
tion of the signal wavelength A, typically d < % to avoid spatial aliasing. When a
plane wave arrives at an angle 6 relative to the array axis, it reaches each antenna
element at slightly different times, creating a phase difference between the signals

received by adjacent elements. This phase difference A¢ is given by [31]

Ag = m. (2.35)

Considering the ULA configuration, rewriting Eqn. [2.18] we obtain discrete baseband

signal as

2 For the far-field assumption to be valid, the antenna array’s largest dimension must be greater than the
wavelength (D > A) [5]].
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wavefront

Figure 2.6: Representation of a wavefront arriving a uniform linear array with an

angle 6.

A k
xb(k7 m, u) = TR Ccos (QW(FBf— -+ fDst -+ fgu + ¢0)> , (2.36)
where u = 0,1, ..., U — 1 represents the index of antenna elements and fy = “iTTL(Q).

As stated earlier, the DFT process can be applied to extract range and velocity infor-

mation. Now, a third DFT process can extract the angle information as stated below

uw
cexp (=52 —) , 238
xp (—j2n (2.38)
where w = —U/2, ..., U/2—1 represents the normalized spatial frequency bins. Hav-

ing multiple antenna elements will provide the AoA information of the target. How-
ever, when multiple targets are located at the same range with the same velocity, the
radar’s angular resolution determines whether those targets can be separated in space

or not. If the angular resolution is high enough, the radar can distinguish between the
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targets that are closely spaced in angle; otherwise, the targets will appear as a single
object. The angular resolution of the antenna is determined by its 3-dB beamwidth,

3. The 3-dB beamwidth can be calculated according to [31] as

A
03 = 0.89 - D (2.39)

As a result, the angular resolution is related to the antenna size and operating fre-
quency. Narrower beamwidth leads to better angular resolution, enabling the radar to

resolve finer details and closely spaced targets.

2.4 FMCW Mutual Interference

In the area of autonomous driving, radar utilization stands as a cornerstone technol-
ogy, having a significant role in shaping the future of transportation. As vehicles
evolve towards greater autonomy, the need for robust and reliable sensing systems
becomes increasingly important. FMCW radar, with its suitability for use in road
scenarios, emerges as a crucial component in providing vehicles with a comprehen-
sive awareness of their surroundings. However, the growing quantity of automobiles
with radar systems raises concerns about the potential for interference between these

devices, which can compromise the accuracy and reliability of each system [3]].

To better understand the importance of the interference problem, consider a victim
radar sensing an environment with the presence of an interfering radar in terms of

received signal powers. The received signal powers can be written as

_ P,G,G. N0 . PtiGtiGrA?

P. = - = ——, 2.40
(Am)P R (4)2 7 (240

where F, is the transmit power, (G, is the transmitting antenna gain, G, is the receiving
antenna gain of the victim radar and A = ¢/ f. is the wavelength of the transmitted
signal. In addition, P,; is the transmit power, Gy; is the transmitting antenna gain of
the interfering radar and \; = ¢/ f; is the wavelength of the transmitted interference

signal. o is the target’s radar cross section (RCS). Lastly, R is the distance between
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the target and the victim radar and R; is the distance between the interfering and
the victim radars. The received signal power from a target decreases proportionally
to the fourth power of the distance between the radar and the target because of the
two-way propagation. However, in the presence of interference from another FMCW
radar, the interfering signal power only decreases proportionally to the second power
of the distance between the interferer radar and the victim radar because of the one-
way propagation. Given the same transmit power for both radars, this significant
power difference can lead to various issues including actual return signals from targets
being buried under interference resulting in the prevention of target detection or the
victim radar erroneously declaring so-called ghost target detections. Based on the
above considerations, interference mitigation is an important problem. In the next
subsection, FMCW interference signal analysis will be carried out to understand the

issues mentioned previously.

24.1 FMCW Interference Signal Analysis

Considering the interferer radar transmitting an FMCW signal with a sawtooth mod-

ulation, the transmit frequency of the interfering signal is

B;
fi(t) = foi + 7t= fui + auit, (2.41)

where «o; = f—"_ represents the slope and f.; represents the starting frequency of the

interfering signal. The instantaneous phase of the interfering signal can be written as

The received interference signal at the victim radar can be written as
(t—1(t))?
l'm(t) = AR] COS |:27T (fcz(t - Ti(t)) + W)} 5 (243)

where Apg; is the amplitude of the received interference signal and 7;(¢) is the time

delay between the victim and the interferer radar. Eqn. [2.43]is a signal model that
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can represent both coherent interference and non-coherent interference. Considering
a single transmitted interference chirp and a single victim antenna receive element

scenario, the mixed and low passed interferer signal at the victim radar will be

a — Oy
2

FRami(t) + qums(8)f — ‘”—WH }

)t

o(t) = LPF{% cos [zw ((fc — )t (

It is important to denote the low pass filter notation because, in the presence of a non-
coherent interference, some parts of the interference signal are filtered out. Now, con-
sidering that the interferer radar transmits M chirps in a single measurement frame,

the time delay between the interferer radar and the victim radar will be

2 (Ri + v (t + mTRIint))

Ti(t,m) = . , (2.45)

where v; is the relative velocity of the interferer radar to the victim radar and Tryn:
represents the chirp repetition interval of the interferer radar. Substituting Eqn. [2.4
into Eqn. [2.44] and making necessary simplifications, the baseband interference sig-

nal at the victim radar can be represented as

A 2fcivi, | 2famu; 204 R;
xbi(tvm) = LPF{%COS |:27T ((fc - fcz)t + fC/U t+ f C7nv TRlint + a t
Q& — Q5 o 47chiRi
t _— .
HEG ) + T }
(2.46)

Considering the victim radar with a ULA configuration, the rearranged discrete base-

band interference signal at the victim radar will be
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A k
xpi(k,m,u) = LPF{% coS [27? (FBZ.— + fpimTRrint + fo,u
) (2.47)

H(fo— L)t + (%ﬁ) + ¢)] }

where

2 ciVi 2041RZ dsin 91
fDi: f ) fBi,Ri:—a f@Z:#

., Fp, = fpi+ thRr (2.48)
c c i

As a result, the combined discrete baseband target return and interference signal at

the victim radar can be written as

Ts =Tp + Tp;

T :% cos |:27T (FBfE + fomTs + fou+ ¢0>}

A k 2.49
+ LPF{ % Ccos |:27T (FBZT -+ fDZ‘mTR[mt —+ fGiU ( )

H(fe — fudt + (%E) + qs,-)] }

The effects of the interfering signal on range-Doppler maps can vary according to

signal parameters such as bandwidth B;, sweep time Ty;, starting frequency f,; etc.

Interference effects are analyzed in [7]], where it is stated that there are two types of
effects. These interference effects can occur due to either identical system parameters
or similar system parameters. In the following subsections, the effects of different

types of interference will be examined.

2.4.2 Identical System Parameters

Coherent interference happens when the victim and the interferer radars utilize the

same system parameters, including operating frequency, sweep time, and bandwidth.

28



After mixing the target return and interfering signals with the transmitted signal and
applying 2D FFT, the interferer signal appears in the range-Doppler map as if it is an
object. However, this object-like image of the interfering signal appears at a distance
and velocity that are half of the actual interferer radar’s distance and velocity. This
is because the victim radar processes the interfering signal as if it has been two-way
propagated. Fig. [2.7] shows a representation of FMCW radar signals in the time-
frequency domain and a range-Doppler map. Fig. [2.7a illustrates the frequency of
transmit, receive and coherent interference signals. Since both the interferer and the
victim radar utilize the same parameters, the interference signal acts as a target return
signal in the IF domain. Fig. [2.7b shows an example range-Doppler map displaying
the effect of coherent interference. The interferer signal appears as a ghost target in
the range-Doppler map, although there is no such target at that position. The received

target return and the interference signal are quantized with high bit precision in the

figure.
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frequency domain.

Figure 2.7: An example representation of the coherent interference in time-frequency

domain (a) and range-Doppler map (b).

