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Abstract

With the development of sensor technologies, frequency-modulated continuous wave radars
have seen increasing applications in the automotive industry. Operating on the millimeter-
wave frequency bands, these radars offer stronger penetration capabilities through adverse
weather conditions than optical sensors such as cameras and lidars, and provide accurate
range and velocity measurements, making them a suitable choice for object detection tasks
in autonomous driving systems. These embedded systems possess stringent requirements
on the compactness and computational efficiency of the employed object detection models,
which have not been adequately addressed by existing works in the literature. Motivated by
the recent advancements in vision Transformers and the MetaFormer architecture, this thesis
explores the design of well performing yet compact radar object detection models based on
these novel architectures. A U-net shaped 3D Swin Transformer model is first developed
to effectively capture spatio-temporal radar features for improved detection performance.
Quantitative and qualitative analysis on the CRUW ROD2021 dataset demonstrate the ef-
fectiveness of the proposed architecture in modeling radar features and aggregating temporal
information. Building upon this, this thesis proposes mRadNet, a more compact radar ob-
ject detection model inspired by the MetaFormer architecture. In addition to the flexibility
of leveraging both convolution-based and attention-based token mixers, mRadNet incor-
porates efficient token encoding and decoding strategies to further reduce model size and
inference time, improving state-of-the-art performance on the CRUW ROD2021 dataset by

a considerable margin with 20% smaller model size and 60% lower inference latency.
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Chapter 1

Introduction

1.1 Introduction

Human errors are the leading cause of road accidents. In 2023, at least 62.9% of fatal col-
lisions in Canada were attributed to human error [I], as shown in Figure [1.1} Advanced
Driver-Assistance System ([ADAS)) technologies have been developed to assist drivers in per-
ceiving their surroundings and making driving decisions, thereby minimizing human errors
and improving traffic efficiency and safety. A critical component of [ADAS| Object Detection,
is the ability to accurately detect and localize road users and static objects in the vehicle’s

vicinity. It acts as the foundation for subsequent tasks including trajectory prediction and

100%
80% | g :
60% |- 2
40% | :
20% | )

0% ! ! ! ! !
2019 2020 2021 2022 2023

Year

Figure 1.1: Human error in fatal collisions. In Canada, human errors account for more than
60% of fatal collisions every year from 2019 to 2023.
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motion planning, and remains as one of the most challenging tasks in development.

With recent advancements in deep learning, significant progress has been made in object
detection using camera images. More efficient and accurate models have been proposed,
and the computational power of embedded systems has largely increased, making it feasible
for image-based object detection models to be applied in real-world applications. However,
image-based object detection still faces challenges in adverse weather and lighting conditions,
such as heavy rain, fog, and nighttime driving, their performance degrades significantly
when there is limited visibility since cameras heavily rely on ambient light to capture visual
information.

To address the limitations of image-based object detection, emission-based sensors such
as lidar have been increasingly adopted in systems. Lidar sensors emit scanning laser
beams and sample the reflection times in different directions to generate a 3D point cloud
representation of the surrounding environment, in which each point represents a reflection
from an object’s surface. Lidar sensors can operate effectively in low-light conditions since
they do not rely on ambient light. They also provide accurate depth information, which is
crucial for object localization. However, being an optical sensor, lidar suffers from some of
the same limitations as cameras in adverse weather conditions, such as heavy rain and fog,
where the laser beams can be scattered or absorbed by water droplets. Faulty sample points
(known as ghosts) can appear in reflective environments such as near glass buildings or wet
roads, leading to misinterpretation of the scene.

Radar sensors, on the other hand, operate at a much higher wavelength (typically in the
order of millimeters) than lidar and cameras and are therefore less affected by adverse weather
conditions. Radar signals also carry information about the speed of objects, which is not
available in lidar and camera data. While radar sensors have traditionally been used in low
resolution applications such as adaptive cruise control, recent advancements in Frequency-
Modulated Continuous-Wave (EMCWI]) radar technology have enabled the development of

high-resolution radar sensors, paving the way for their application in object detection tasks.



CHAPTER 1. INTRODUCTION 3

Still, radar object detection remains a challenging task due to radar signals being susceptible
to noise and the lack of texture information, in addition to the obscure nature of radar signals.
This puts forth the need for stronger object detection models that can effectively leverage
the unique characteristics of radar signals, while also being efficient enough to be deployed
in real-time applications.