2.4.3 Similar System Parameters

Non-coherent interference happens when the victim and interferer radars utilize sim-

ilar system parameters. Unlike coherent interference, the interferer signal crosses
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the IF bandwidth of the victim radar at different times on each chirp, resulting in
the interference energy spreading across all range-Doppler bins. This type of inter-
ference causes a noise-like effect and increases the noise floor. Fig. [2.8] shows a
representation of FMCW radar signals in the time-frequency domain and in the form
of a range-Doppler map. Fig. 2.8aillustrates the frequency of transmit, receive and
non-coherent interference signals. Since the interferer and the victim radar utilize
different parameters, the interferer radar signal crosses the victim radar signal at dif-
ferent times. As a result, the interference signal energy spreads across both range
and Doppler bins. The black dotted lines indicated the low pass filter cutoff instants.
The non-coherent interference signal affects the victim radar only when its frequency
falls below this cutoff frequency. Fig. [2.8b| shows an example range-Doppler map
displaying the effect of non-coherent interference. Since the energy is spread across
the bins, the interference increases the noise floor, thereby reducing the visibility of
the target which is located 200m away from the victim radar and moving at a velocity
of 30m/s with a radar cross-section of 10 dBsm. The received target return and the

interference signal are quantized with high bit precision in the figure.
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(a) Representation of the transmit, receive (b) Range-Doppler map example displaying
and non-coherent interference signal in the the non-coherent interference effect.

time-frequency domain.

Figure 2.8: An example representation of the non-coherent interference in time-

frequency domain (a) and range-Doppler map (b).
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2.5 One-Bit Quantization

Radar is crucial in autonomous driving, offering unparalleled perception in challeng-
ing conditions. Unlike optical sensors, radar’s radio wave operation effectively pene-
trates fog, rain, and darkness. It excels in detecting objects at longer ranges, providing
an early-warning system for proactive hazard response. The adoption of radar tech-
nology in autonomous driving brings advantages but also limitations. The use of
high-precision ADCs in radar systems with multiple antennas increases production
costs, posing economic challenges. Moreover, the increased precision of these radars
often requires higher power consumption, raising concerns about energy efficiency

compared to low-resolution radars [21, [2].

With simplified designs and reduced data resolution, radars that utilize one-bit quanti-
zation offer a potential solution to challenges such as high production costs and power
consumption associated with traditional high-precision radars [30]. Despite the bene-
fits, the non-linearity of one-bit sampling introduces new challenges for conventional
linear signal processing methods. Since one-bit quantization is just a sign compara-
tor, samples are represented as +1 or -1. In a multiple-target scenario, after linear
processing, self-generated and cross-generated harmonics appear as ghost targets in
range-Doppler maps and may be detected as real targets [30], [17]. The number of

harmonics depends on the number of return signals and their amplitudes.

Considering the multiple chirp scenario in a ULA configuration, the received signals

before ADCs can be represented as

p
Ap
bt ) 27 s (27 (fppmTs + fB.Ropt + fopt+ do)) +w(t), (2.50)

where w(t) is the additive white Gaussian noise (AWGN), and P is the number of
targets. Now, considering the one-bit quantizers being just a sign comparator, [/13]]

expresses the sign function as

sign(u +n) = J; / T exp (j(“; ) e, (2.51)
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Let wy(t) = 27(fp,,mTs + fB.rypt + fopu + ¢o). Substituting Eqn. to the Eqn.
2.50} the one-bit signal v(t) can be written as

v(t) = sign (Z % cos(w,(t)) + w(t))

p=1
. o . P A
= J;/_OO % (pzl exp [j%cos(u},,(?ﬁ){)}) d§
. 00 . P 0
(@) J;/Oo wg gjoem,,jm”mp(%@ x cos(mpwy(t)) | dE,

(2.52)

where J,, is the Bessel function of the first kind, equality (a) follows from [27,
p. 361] and ¢ = lande, = 2 for m > 1. Eqn. [2.52] shows that the one-bit
signal v(t) contains its fundamental harmonics as well as new high-order harmonics
(infinite-order harmonics). As mentioned, the high-order harmonics include both self-
generated terms from the original signal and cross-generated terms from different
signals. As explained earlier, the FFT process is applied to the digitized signal. The
FFT process can be considered as an averaging operation over the noise [17], and
the amplitudes of both the fundamental harmonics and high-order harmonics can be
approximated by their average values after the FFT [13]]. Following the notation given

by [17], the average value of the one-bit signal v(¢) can be represented as

Elv(t)] =

[ee) 1 o] ejwf .
/ \/We 2% / H Z €my) mep (Apf)
—00 10

X cos(mpwy(t)) dw d€

02

(2.53)

where the expectation E[-] is computed with respect to the noise w, and 2, represents
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the noise power. Eqn. shows that E[v(t)] is equal to zero for even m, indicating
that the self-generated and cross-generated harmonics’ average amplitudes are zero.
Considering a single target case for odd m values, E[v()] only contains self-generated

harmonics and given by [13]] as

e}

Ep(t)] = Y cmcos(mw(t)), (2.54)

m=1,modd

where

2 AN\ A?
Cm _jm“\/jam S I 2l (LA, PR O I (2.55)
7r Ow 2 202,
where F(-, -, ) is the hypergeometric function [27, p. 504] and
1 _3(m-1) .
Qpy = T,2 2, misodd. (2.56)
(g )im
Note that a; = 1, a3 = 5;, and @5 = &5, meaning that the amplitudes of the

harmonics decrease rapidly as the order increases. If the received SNR = % > 1,
the amplitude information is completely lost [13]], which is generally the case in the
presence of an interferer signal. Considering a two-target case for simplicity, E[v(t)]
contains both the self-generated and the cross-generated harmonic terms. For m-th

order self-generated harmonics the coefficient c,, o can be calculated as [17]]

056

e = | - <; : >J0(A25>JW<A15> e

_m
2

g AT (%) i T(i+2) < A2 ) (2.57)

T 27T (m+1) &~ ilT(i+1) \ 202

i=0
A2
X F (—i,—i;m+1;A—§> .

For the m-th order cross-generated term ¢, ,, cos(maows(t)) cos(myws(t)) where

m = my + meg, the coefficient c,,, ,,, can be calculated as
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Figure 2.9: An example of a range-Doppler map with a target placed 200m away
from the victim radar, moving at a velocity of 30m/s, and with an interferer radar

150m away from the victim radar, moving at a velocity of -30m/s.
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As a result, the provided calculations can determine the amplitudes and frequencies
of the self-generated and cross-generated harmonics. However, it is important to
note that these calculations will not be used further, as our solution relies on ma-
chine learning methods. Some work in the literature [[I7],[16] analyze the impact of
harmonics on target detection and propose iterative approaches to address harmonic
issues. In this thesis, we aim to demonstrate that a neural network, when trained on

an appropriate dataset, can effectively solve the harmonic problem.

Fig. [2.9) shows a range-Doppler map containing a target and the effect of coherent
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Figure 2.10: An example of a range-Doppler map with a target placed 200m away
from the victim radar, moving at a velocity of 30m/s, and with an interferer radar

150m away from the victim radar, moving at a velocity of -30m/s.

interference. In this figure, both the received target return and the interference signal
are one-bit quantized. As in Fig. [2.7b] the interference itself still appears in the
map. Additionally, due to the one-bit quantization, self-generated and cross-generated
harmonics also appear in the range-Doppler map as ghost targets. The signal power
of the interference signal and the target return signal determines the amplitudes and
numbers of these ghost targets. As the power of the received signals increases, the
amplitude of the harmonics also increases, resulting in more harmonics appearing in

the range-Doppler map. Ghost targets are represented with black circles in the figure.

Fig. [2.10] shows a range-Doppler map containing a target and the effect of non-
coherent interference. In this figure, the received target return and the interference
signal are one-bit quantized. Unlike Fig. [2.8b] since signals are one-bit quantized,
the high power of the interference signal is limited and the increase in the noise floor is
also constrained. However, before quantization, some parts of the weak target return

signal are already affected by the high-power interference signal. After quantization,
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the information about the target in the affected parts of the signal is completely lost.
The extent of this loss depends on the radar system parameters. In the figure, due to
the one-bit quantization, the self-generated harmonics of the target return signal are

still visible in the range-Doppler map as ghost targets.
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CHAPTER 3

MACHINE LEARNING

The purpose of the artificial intelligence (Al) field of machine learning is to create
models and algorithms that allow computers to learn from data and forecast or make
decisions based on future data without needing to be explicitly programmed. The key
idea behind machine learning is to use statistical techniques to let a system gradually
get better at a certain task, based on the patterns and information present in the data
it is exposed to [25]. The machine learning field can be divided into several main

approaches: supervised learning, unsupervised learning, and reinforcement learning.

e Supervised Learning: The algorithm is trained on a labeled dataset, where the
input data is paired with the corresponding desired output. The model learns a

mapping function from the input data to the output data.

e Unsupervised Learning: The algorithm is given unlabeled data and tasked
with finding patterns or structures without explicit guidance on what to look

for.

e Reinforcement Learning: Through interaction with the environment and feed-
back in the form of rewards or punishments, the algorithm acquires knowledge.
The algorithm’s goal is to eventually figure out a policy that maximizes accu-

mulated rewards.

In this work, supervised learning is utilized for the problem and will be examined in

the next subsection.
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3.1 Supervised Learning

In the supervised learning case, the computer is fed with labeled inputs z; along with
their corresponding known output pairs y;. The purpose of supervised learning is to
learn a generalized mapping (a function) from inputs to outputs [4]]. This mapping is
then used to predict outputs from unseen data. The supervised learning problem is

categorized into two parts.

e C(lassification: If the output y; is a categorical variable within a set
(y; € {1,...,C}), where C is the number of classes, then the learning problem
is called classification or pattern recognition [25]. An example can be given as

classifying the handwritten digits.

o Regression: If the output y; takes any real-valued number (y; € R), the learn-
ing problem is called regression. An example can be given as predicting tomor-

row’s temperature at a certain location providing some previous information.

3.2 Artificial Neural Networks

The idea of artificial neural networks (ANNSs) can be traced back to the work of War-
ren McCulloch and Walter Pitts in the 1940s. They introduced the first mathematical
model of a neuron, laying the groundwork for the development of neural networks.
After the foundational work by McCulloch and Pitts, Frank Rosenblatt made signif-
icant contributions to the field of neural networks, particularly with his development
of the perceptron model in the late 1950s. Building upon the concepts of McCulloch
and Pitts, Rosenblatt introduced the perceptron as a computational model of a single-
layer neural network. Rosenblatt’s perceptron consisted of an input layer connected
directly to an output layer, with each connection assigned a weight representing the

strength of the connection.

Fig. shows the basic architecture of the perceptron. & = [z}, Ty, ..., 24T is the
input vector, where d represents the number of input values, w = [wy, wo, ..., wg|"
is the weight vector, b is the bias term, ¢ is the activation function and ¢ is the out-

put value. The perceptron operates by multiplying the input values with their corre-
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Figure 3.1: Architecture of the perceptron.

sponding weights, representing their importance in the decision-making process. The
perceptron then sums up these weighted inputs, including an additional bias term,
to compute a weighted sum. Next, the activation function adds non-linearity to the
perceptron’s output by passing the weighted sum through it. This activation func-
tion helps the perceptron make more complex decisions. The operation can be shown

mathematically as follows [1]]

d
y=0¢ (Z w;x; + b> . 3.1
i=1

We can also represent the operation in matrix form as

§=¢(w'z+D). (3.2)

The perceptron algorithm performs well on datasets that are linearly separable due
to its simple structure [1]. However, a single artificial neuron performs poorly when
the dataset is not linearly separable. To handle more complex datasets with multiple

boundaries, more sophisticated networks, such as multilayer networks, are required.
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3.2.1 Multilayer Perceptrons

Multilayer perceptrons (MLPs) extend the capabilities of single-layer perceptrons by
incorporating multiple layers of neurons. While single-layer perceptrons can only
learn linear decision boundaries, MLPs can learn and represent non-linear decision
boundaries through the composition of multiple layers (input, hidden, and output)
and the use of non-linear activation functions. This allows MLPs to capture more
complex patterns and relationships in data, making them suitable for a wider range
of tasks. Additionally, MLPs can learn hierarchical representations of features in
data, with each layer extracting increasingly abstract and meaningful features from
the input. In contrast, single-layer perceptrons are limited in their ability to learn

hierarchical representations and can only capture simple linear relationships in data.

Input Hidden Output
Layer Layer Layer

Figure 3.2: Architecture of the multilayer perceptron.

Unlike a single-layer perceptron, an MLP, as shown in Fig. [3.2]contains hidden layers
between the input layer and the output layer. Therefore, the weights of the hidden

layers should also be included in the operation representation. Let the weights of
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connections between the input layer and the hidden layer be represented as matrix
W, with a size of d X ny,. The output vector, h = [hy, ha, ..., by, |*, of the hidden

layer can be represented as [ 1]]

h=o,(W,z). (3.3)

X

Considering the output layer with n, nodes, the weights of connections between the
hidden layer and the output layer can be represented by the matrix W,y with a size

of ny, x n,. The operation from the hidden layer to the output layer can be shown as

§ = O,(Wyh), (3.4)

where § = [1, 92, ..., Jn,] is the output vector. The activation function ® is applied
element-wise to the values. Up to this point, the derivations provided are part of
the forward propagation operation of neural networks. During forward propagation,
the purpose is twofold: first, to obtain outputs that allow the network to be trained
by calculating the error or loss, and second, after the network is trained, to use the
forward propagation process to provide useful predictions based on new input data.
Next, we will examine how networks are trained using the calculated loss value, with

backpropagation being the backbone of the training process.

3.3 Training the Artificial Neural Networks

Training an ANN involves several sequential steps to enable the network to learn from
data and improve its predictive capability. Initially, the network is initialized with ran-
dom weights and biases, which are essential for breaking symmetry and starting the
learning process. The network receives input data during forward propagation, and
layer-by-layer calculations are carried out. To produce its output, each neuron adds
a bias, calculates the weighted total of its inputs, and uses an activation function.
The input for the following layer is the output from the previous layer, propagating
through until the final output layer produces a prediction. Subsequently, a loss func-

tion (see Section [3.3.2) measures the difference between the predicted output and
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the actual target value. Backpropagation follows, where gradients of the loss func-
tion with respect to each parameter are computed recursively using the chain rule of
calculus. These gradients guide the update of weights and biases through an opti-
mization algorithm like Gradient Descent [40]], adjusting them to minimize the loss
function. This iterative process is repeated over multiple epochs, with each epoch
involving the forward and backward propagation steps on mini-batches of data to en-
hance efficiency. Periodically, the model’s performance is evaluated on a validation
set to monitor for overfitting and optimize hyperparameters accordingly. Finally, the
trained model is tested on a separate test set to assess its generalization ability before
deployment in real-world applications, where it makes predictions on new, unseen

data.

3.3.1 Underfitting and Overfitting

Since the purpose of the learning algorithm is to learn a generalized function, meaning
it should perform well on new, unseen data, it must extract meaningful patterns and
make accurate predictions beyond its training set. In this context, generalization refers
to a model’s ability to apply what it has learned from the training data to new, unseen
data, thereby making accurate predictions in real-world scenarios. To evaluate and
improve generalization, data is typically split into three sets: training, validation, and
test datasets. The training dataset is used to train the model, the validation dataset is
used to tune hyperparameters, and the test dataset assesses the model’s performance
on entirely unseen data. However, two common pitfalls can prevent achieving this

goal: underfitting and overfitting.

Large errors are produced on both the training and validation datasets when a model is
underfitted, which happens when a model is too simplistic to identify the underlying
patterns in the training data. This can be caused by insufficient model complexity,
poor feature selection, or inadequate training time. On the other hand, overfitting
occurs when a model grows too complex and picks up on both the noise and the
real patterns in the training set. As a result, the model performs poorly on test and

validation data but well on training data, indicating a failure to generalize.

Mitigation techniques for underfitting include increasing model complexity (e.g.,
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adding more layers or neurons in a neural network), improving feature selection and
engineering, and training the model for a longer period or adjusting the learning rate.
Overfitting can be mitigated by reducing model complexity, using regularization tech-
niques, collecting more data, and implementing early stopping. Achieving a balance
between underfitting and overfitting is essential for creating models that generalize

well and perform effectively on unseen data.