In this thesis, a spatio-temporal radar object detection model is proposed based on 3D
Swin Transformers [2]. We demonstrate Swin Transformers’ effectiveness in modeling tem-
poral features and compensating for the noise and sparsity of radar signals. Furthermore, we
design a compact radar object detection model based on 3D MetaFormers [3], coined mRad-
Net, to improve the performance of the model proposed in [chapter 4] Benefitting from the
MetaFormer architecture, mRadNet achieves more accurate detection with a fraction of the
model size and inference time compared to Transformer-based models, making it suitable for
real-time applications. The proposed models are evaluated on the CRUW ROD2021 dataset
[4, 5], where mRadNet surpasses the state-of-the-art performance in terms of accuracy, model

size, and inference speed.

1.2 Motivation

Radar has seen increasing adoption in systems as a supplement to cameras and lidar,
but single-sensor radar object detection remains a challenging task due to reasons discussed in
section 1.1 Existing single-frame radar object detection models often struggle with the noise
of radar signals, leading to false positives and missed detections. These models also require
large model sizes to achieve acceptable performance, which leads to high inference latency
and limits their deployment in embedded systems. Motivated by this, we aim to develop a
radar object detection model that is less susceptible to signal noise, while maintaining a small
model size. Input / output latency and inference latency is also taken into consideration, as

it is crucial for the safety and reliability of [ADAS] systems.
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1.3 Thesis Contributions

Our contributions are as follows:

We show that by leveraging temporal features, Swin Transformers can effectively model
the spatio-temporal characteristics of radar signals, leading to improved object detec-

tion performance.

e We propose a MetaFormer-based radar object detection model, mRadNet, that achieves
state-of-the-art performance on the CRUW ROD2021 dataset with a significantly
smaller model size and lower inference latency compared to existing Transformer-based

models.

e We introduce more efficient token encoding and decoding strategies in mRadNet to

facilitate the effectiveness of token mixers and the model’s compactness.

e We compose a conference paper [0] based on the work presented in [chapter 5, and

release the source code for public access: €) huaiyu-chen/mRadNet.

1.4 Thesis Outline

The remainder of this thesis is organized as follows:

. provides background information on relevant topics. Fundamental concepts
and techniques in [FMCW] radar signal processing, deep learning and object detection

are introduced.

. provides a review of literature in relevant areas including object detection

using images and radar signals.

° proposes a spatio-temporal radar object detection model based on 3D Swin

Transformers. The backbone architecture is described, followed by the addition of


https://github.com/huaiyu-chen/mRadNet

CHAPTER 1. INTRODUCTION )

temporal modeling capabilities through 3D Attention layers, and the design of the
output space. Experiments are conducted to evaluate the performance of the proposed
model. Results are analyzed via case studies and visualizations to reveal the strengths

and weaknesses of the model.

. designs a compact radar object detection model aiming to improve the per-
formance of the previous model and address issues found in [chapter 4 The overall
architecture is described, and token encoding and decoding strategies are presented,
along with the choice of token mixers. Experiments are conducted to evaluate the per-
formance of the proposed model, and comparisons are made with the model proposed
in and other state-of-the-art models to demonstrate the effectiveness and

efficiency of the proposed model.

. concludes the thesis and suggests potential directions for future work.



Chapter 2

Background

This chapter provides the necessary background information on the topics relevant to this
thesis. It covers the principles of EMCW] radar, deep learning, and object detection, which

are essential for understanding the subsequent chapters.

2.1 FMCW Radar

2.1.1 Radar Signal Processing

Radar, acronym for radio detection and ranging, have seen long-established use in various
applications, from military to civilian. As its name suggests, radars emit radio waves to

detect objects and measure their distance with the echo signal. Depending on the emitted

signal, radars can be classified into different types, as shown in [Figure 2.1| [7].

Active Radar

N

Pulse
Modulated \

(FMCW) Unmodulated

Figure 2.1: Types of radar systems. Passive radars are not shown here.
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Figure 2.2: Doppler effect in continuous wave radar. The frequency of the received signal is
shifted based on the relative velocity of the target.