3.3.2 Loss Function

A loss function, or cost function, measures how well a neural network’s predictions
match the actual target values, guiding the learning process. It quantifies the differ-
ence between predicted and true outputs, and minimizing it during training improves
the network’s accuracy. By minimizing the loss function, the network learns to make
accurate predictions on both training and unseen data. Different loss functions should
be used according to the problem at hand. Some loss function examples are as follow

(28],

e Mean Squared Error (¢, loss): For continuous parameters (regression prob-

lems), the mean squared error (MSE) loss function is commonly used.

n

IS e
MSE =—3 (s — i)’ (3.5)

=1

where y; is the target value and g; is the estimated output.

e Mean Absolute Error (/; loss): MSE is sensitive to outliers in the data. On the
other hand, mean Absolute Error (MAE) is preferred over MSE when robust-
ness to outliers and ease of interpretation are important. Unlike MSE, which
squares errors and disproportionately penalizes larger errors, MAE treats all
errors equally by using absolute differences. This makes MAE more balanced
and less sensitive to outliers.

1 n
2=l (3.6)
e Hinge Loss: If the task is a hard classification problem, Hinge loss is the most

common loss function. Hinge loss can be defined for the case where y; €
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{-1,1} as

1 n
Hi Loss = — 0,1 —vy;7;). 3.7
inge Loss - ; max(0, Yi;) (3.7

e Cross Entropy: When the estimation of the probabilities of each class is pre-
ferred over hard classification, logistic loss functions are used. In this case,
cross-entropy measures the difference between the true probability distribution

and the estimated distribution.

n C
Cross-Entropy = — Z Z Yic10g(Uic), (3.8)

i=1 c=1
where y; . 1s the true label for sample ¢ and class c, 9; . is the predicted proba-
bility that sample 7 belongs to class ¢, C' is the number of classes, and n is the

number of samples.

3.3.3 Backpropagation

Backpropagation is a fundamental algorithm for training artificial neural networks
by optimizing their weights. The goal is to minimize the difference between the pre-
dicted outputs and the actual targets, typically measured by a loss function. Backprop-
agation works by propagating the error backward through the network, and adjusting

weights in order to reduce the overall error.

Following the derivations of [11]], a model with only one hidden layer is considered.

The process starts by calculating the loss value. Consider the squared error loss

T(w) = (e — Gi)*. (3.9)

k=1
The weights of the network are initialized with random values and changed in a way
that will reduce the error. The backpropagation algorithm that changes those weights

is based on gradient descent. The gradient is

Aw=_2 (3.10)
ow
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and the gradient for a single weight will be

oJ
AWy, = — , (3.11)
OWp
Randomly initialized weights are updated iteratively as follows
w(m + 1) = w(m) + nAw(m), (3.12)

where the learning rate 7 determines the magnitude scale of the weights and m repre-

sents the training step.

Considering the three-layer MLP from Fig. [3.2] for simplicity, the hidden-to-output
weights are first considered. The chain rule is required to calculate the partial deriva-
tive of the error J with respect to the weight w; ;, since the error does not explicitly

depend on the weight itself:

oJ  0J  Onety
Ow;,  Onet, Owjy

onety,

=, (3.13)

k
8wj,k ’

n . .
where nety, = Z jil Wj k; hj represents the weighted sum result before the activa-

— 86 represents how the overall error changes
nety

with respect to the unit’s net activation and is called the sensitivity of the k-th neuron.

tion function is applied and J;, =

J, is calculated using the chain rule

_ oS 9] Op X ,
% = Oonet, O Onet, 2(yr — k) - ¢ (net). (3.14)

Since the net activation net;, of the k-th output neuron is

nety = ijvkhj, (3.15)
j=1

the derivative in Eqn. can be computed as
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Onety,
811)]'7]C

— b, (3.16)

Considering all the computed derivatives together, the update rule in Eqn. [3.11] for
the hidden-to-output weights will be

Awjp=n-6-hj =n-2(yr — Ur) - (b/(netk) - h;. (3.17)

After calculating the hidden-to-output weights, the input-to-hidden weights are now

considered. Using Eqn. [3.11} and the chain rule, the following calculations are made

8J GJ Ghj 8netj

= : 4 3.18
8wi7j 8hj 8netj 8wi7j ( )
Calculating the first term as
oJ 0J 0y
ke iy (3.19)
8hj 5)y 8h]
- _9 —q) == 3.20
> y—19) o (3.20)
k=1
i . 0y  Onety,
= -2 —9) - : 21
2 W=9) 5 o (3:21)
k=1 J
= =2 (y—9)- ¢ (nety) - wis (3.22)
k=1
The sensitivity is defined for a hidden unit as:
8 =@ (net;) -2 (wjady). (3.23)
k=1

It is important to note that, ¢; is just the sum of all individual sensitivities of output
units weighted by the respective hidden-to-output weights w; ;. , then all multiplied

by the ¢’ (net;) . So the input-to-hidden update rule can be expressed as
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Aw;j=n-x; -6 =n-2;- (2 Z wj7k§k> @' (net;). (3.24)
k=1

For a three-layer MLP, Eqn. and give the backpropagation algorithm which

1s utilized to reduce the errors.

In summary, for each neuron, starting from the output layer and moving backward to
the input layer, the algorithm calculates how much each weight and bias contributed
to the total error. This involves determining the loss function’s gradients with regard
to each weight and bias. To lower the error rate, the weights and biases are adjusted
in the gradient’s opposite direction after the gradients have been computed. This step
usually involves multiplying the gradient by a learning rate, which determines the size
of the update steps. Forward pass and backward pass are repeated for many iterations
(epochs), with each iteration using a new batch of training data, until the network’s

weights and biases are optimized to minimize the loss function.

3.3.4 Convolutional Neural Networks

Deep learning (DL) is a subset of machine learning (ML), a broader field where al-
gorithms learn from data to make predictions or decisions. Deep learning utilizes
neural networks with many layers, known as deep neural networks, to automatically
learn and extract complex patterns and representations from large amounts of data.
In comparison, traditional machine learning often relies on manual feature extraction
and simpler models, which may require more domain expertise to select relevant fea-
tures and typically perform well with smaller datasets. While both approaches aim
to learn from data, deep learning’s hierarchical approach to feature learning and its
capacity to handle vast amounts of unstructured data give it an edge in solving more
complex and large-scale problems. Fig. shows a Venn diagram illustrating the
relationship between Al, ML and DL.

One type of deep learning model called the convolutional neural network (CNN) is
particularly effective for analyzing visual data. They have been widely used in image
and video recognition, medical image analysis, and, more recently, in radar signal

processing. CNNs are built with the ability to automatically and adaptably identify
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Figure 3.3: Relationship between artificial intelligence, machine learning and deep

learning.

feature spatial hierarchies from given data. Considering the range-Doppler maps as
images, CNNs can be useful for various radar-related interference problems through

the useful features from input data.

CNNss consist of layers that perform convolutions and pooling operations. Convolu-
tional layers apply a set of learnable filters to the input, capturing essential features
such as edges and textures. These filters slide across the input data, producing fea-
ture maps that highlight various patterns. Pooling layers merge the extracted features
and reduce the spatial dimensions of these feature maps, making the model more
computationally efficient and less sensitive to positional changes. As data progresses
through a CNN, the complexity of layers increases, enabling the network to learn
from basic to abstract features. The initial convolutional layers detect low-level fea-
tures such as edges, lines, and simple textures. As the network deepens, intermediate
convolutional layers start to combine these basic features to recognize more complex
patterns and structures, like corners and shapes. In the deeper layers, the network

identifies high-level features, such as parts of objects or specific textures.

The convolution operation from the gth layer to the (¢ + 1)th layer can be shown

mathematically with the assumption that the filter in the gth layer has a dimension of
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F, x F, x d, as follows []1]]

Fy Fq dg

lgljl ZZZMTZS)/?) 13-7‘ 1,j4+s—1,k VZ € {177Lq_Fq+1} (325)

r=1 s=1 k=1

Vjie{l,....B,— F,+1} (3.26)
Vpe{l,... dg1}, (3.27)

where the three-dimensional tensor W (P9 = [ (G ] denotes the pth filter in the ¢gth
layer, the indices ¢, j, k denotes the positions of the filter through the height, width,
and depth. The three-dimensional tensor H(?) = [hl(j;] denotes the feature maps in

the gth layer.

The convolution operation is followed by the activation function and pooling opera-

tions.