Pulse Radar

Pulse radars emit short bursts of radio waves and measure the Time of Flight (ToF]), or the
time it takes for the signal to travel to the target and back. Given that radio waves travel

at the speed of light, the distance to the target can be calculated as shown in [Equation 2.1}

c- At
2

d= (2.1)

where d is the distance to the target, c is the speed of light, and At is the [ToFl Pulse radars
are typically Single Input Single Output (SISQ)) sensors, using only one set of transmitter
and receiver, which means that the radar can only measure the distance to one target at
a time. In aviation and maritime applications, pulse radars overcome this limitation by
rotating the antenna, allowing the radar to scan a wide area and detect multiple targets
sequentially, and the velocity of the targets can be estimated based on the displacement of
the targets between scans. However, this scheme is not suitable for applications that require

real-time tracking of multiple targets, such as in automotive applications.

Continuous Wave Radar

Continuous Wave ([CWI) radars, on the other hand, emit a continuous wave signal to detect
objects. Unmodulated radars measure the frequency shift of the received signal caused

by Doppler effect to detect the velocity of moving objects, as shown in The
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Tx antenna
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i 4
Rx antenna
» Output

Mixer

Figure 2.3: Diagram of an [SISOI[FMCW] radar system. The received signal is mixed with
the transmitted signal to generate the [[E] signal.

Doppler shift is given by [Equation 2.2|
fa= 2vi (2.2)
c

where f; is the Doppler frequency shift, v is the relative velocity of the target, f is the
frequency of the transmitted signal, and ¢ is the speed of light. Unmodulated radars
are also called Doppler radars due to their reliance on the Doppler effect. They can measure
the velocity of moving objects, but they cannot measure the distance to the target, as the
received signal is continuous and does not provide information about the [ToFl To overcome

this limitation, FMCW] radars were developed.

FMCW Radar

[EMCW] radars are radars with frequency modulated signals, which means the frequency
of the transmitted signal changes over a period of time known as a chirp. Different modula-
tion schemes can be used to generate the chirp, such as sine wave, sawtooth wave, triangular
wave, square wave, etc., with the most common being sawtooth wave and triangular wave.
For the sake of illustration, we only consider the sawtooth wave due to its simplicity. A
group of consecutive chirps is called a frame.

In [FMCW] radars, a device called a mizer is used to mix the received signal with the

transmitted signal, generating an Intermediate Frequency (IF]) signal, as shown in [Figure 2.3

[8]. For a transmitted signal with frequency fr and phase ¢7, the received signal with
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Figure 2.4: Chirp signals in FMCW]radar systems. The M transmitted signal is mixed with
the [ received signal to generate the ' [ signal.

frequency fr and phase ¢, the [[F]signal is given by

fir = fr— fr
¢IF - ¢T_¢R

(2.3)

where frr is the frequency of the [ signal, and ¢; is the phase of the [Flsignal. Given that
the received signal can be seen as a delayed version of the transmitted signal, the [ signal
should have constant frequency, as shown in [Figure 2.4l Note that the Doppler shift f; is
not considered here, as it is negligible compared to the frequency of the transmitted signal.

FMCWIradars emit radio waves in a continuous manner, so the [ToF] cannot be measured

directly as in pulse radars. Instead, the [Tol]is estimated based on the frequency of the [EF]
signal and the slope of the chirp signal. The [ToFlis given by [Equation 2.4]

_ fir
at=1E (2.4)

where At is the[ToF], f; is the[[Elsignal frequency, and S is the slope of the chirp signal. If we
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substitute At in we get the distance to the target R as shown in [Equation 2.5|

c- fir

f=—g

(2.5)

Note that in a known [EMCW] radar system, the distance to a target R is only dependent on
the frequency of the [El signal f;r. When multiple targets at different distances are present,
the [[F] signal is a superposition of multiple sinusoidal signals with different frequencies.
Therefore, each target is represented by a peak at a specific frequency in the [ signal’s
spectrum.

The Doppler effect is used in radars to measure the velocity of moving objects.
In [EMCWI radars, however, the Doppler shift is not significant enough compared to the
frequency of the transmitted signal. Consider a 77 GHz millimeter wave radar with a chirp
time 7, = 40ps and a slope S = 50MHz/us, an object moving at v = 20m/s produces a
Doppler shift f; = 21)% = 513Hz and a change in IF signal frequency of Af;p = 25% =
267Hz, which are not discernible in the [F] signal spectrum. The phase of the [ signal,
however, is very sensitive to small target displacements between chirps.