3.3.4.1 Activation Function

Activation functions are integral to the functioning of neural networks because they
introduce non-linearity, which is crucial for learning complex patterns and relation-
ships in data. Without activation functions, a neural network would essentially be a
series of linear transformations, regardless of its depth, and thus unable to model the
intricate non-linear relationships inherent in most real-world data. Activation func-
tions enable neural networks to capture and represent these non-linear relationships.
For instance, phenomena such as image recognition, natural language processing, and
radar signal analysis involve complex patterns that linear models cannot effectively
handle. Rectified Linear Unit (ReLU) is a widely used activation function in neural

networks, known for its simplicity and effectiveness. The function is defined as

f(z) = max(0, x). (3.28)

In simpler terms, ReLLU returns the input x if it is positive, and zero otherwise. This
results in a piecewise linear function where the output is zero for all negative values

of x and increases linearly with x for positive values.
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3.3.4.2 Pooling Operation

Pooling operation is a technique used in CNNs to reduce the spatial dimensions
(width and height) of the input volume for each convolutional layer, while also re-
ducing the number of parameters and computations in the network. There are two

common types of pooling operations:

Max Pooling: By dividing the input image into a series of non-overlapping rectan-
gles, max pooling produces the maximum value for each sub-region. It is often used

to help make the representations smaller and more manageable.

Average Pooling: Average pooling computes the average of each sub-region of the

input.

An elementary example of a CNN operation is shown in Fig. 3.4] The figure shows
a convolution operation using a 3 x 3 edge detector filter. After the convolution
operation, ReLu is applied as an activation function and lastly, a 2 x 2 max pooling

operation is performed to obtain the result.

Convolutional
Filter ;

Relu
Max Pooling

0.0 0.0 0.0:00 0.0 0,0-6T 0.0 S 4y
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Input Layer Convolution Output RelLu Output Max Pooling Output

Figure 3.4: Basic convolutional operations: Convolution, activation, and pooling.

3.3.5 U-Net

U-Net [33]] is a type of CNN primarily used for image segmentation tasks, where
the goal is to classify each pixel in the image, enabling localization, unlike typical
convolutional networks used for single-class classification tasks. Because of its suc-

cess, U-Net has been widely used in many other disciplines besides biomedical image
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segmentation, for which it was initially created. The architecture of U-Net is char-
acterized by its "U" shape, which consists of a contracting path (encoder) and an

expansive path (decoder).
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(a) U-Net Block Diagram
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Figure 3.5: U-Net Architecture.

The contracting path includes convolutional layers and downsampling layers. The
input image passes through a series of convolutional layers. Each convolutional layer
uses small 3x3 filters followed by a ReLLU activation function. This extracts features
from the image. After each convolutional layer, max-pooling layers with a 2 x 2
window are used to downsample the image, reducing its spatial dimensions while
increasing the number of feature channels. This process captures the context of the
image at various scales. At the end of the contracting path, the bottleneck layer con-
nects the contracting path to the expansive path. The bottleneck is the deepest part of
the network, where the image is represented in a highly abstract form. It consists of

convolutional layers with ReLLU activations, without any downsampling. The expan-
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sive path includes upsampling, concatenation (skip), and convolutional layers. The
upsampling layers increase the spatial dimensions of the image using transposed con-
volutions (also called deconvolution). For each upsampling step, the corresponding
feature maps from the contracting path are concatenated with the upsampled output.
This provides fine-grained information that was lost during downsampling. After
concatenation, more convolutional layers (3 x 3 filters followed by ReLU) are used
to refine the features. The last layer is a 1 x 1 convolution that associates each fea-
ture vector with the required number of classes (for pixel-wise classification). Fig.
[3.5] shows the basic structure of the U-Net. On the left, the contracting and the ex-
pansive paths and the skip connections are shown, On the right, the structure of the

convolution blocks is shown.

As a result, several defining features of the U-net make it powerful in the segmen-
tation tasks. Firstly, its symmetrical encoder-decoder structure outputs images with
the same dimensions as the inputs. In addition, the encoder captures context and
extracts features from the input image at multiple levels of abstraction enabling the
network to learn hierarchical features. However, during downsampling, information
might be lost in the encoder. To prevent this information loss, another defining fea-
ture is introduced. Concatenation layers directly move feature mappings between the
encoder and the decoder. Reintroducing the lost information by concatenation helps
the learning process. In addition to that, by concatenating high-resolution features
from the encoder with the upsampled features in the decoder, the network can better
localize objects. This combination ensures that the segmentation map retains precise

boundary details, which is crucial for accurate segmentation.
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CHAPTER 4

METHODS

4.1 Simulation Data Generation

The experiments were conducted using datasets generated with MATLAB. In the case
of supervised learning, a neural network requires a dataset that includes input data
paired with the desired output. In this thesis, both the coherent interference and the
non-coherent interference problem have been examined separately. For the coherent
interference case, the input data is a one-bit quantized received signal, contaminated
with interference, in the form of a range-Doppler map. Since the purpose is to teach
the neural network to clear the provided input from the interference and one-bit quan-
tization effects, the desired output is a received signal with high-bit precision, free
from any interference effect, in the form of a range-Doppler map. Fig. @.1| shows an
example of the input data and corresponding label pair for the coherent interference
case. Fig. [4.1a] represents the target, interference, and ghost targets appearing in the
input data while Fig. [.1b] displays the desired output that only contains the target.
For the non-coherent interference case, the input data is a one-bit quantized received
signal, contaminated with interference, in the time domain. The desired output is a
received signal with high-bit quantization, free from any interference effect, in the
time domain. Fig. shows an example of the input data and corresponding label
pair for the non-coherent case. Fig. represents the received signal in the time
domain, contaminated with interference, Fig. [4.2b| displays the desired output in the

time domain that only contains the target return signal.

Fig. [.3]illustrates the interference problem in a highway scenario, although it is

not drawn to scale. The interferer is represented as an automobile with radar and
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Figure 4.1: An example representation of the input data (a) and corresponding label

(b) provided to the neural network for coherent interference case.

positioned in the opposite lane of the victim radar, while the target, also represented
as an automobile, is placed in the same lane as the victim radar. For worst-case
scenario analysis, the interferer radar and the target are positioned at the same angle.
However, since the interferer radar has negative velocity and the target has positive

velocity relative to the victim radar, they are resolvable in range-Doppler maps.

Sample Index
Sample Index

20 40 60 80 100 120 20 40 60 80 100 120

Chirp Index Chirp Index
(a) Input data (b) Corresponding label

Figure 4.2: An example representation of the input data (a) and corresponding label

(b) provided to the neural network for non-coherent interference case.
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Interferer Radar

Victim Radar —

Figure 4.3: Highway interference scenario.

While creating the dataset for both interference scenarios, interferer radar placement
for every input data is varied across a range of [150,200] m, and target placement
for every input data is varied across a range of [100, 390] m according to the uniform
distribution. Interferer radar velocity for every input data is varied over a range of
[—60, 0] m/s and target velocity over [0, 60] m/s according to the uniform distribution.
Both the interferer radar and the target are placed at an azimuth angle of 2 degrees
relative to the victim radar. The selected target is a point target with an RCS of
10 dBsm and it follows the Swerling 0 model. Note that the signal model here is
realistic in that it is constructed towards the so-called "off-grid" case where target and
interferer distances are not multiples of range resolution. When a target is placed at an
off-grid distance, the returned signal energy spreads across the neighboring range bins
after FFT processing. This results in SNR loss, making the target harder to detect.
This may also adversely affect the training of the network and the performance it
achieves. Table provides the parameters of the victim radar, the radar causing
coherent interference and the radar causing non-coherent interference. Note that the
SNR is defined as SNR = P,/NyB, where P, is received power, B is bandwidth
and N is noise in W/Hz and considered as an AWGN. Fig. illustrates that, unlike
conventional radars that utilize high-precision ADCs, one-bit ADCs are employed

after each antenna.