Recall that phase of the [F] signal is the difference between the phase of the transmitted
signal and the phase of the received signal, given by [Equation 2.3l When the object moves

at speed v, the phase of the transmitted signal is invariant, and the phase change of the

received signal is given by |[Equation 2.6|

Ay QWZAR _ 4mT,
A A (2.6)
VAN '
 ArnT.

where A¢pg is the phase change of the received signal, AR is the displacement of the target,
and A is the wavelength of the transmitted signal. Going back to the aforementioned example,
the phase change of the received signal is A¢r = 2.58 = 148°.

Similar to distance measurement, the velocity of a target can be represented by a peak
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Figure 2.5: The 2D Fourier transform process. The first transformation is performed on the
[E signals to acquire the target distance R. The[[Elspectra have peaks at the same frequency
(insensitive to target distance), but the phase is different. The second transformation is
performed on the phases from different chirps to acquire the target velocity D.

on the frequency domain, as shown in [9]. Given that the velocity of a target is
proportional to the derivative of the phase of the[Fsignal, a Fourier transform can be applied
to the spectra of the [[Flsignals from different chirps. The result is a two-dimensional matrix,
where the first dimension represents the frequency of the [l signal, and the second dimension
represents the frequency of the phase change. A peak in this matrix indicates the presence
of a target at a specific distance and velocity. This matrix is called the Range-Doppler (RDI)
matrix.

The above text describes the basic working principle of a [SISOI[FMCW] radar system. It
is capable of measuring the target distance and velocity, but the direction of the target, or
Angle of Arrival ([AcAl), cannot be measured. Recall that small displacements of the target
cause a phase change of the [[F] signal. With multiple receiving antennas, the [AoAl can be
estimated based on the distance difference from the antennas to the target, as shown in

[AQAl estimation requires at least 2 receiving antennas arranged in a horizontal array.

Received signals from different directions introduce a path length difference for the antennas,
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Figure 2.6: [AoAl estimation in multiple input radar systems. Each antenna in the
array measures a different distance to the target, which corresponds to a different phase of
the[F signal. These radar systems are also known as 3D radars. Note that distance between
antennas is negligible compared to the target distance.

which results in a phase difference between the [F] signals, given by

2mdsin 0
Agp = 0T
[ Agp) 27)
0 = arcsin
2md

where d is the distance between the antennas, € is the [AoAl of the target, and ) is the
wavelength of the transmitted signal. In order to obtain the maximum [AcA] measurement
range of :E%ﬂ', the distance between the antennas must be less than half of the wavelength of
the transmitted signal, i.e. d < %, to avoid phase ambiguity. Note that the pitch angle of the
target cannot be measured with horizontal arrays. In order to obtain a full 3D representation
of the target and to increase the resolution, a 2D array with more antennas is required to
form a 4D radar system (i.e., range, speed (Doppler), azimuth angle, and elevation angle),
but for the sake of this thesis we only consider 3D radars (i.e., range, speed (Doppler), and
azimuth angle). Similar to velocity measurement, the [AoAl of the target can also be acquired

with a Fourier transform, either on the raw [F] signals or on the [RDl matrice. This process

will be discussed in more detail in [subsection 2.1.2
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Figure 2.7: Radar data representations. Three [FEFTk are applied to the three axes of the
IADCl matrix to produce the [RADI cube.

2.1.2 Radar Data Representations

In [subsection 2.1.1 we showed that a multiple input [FMCW] radar system can measure

the distance, velocity and [AgA] of targets. These measurements are estimated from the [[E]
signals from each antenna, which contains a fixed number of chirps sampled by an Analog-to-
Digital Converter (ADC]) and converted into a digital signal. In deep learning applications,
the raw signals are arranged into a 3D matrix, with its three dimensions representing
the number of samples in each chirp, the number of chirps in a frame, and the number of
antennas in the array, as shown in

Recall that the three measurements, distance, velocity, and [AcAl can be represented by
peaks in the frequency domain. Therefore, Fast Fourier Transforms (FETk) can be applied
to each axis of the matrix to extract these measurements. The Range{FFT]is applied
to the samples axis to extract the distance information, the Doppler{FF1] is applied to the

chirps axis to extract the velocity information, and the Azimuth{FFT] is applied to the
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antennas axis to extract the [AoAl information. The result is a 3D matrix called the Range-
Azimuth-Doppler (RADI) cube, where each point in the cube represents the response at a
specific distance, velocity, and [AcAl Note that it is not always required to apply all three
[FLTE to the matrix, as some applications may not require all three measurements, and
deep learning models can also work with data in the time domain. Apart from the
cube, use of Range-Azimuth (RA]) maps (from RangelFFT] and Azimuth{EFET]), as well as
maps (from RangelFFT] and DopplerdFET]) are also commonly seen in works from the
literature. Some works have also explored the possibility of extracting information directly
from raw data with deep learning models.

Following the success of lidar object detection, the point cloud representation of radar
data has also been explored in the literature. A detector (usually based on thresholding)
is applied to the cube to determine the presence or absence of targets. Points with
high response values are extracted, while low response values are discarded. The result is
an array of detected points known as a point cloud, where each point is associated with
attributes such as intensity, velocity, etc. While this representation benefits from existing
point cloud processing techniques, loss of information is inevitable, and the number and
location of points across frames are largely affected by factors such as noise, even when the
target is stationary. In this thesis, we will not consider point cloud representations, but

rather focus on frequency domain representations mentioned above.

2.2 Deep Learning

Over the last decade, deep learning has emerged as a dominant paradigm in machine learn-
ing, revolutionizing various fields such as computer vision, natural language processing, and
speech recognition. Laying its foundations on the human brain’s neural architecture, deep
learning leverages Neural Networks (NNK) to model statistical patterns in data, enabling

machines to perform tasks on unseen data without explicit programming. [NNk are com-
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posed of nodes, or neurons, organized in layers, and connected by weighted edges. Each
node takes the sum of weighted inputs (real value) from preceding nodes, and applies a
non-linear activation function to produce an output. A simplest form of [NN]is described in

Equation 28
Z = AWX +0) (2.8)

where W and b are the weights and bias, X is the input, Z is the neuron’s output, and A(-)
is a non-linear function called activation function. The weights and the bias together form
the model’s parameters, which define the model’s behavior. When the activation function is
a step function, represents a Perceptron, the earliest form of NNl Introduced
by Frank Rosenblatt in 1958 [10], the Perceptron laid the groundwork for more complex
architectures, but it was limited to linearly separable problems. The limitations of the
Perceptron led to the development of Multi-Layer Perceptron (MLPI), which introduced
hidden layers and non-linear activation functions, allowing for the modeling of more complex
relationships in data.

The model’s parameters are initialized randomly. For the model to learn from a known
set of data, a process called training is performed, in which the model’s parameters are
optimized through backpropagation [11]. Backpropagation is an optimization method that
computes the gradient of a loss function with respect to the model’s parameters using the
chain rule, to minimize the difference, or loss, between the predicted output and the expected
output.

Consider the single layer [NN| in [Equation 2.8 In each iteration, a random subset of
the training data, or a batch, is passed through the network to generate the output, and a
loss function L is used to measure the loss between the predicted output and the expected

output. The gradient of the loss function with respect to the weights and bias are calculated
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as shown in [Equation 2.9|

oW 0A 07 oW (2.9)

It is worth noting that the gradients depend on the derivatives of the activation function A
and the loss function L, requiring these functions to be differentiable globally. The design of
these functions is critical for the model’s performance, since their gradients are then used to

update the model’s parameters in the opposite direction of the gradient, scaled by a learning

rate «, as shown in [Equation 2.10]

W<—W—oz-a—L
ow
(2.10)
b%b—ow@—L
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This process is repeated for multiple iterations, until the model converges to a set of param-
eters that minimize the loss function, effectively learning from the training data.

[MLPE were also referred to as Fully Connected Networks (ECNk) due to their dense con-
nection between layers. Early [FCNk were limited to shallow architectures with small number
of neurons, because their parameter size grows exponentially with the number of layers and
neurons, making them computationally expensive and prone to overfitting, but these limita-
tions would be largely addressed by the emergence of Convolutional Neural Networks (CNNK)
[12].