To our knowledge, [22] is the only paper that considers the coherent interference prob-
lem. However, their work considers a SISO radar system and does not address scenar-
10s involving multiple antenna elements. Automotive radars, however, are generally
equipped with multiple antenna elements. In our work, both the victim and interferer
radars have a single transmit element, and U = 16 receive elements spaced half a

wavelength apart, indicating that a SIMO radar system is being considered. While

55



YYY Y

One-bit One-bit One-bit One-bit
ADC ADC ADC ADC
L J
T
One-bit samples:
+1,-1

Figure 4.4: Basic representation of a receiver architecture.

preparing the data for the coherent interference scenario, the three-dimensional FFT
is computed across time, chirp, and array domains after obtaining the one-bit quan-
tized signal. The FFT across the array domain is computed with 64 points to increase
the resolution. The range-Doppler image of the beam corresponding to the angle of
the target and the interferer, along with two adjacent beams to its left and right, are
fed as three-channel inputs to the network. Fig [.5]shows the left and right beams.
The figure demonstrates that the amplitudes of the harmonics change rapidly from
one beam to another compared to the amplitude of the actual target. This attribute
provides more information to the network, allowing it to learn the difference between
the ghost targets and the actual target. It is exploited to train the network by providing

a three-channel input.

To demonstrate the performance increase with the utilization of three-channel inputs
for coherent interference, another network is trained using only a single-channel in-
put. This single channel is the range-Doppler map of the beam corresponding to the
angle of the target and the interferer. The performance of these two networks will be
compared in the next chapter. For the non-coherent interference scenario, a single-
channel network is trained because multiple channels will not provide any additional
information to the network. Table [4.2] summarises the networks trained for interfer-

ence scenarios. Overall three networks are trained.
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Table 4.1: Victim and interferer radar parameters

Parameter Values
Victim Radar | Coh. Int. Rad. | Non-Coh. Int. Rad.

Carrier Frequency f,. 77 GHz 77 GHz 76.8-77.2 GHz
Bandwidth B 150 MHz 150 MHz 90-210 MHz
Sampling Frequency f 150 MHz - -
Sweep Time Interval T 13.65 us 13.65 us 11-12.5 ps
Maximum Detectable Range R4, | 400 m - -
# of Samples K 2048 2048 1650-1875
# of Chirps M 128 128 140-159
# of Receive Antenna Elements U 16 - -
Transmit Power P;, Py; 30 dBm 30 dBm 30 dBm
Antenna Gain G4, Gy;, G, 15 dBi 15 dBi 15 dBi
Noise Figure 4 dB - -
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(a) Range-Doppler map of the left beam. (b) Range-Doppler map of the right beam.

Figure 4.5: Representation of the range-Doppler maps of the beams to the left (a) and
right (b) of the beam corresponding to the angle of the target and the interferer for

coherent interference case.

4.2 Neural Network Architecture

The network architecture of [33]] is utilized in this paper. The U-Net architecture

follows an encoder-decoder structure. The encoder path of the network consists of
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Table 4.2: Summary of trained neural networks

Interference scenario Trained network
Coherent interference Three channel input
Coherent interference Single channel input
Non-Coherent interference | Single channel input

convolutional blocks that contain two convolutional layers with a kernel of 3 x 3 and
a padding size of 1, followed by a batch normalization layer and ReLu. After each
convolution block, max pooling with a kernel of 2 x 2 is utilized for down-sampling.
The number of feature maps is doubled at each stage of down-sampling starting from
32. The decoder path of the network consists of an up-sampling layer followed by
skip connections where corresponding layers in the encoder and decoder path are
concatenated and passed through a convolution block. The number of feature maps is
halved at each stage. At the output, neither batch normalization nor ReLu is utilized
and a 1 x 1 convolutional layer is used to generate outputs. So the network takes NV
channel inputs and produces one channel output. During the encoding path, essential
features of the true target are captured and during the decoding path, images contain-
ing only true targets are reconstructed. Skip connections allow the utilization of both
encoder and decoder features at the convolution layers of the decoder path. Fig. [3.5]
shows the utilized neural network structure and Table [4.3| provides the parameters of
the employed 2D U-Net. The same network parameters are utilized for the networks

summarised in Table

Table 4.3: Neural network parameters

Parameter Values

Number of trainable parameters | 8,635,809

Batch size 4
Learning rate 0.0005
Optimization algorithm ADAM
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4.2.1 Loss Function

A loss function is employed to measure the difference between predicted and expected
values. It guides the optimization process by providing feedback for adjusting model
parameters, ultimately minimizing prediction errors during training. In this work,

MSE is utilized as a loss function with

n

1
MSE = — i — 0i)°. 4.1
w2 =) (4.1)

MSE measures the mean square error between the predicted value and the target out-

put, where g; is the predicted output and y; is the actual output.

4.2.2 Preprocessing of the Data

To make sure that each feature contributes equally to the model, the data was stan-
dardized before being sent to the network. This was accomplished by scaling the

data’s mean to zero and its standard deviation to one using

T —
g
where p is the mean of the data, o is the standard deviation and Z represents the

i= (4.2)

standardized data.

4.2.3 Test Samples and Dataset Size

For the three-channel network, a total of 2950 range-Doppler test samples were gen-
erated. The range-Doppler maps, used as three input channels, were constructed by
3D FFT processing of one-bit quantized receiver signals contaminated with interfer-
ence. The interferer was placed randomly, as explained previously. However, the
target was positioned 5 meters farther away for every 50 samples, starting from 100
meters and extending to 390 meters. The samples used for training had a size of
400 x 128 x 3. 2700 three-channel range-Doppler samples were used for training,

and 300 three-channel range-Doppler samples were used for validation.
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For the single-channel network, the same number of test samples were generated in
the same way, but only a single beam was used. The samples used for training had a

size of 400 x 128 x 1.

For the non-coherent interference case, a total of 200 time domain test samples were
generated. The time domain samples were constructed by one-bit quantized receiver
signals contaminated with interference. The target distance is fixed at 200 m and the
interfering radar distance is fixed at 150 m. The samples used for training had a size
of 2048 x 128 x 1. 900 time domain samples were used for training, and 100 time

domain samples were used for validation.

4.2.4 Neural Network Training

As shown in the Table[4.3] the network’s learning rate 7 was set at 0.0005. The batch
size was set to four, meaning four frames were fed into the network simultaneously.
Adaptive Moment Estimation (ADAM) [19] is used as an optimization algorithm.
ADAM adapts the learning rate for each parameter by estimating the first and second
moments of the gradients. This results in faster convergence and better performance

on large-scale data and sparse gradients.

The hyperparameters for ADAM are set to 5; = 0.9, which smooths out gradient
updates by controlling the decay rate for the first moment estimates, and S = 0.999,
which stabilizes the learning rate by normalizing updates through the second-moment
estimates. The network was trained for 100 epochs. However, training was stopped
early if the validation loss did not decrease for 15 consecutive epochs to prevent

overfitting.

4.2.5 Evaluation Metrics

To investigate radar detection performance, a small and constant false alarm proba-
bility is maintained, while observing the detection probability. CFAR detectors are
used to ensure a constant false alarm probability. In this thesis, a 2D CA-CFAR de-

tector is utilized to evaluate the performance of the provided networks for coherent
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interference, with the false alarm probability set to Py, = 107°.

In addition to detection performance, another metric, the mean ghost target number
(mGTN), is defined. This metric tracks the number of ghost targets that appear in
the range-Doppler maps. Since the target distance changes every 50 samples in the
test dataset, the "mean" in the metric represents the average number of ghost targets

detected within each group of 50 samples.

To evaluate the performance of the neural network trained for non-coherent interfer-
ence, the signal-to-interference-plus-noise ratio (SINR) is defined as the evaluation
metric.

) N 2
No Z{n,m}eO ‘SRD [nv m]‘

SINR = 10log 4.3)

4 2
NLN Z{n,m}EN ’SRD [TL, m] ’
where O is the set of object peaks, NN is the set of Ny noise cells, Sgp is the range-

Doppler maps and n and m are the row and column indexes of the range-Doppler

matrix.
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CHAPTER 5

RESULTS

5.1 Qualitative Evaluation of the Three-Channel Neural Network

In this section, the performance of the three-channel neural network will be evalu-
ated qualitatively, while a quantitative evaluation will be conducted in the following
section. Fig. [5.1] shows the output of the three-channel network when the scenario
depicted in Fig. 2.9]is used as input. For better visual comparison, Fig. [2.9]is redrawn
and presented here as Fig. [5.2] The proposed network successfully suppresses in-

terference and ghost targets while preserving the actual target, preventing false target

detections.
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Figure 5.1: Output of the three-channel network.
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Figure 5.2: Redrawn Fig.

5.1.1 Three-Channel Network Generalization Capability

Two different scenarios were employed to assess the generalization capability of the
trained network. First, a multiple-target scenario was considered as a test sample in-
stead of a single target. The velocity of each target varied within the range of [0, 60]
m/s for every sample. However, unlike the test samples described in [4.2.3] targets
were randomly placed within a range of [100, 390] m, and the number of targets was
set to five. Second, to evaluate whether the network could detect the target and elim-
inate ghost targets independently of the provided angle information, the interferer
radar and the target were placed at an azimuth angle of 10 degrees relative to the
victim radar, rather than at the previously used angle of 2 degrees. In this case, a
single target was considered. The qualitative evaluation of the second scenario will
be omitted here, as it is very similar to what is shown in Fig. @ For both scenar-
10s, the range-Doppler image of the beam corresponding to the angle of the target
and the interferer, along with two adjacent beams to its left and right, were used as

three-channel inputs to the network.

Fig. [5.3] shows an input-output pair to test the performance of the three-channel net-
work in a multiple-target scenario. Although the three-channel network is trained

on range-Doppler maps containing only a single target, it demonstrates strong seg-
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mentation capabilities by effectively learning the features of the targets. The rapid
changes in the amplitudes of the harmonics from beam to beam further enhance its
learning capacity. As a result, regardless of the number of targets provided in the test,
the network is able to detect most of the targets. Another important point we need
to mention is that, in a multiple-target scenario, targets are separated in the range-
Doppler map and have different SNR values. Even though the three-channel network
is trained using a single target, hence a single SNR value for every input sample, it

can detect targets that have different SNR values.
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Figure 5.3: An example representation of the multiple target input data (a) and corre-
sponding multiple target label (b) provided to the neural network as a test for coherent

interference case.

Fig. [5.4] shows the three-channel network output when Fig. [5.3a]is used as a test
input. The proposed network successfully suppresses interference and ghost targets

while preserving the actual targets, thereby preventing false target detections.

5.2 Quantitative Evaluation of the Three-Channel Neural Network

To evaluate the performance, we present F; vs. SNR graphs and mean GTNs with and
without the network. Since the output of the network is a single-channel 400 x 128
matrix, we apply 2D CA-CFAR with a false alarm probability Py, = 107° to the
network outputs. To compare how effectively the network mitigates coherent inter-

ference and reduces ghost targets, we generated 2950 samples with high-bit precision,
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Figure 5.4: Output of the three-channel network of the multiple target test scenario.

which included only the target return signal and the noise. The placement of the tar-
get is the same as sectiond.2.3] These samples represent normal radar operation with
no interference and sufficient bit precision for quantization. Additionally, we gener-
ated 2950 samples with one-bit quantization, containing both the target return signal,
coherent interference and noise. We apply 2D CA-CFAR with the same false alarm
probability to the range-Doppler image of the beam corresponding to the angle of the
target and interference for both sets of samples created for comparison purposes. The

network that is trained for non-coherent interference will be discussed later.

Fig. [5.5] compares the mean GTN and detection performance with and without net-
work utilization in the presence of coherent interference. Different SNR points were
obtained by varying the target distance while maintaining a constant RCS during the
acquisition of the results, as explained earlier. The mean GTN values of the network
output and one-bit quantization with coherent interference, without network utiliza-
tion, are compared in Fig. [5.5a] Without utilizing the network, up to 21 ghost targets
are detected on average after CA-CFAR when one-bit quantization is used. The mean
GTN values for the one-bit quantized scenario decrease and stabilize around 10 — 12
for low SNR. This stabilization occurs because, as the SNR of the target return sig-
nal decreases, the amplitudes of cross-generated harmonics also decrease and cannot

exceed the noise power. Consequently, only self-generated harmonics of the inter-
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Figure 5.5: Comparison of performance with and without network utilization.
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ference are detected. The proposed network successfully removes ghost targets from
range-Doppler maps, resulting in clear and accurate reconstructions, with fewer than
0.5 ghost targets remaining detectable on average. Fig. [5.5b| compares the detection
performances of the network output, high-bit precision case without interference, and
one-bit quantization case with coherent interference. Considering the target as an au-
tomobile with an RCS of 10 dBsm in a highway scenario, up to its nearly maximum
detectable range of 390 m, the network can detect the target without any significant

loss in detection performance.

5.2.1 Three-Channel Input and Single-Channel Input Comparison

We now discuss the rationale behind selecting three channels as input data instead of a
single channel and compare their performances. To test the single-channel scenario,
we generated the same dataset as before, but only the range-Doppler image of the
beam corresponding to the angles of the target and the interferer was used as input
data, as explained earlier. The new network performed similarly in terms of detection

performance compared to the previous three-channel network but was less effective
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Ghost Target Number: 3 Channel Network Output
4.5 | —#— Ghost Target Number: 1 Channel Network Output 3

Ghost Target Number

Figure 5.6: Mean GTN vs SNR comparison of the three-channel network and the

single-channel network
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in reducing ghost targets, as shown in Fig. [5.6] On average, up to 5 ghost targets were
detected after CA-CFAR when the single-channel scenario was tested. The mean
GTN values for the single-channel scenario decreased and stabilized around 2.5 to 3
for low SNR. This stabilization occurs because, as the SNR of the target return signal
decreases, the amplitudes of cross-generated harmonics also decrease, as explained

earlier.

5.2.2 Three-Channel Network Generalization Capability

In this subsection, the generalization capability of the three-channel network is quan-
titatively evaluated based on the scenarios described in [5.1.1} For the first scenario,
P, vs. SNR performance is shown in Fig. Detection performance for low SNR
targets is slightly decreased compared to the single target scenario. In addition, since
the targets were randomly placed in each sample with equal probability, providing a
mean GTN vs. SNR performance is not feasible. Instead, Table[5.1|presents the mean
GTN over 1000 test samples. The results indicate that, on average, 0.41 ghost targets

are detected across all test samples.

Table 5.1: Multiple target mean GTN performance

# of 5 target scenario Targets SNR # of mGTN (over 1000)
1000 —2.9 dBto — 26.6 dB 0.41

For the second scenario, P; vs. SNR performance was obtained similar to Fig. [5.5b]
and is therefore omitted here. Despite the different angle values, the target was suc-
cessfully detected. Similar to Fig. [5.5a] an average of fewer than 0.75 ghost targets
remained detectable on the range-Doppler maps. Fig. [5.8| compares the mGTN for

test samples corresponding to the azimuth angle of 2 degrees and 10 degrees.

1 A total of 1000 scenarios are generated, each containing 5 targets. In each scenario, target detections are
evaluated within 5 m intervals and the results are plotted. For instance, one interval could range from 100 m to
105 m, while another ranges from 105 m to 110 m.
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5.2.3 Limit of Improvement of the Three-Channel Network

To explore the limits of the network, we compared the detection performance of the
three-channel network, the high-bit precision case without interference, and the one-
bit quantization case with interference, as shown in Fig. [5.99 With a target RCS
of —14 dBsm, to maintain SNR continuity with [5.5b] detection performance in the
presence of interference decreases rapidly. When a high-power signal, such as in-
terference, is received, the performance of the quantizer deteriorates leading to this
decline. However, it’s important to note that such low RCS values are not realistic
even for targets like pedestrians or bicycles. Note that, the signal-to-interference ratio

(SIR) ranges between —36 dB and —59 dB according to the target distance.
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Figure 5.9: P; vs SNR comparison with RCS=-14 dBsm.

In addition to this, in scenarios where the target is closer than 50 meters, outside the
considered range (100-390) m, the network perceives the target as interference due to
the high SNR, contrary to what it has learned, and is unable to distinguish the target.
However, in these cases, since the target is very prominent, it can be differentiated

from interference and ghost targets using a classification method.
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5.3 Qualitative Evaluation of the Neural Network for Non-Coherent Interfer-

ence

Fig. [5.10| presents an example of a one-bit quantized time-domain signal with and
without non-coherent interference. Due to the selected radar parameters that cause
non-coherent interference, Fig. [5.10a) shows that nearly half of the samples in the
data matrix are affected resulting in the loss of target information. Fig. [5.10b|illus-
trates the one-bit quantized time-domain signal without the non-coherent interference
to better demonstrate the non-coherent interference effect. Fig. [5.11]shows the output
of the network trained for non-coherent interference. The Network effectively detects
and removes the samples affected by non-coherent interference but also loses the in-
formation about the target at affected parts. However, in general, experimental results
show that interference mitigation methods utilized in the frequency or time-frequency
domains perform better than time-domain methods. Nonetheless, suppose it is nec-
essary to perform interference mitigation in the time domain for one-bit quantized
signals. In that case, this method might be useful, since this method operates without

amplitude information.
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(a) One-bit quantized time-domain signal (b) One-bit quantized time-domain signal

with non-coherent interference without non-coherent interference

Figure 5.10: An example representation of the one-bit quantized time-domain signal
with non-coherent interference (a) and one-bit quantized time-domain signal without

non-coherent interference (b).

Fig. [5.12] presents examples of range-Doppler maps under various scenarios. Fig.
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Figure 5.11: Output of the neural network trained for non-coherent interference.

[5.124] shows the map with no interference and high-bit precision, where the target is
clearly visible. In contrast, Fig. [5.12b]illustrates the effect of non-coherent interfer-
ence with high-bit precision, which raises the noise floor, making the target harder
to detect. Fig. depicts the scenario with non-coherent interference and one-bit
quantization. Since the energy of the interference signal is limited the increase in
the noise floor is also limited. However, one-bit quantization introduces ghost targets
on the map. Finally, Fig. [5.12d|illustrates the neural network output after 3D FFT
processing. As seen in Fig. [5.11] the neural network effectively mitigates the sam-
ples impacted by non-coherent interference, thereby reducing the noise floor hence

increasing the SINR. However, the network cannot clear the ghost targets.

5.4 Quantitative Evaluation of the Neural Network for Non-Coherent Interfer-

ence

Since interference mitigation for the non-coherent interference case is performed in
the time domain, the neural network is applied to each one-bit ADC output. Following
this, a 3D FFT is performed, and the SINR is calculated on the range-Doppler map
of the beam corresponding to the angle of the target and interference. We will also

calculate the SINR values for the following cases on the range-Doppler map of the
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coherent interference and one-bit quantization. coherent interference and one-bit quantization af-

ter utilizing the neural network.

Figure 5.12: Examples of Range-Doppler maps under various cases: (a) with no
interference and high-bit precision; (b) with non-coherent interference and high-bit
precision; (c¢) with non-coherent interference and one-bit quantization; and (d) with

non-coherent interference, one-bit quantization, and neural network processing.

beam corresponding to the target’s and interference’s angle after applying the 3D FFT:
the high-bit precision case with no interference, the high-bit precision case with non-
coherent interference, and the one-bit quantized case with non-coherent interference.

Table [5.2] compares the SINR values for provided cases obtained from only a single

test sample.

The histogram in Fig. [5.13|illustrates the probability distribution of the SINR values
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Table 5.2: SINR comparison of provided cases

Cases SINR
High-bit precision, no interference + 3D FFT 50.7 dB
High-bit precision, with non-coherent interference + 3D FFT 6.7 dB

One-bit quantization, with non-coherent interference + 3D FFT 36.6 dB

One-bit quantization, with non-coherent int. + network + 3D FFT | 47.2 dB

0.25

Infinite bit precision, no interference + 3D FFT
[ Infinite bit precision, with NG Int + 30 FFT
[ 1 0One-bit quantization, with NG Int + 30 FFT
[ One-bit quantization, with NC Int + neural network + 30 FFT

0.2

Probability of Samples per SINR Bin

0 |_|-| 0 I'I_l [ T N
-10 0 10 20 30
SINR

Figure 5.13: SINR comparison of provided cases with U = 16.

obtained from the provided cases when the number of receive antenna elements is set
to 16. In this figure, the target distance is fixed at 200 m and the interfering radar
distance is fixed at 150 m. For every case, 200 test samples are used. Before signal
processing, the target return signal has an approximate SNR of —15 dB, while the
interference has an approximate SNR of 34 dB. The high-bit precision case with no
interference represents the normal radar operation. In the presence of non-coherent
interference in the high-bit precision case, the interference increases the noise floor
and significantly decreases the SINR. Although one-bit quantization limits the en-
ergy of the interference signal, the interference still benefits from the processing gain
provided by the multiple-receive antenna configuration, leading to an increased noise

floor, as shown in Table @ Additionally, due to radar parameters that cause non-
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coherent interference, nearly half of the samples are affected by interference, result-
ing in a loss of target information after one-bit quantization. This explains the SINR
decrease of nearly 15 dB when one-bit quantization is used in the presence of non-
coherent interference, compared to normal radar operation. Lastly, when the neural
network is applied, it effectively clears most of the samples affected by interference
but cannot retrieve or recreate the lost target information. As a result, the neural net-
work improves the SINR, bringing it to approximately 3 —4 dB below the SINR value

observed in normal radar operation.

Table 5.3: Processing Gain

Parameters Processing Gain
# of Samples K , 2048 ~ 33 dB
# of Chirps M , 128 ~ 21 dB
# of Receive Antenna Elements U , 16 | ~ 12 dB

To justify the assumption regarding the processing gain provided by the multiple an-
tenna configuration, another test set was created by setting the number of receive
antenna elements to 2. The target distance was fixed at 200 m, and the interfering
radar distance was fixed at 150 m. With two antennas, the processing gain is approx-
imately 3 dB. The histogram in Fig. [5.14]illustrates the probability distribution of the
SINR values obtained from the mentioned cases with two receive antenna elements.
As previously mentioned, when one-bit quantization is utilized, nearly half of the
samples are affected by interference due to radar parameters that cause non-coherent
interference, resulting in a loss of target information after quantization. Additionally,
the interference benefits from the processing gain provided by the multiple-receive
antenna configuration. This explains the approximate 6 dB decrease in SINR when
one-bit quantization is used in the presence of non-coherent interference compared to

the normal radar operation.

76



0.25 T T T T T

[ Infinite bit precision, no interference + 3D FFT

[ Infinite bit precisien, with NG Int + 30 FFT

[ One-bit quantization, with NG Int + 30 FFT
5 o2t [ One-bit quantization, with NG Int + neural netwerk + 3D FFT
i
Z
5]
Pl
45}
20151
w
@
[= %
E
i)
3]
w 01T
z
=
[4]
=]
6.9 0.05

1]
-10 1] 10 20 30 40 50

SINR

Figure 5.14: SINR comparison of provided cases with U = 2.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

In this thesis, we investigated machine learning methods for interference mitigation
and ghost target reduction in one-bit quantized SIMO FMCW automotive radars.
One-bit quantized ADCs have emerged as a viable solution to the high power con-
sumption and production costs associated with high-precision ADCs. However, the
non-linearity of one-bit radars introduces harmonic issues that complicate conven-
tional linear signal processing methods. Additionally, coherent interference exacer-
bates the harmonic problem due to its high power and target-like image. Conversely,
non-coherent interference raises the noise floor, thereby reducing the detectability of

actual targets.

In this work, we explored machine learning methods to reduce ghost targets and mit-
igate interference when one-bit ADCs are utilized. We began by investigating the
ghost target problem caused by one-bit quantization in the presence of coherent in-
terference and proposed a three-channel 2D U-net to address this issue. We com-
pared the proposed three-channel network with a single-channel network, evaluating
its generalization capacity and identifying its limitations. Following this, we exam-
ined the problem of noise floor increase caused by non-coherent interference in one-

bit quantization and discussed the corresponding simulation results.

Our findings demonstrate that utilizing a neural network for automotive radars with
one-bit quantization in the presence of coherent interference can significantly reduce
the number of ghost targets while maintaining minimal loss in detection performance,
regardless of the number of targets or their angular positions. Additionally, in the
presence of non-coherent interference, the proposed network can mitigate interfer-

ence in the time domain, bringing the SINR close to that of normal radar operation.
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In the future, this work can be enhanced by considering interference mitigation in the
presence of non-coherent interference in the frequency or time-frequency domains for
more comprehensive results. Additionally, developing a single neural network capa-
ble of handling both interference scenarios simultaneously, rather than using separate

networks, is another promising direction for future research.
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