2.2.1 Convolutional Neural Networks

ICNNlwas inspired by a preceding work in neuroscience, where the visual cortex of animals was
observed to contain neurons that respond to stimuli in a localized region of the visual field,

known as the receptive field. As its name suggests, [CNNk are built around the convolution

operation. |[Equation 2.11| provides the mathematical definition for a 2D discrete convolution
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Figure 2.8: 2D Convolution. A 3 x 3 convolution kernel is applied to a 4 x 4 input matrix,
producing a 2 x 2 output matrix. In each step, the kernel slides over the input matrix, and
computes the weighted sum of the input values within the kernel’s receptive field.

operation.

(frg)lryl =D > flijlgle —iy—j) (2.11)

i=—00 j=—00
where f and ¢ are two 2D discrete functions. In each layer, a convolution kernel with
learnable parameters is convolved over the input data, computing a weighted sum of the
input values within the kernel’s receptive field, as shown in [Figure 2.8l The same kernel is
reused across the entire input, based on the prior knowledge that images are shift invariant.
Such convolution layers can be cascaded to form a hierarchical structure, where the effective
receptive field of a kernel expands as information propagates through layers, allowing the
model to learn increasingly complex features from the input data.

Since its introduction, have become the de facto architecture for computer vision
tasks. The success of can be attributed to their scalable and lightweight architecture,
allowing them to learn hierarchical features from high-dimensional data, while significantly

reducing the number of parameters compared to [FCNk.

2.2.2 Transformers

While [CNNk have dominated computer vision tasks, a new architecture called Transformers

has emerged as a powerful alternative [I3]. Transformers were first introduced in the con-
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text of Natural Language Processing (NLP)) to address the limitations of Recurrent Neural
Networks (RNNE) in modeling long-range dependencies in sequential data and parallelizing
training, but their success has led to their adoption in various domains, including computer
vision.

Transformers are built around the attention mechanism. Inspired by the human cognitive
process of focusing on relevant information, the attention mechanism allows the model to
weigh the importance of different input elements on a global scale, rather than relying on

local receptive fields as in [CNNk. The Scaled Dot Product Attention ([SDPA)) used in the

original Transformer architecture is given by |[Equation 2.12]

Attention(Q, K, V) ft (QKT) V (2.12)
ention(Q), K, V) = softmax (| —— .
Vdy

where ), K, and V are inputs known as query, key, and value respectively, usually acquired
from features with learnable linear projections, and dj, is the dimension of the key vector.
By computing the dot product between () and K, an attention score is obtained, which
is then normalized using the softmax function to produce a probability distribution. This
distribution is then used as weights for the values V', allowing the model to focus on relevant
information from the input. When @), K, and V are derived from the same input, the
attention mechanism is referred to as self-attention, otherwise it is referred to as cross-
attention.

Despite its ability of global dependence modeling, the above attention mechanism is not
without limitations. It is prone to overfit unwanted patterns in the input, e.g. a token’s
relation with themselves or with special tokens added to facilitate training. To alleviate this
issue, a technique called Multi-Head Attention (MHAI) is commonly used, where multiple

attention mechanisms, known as heads, are applied on different subspaces of the input, and
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their outputs are concatenated, as shown in [Equation 2.13|

MultiHeadAttention(Q, K, V') = Concat (head,, . . ., head;,) W (213)
2.13

head; = Attention(QW=, KWK vivY)

where W2, W/ and W) are learnable linear projections to transform the query, key, and
value to their different subspaces, respectively. The outputs of all heads are concatenated and
projected by a learnable matrix W to produce the final output. This technique can be seen
as a form of ensemble learning, where each head is a weak learner that focuses on different
subspaces of the input, and their outputs are combined to form a stronger representation.

Transformers employ a hierarchical architecture, where the modules, or Transformer
blocks, can be stacked to form a deep network. A typical form of a Transformer Block is
shown in [Figure 2.9

A Transformer Block consists of two cascading components: an attention layer and a
Feed-Forward Network (EFN), each of which takes a normalized input and learns the residual
between the input and the output. This approach, known as residual learning, was first
introduced by ResNet. It allows the model to focus on the difference between the input and
output, and helps to alleviate the vanishing gradient problem in deep networks.

The attention layer is used to model the global dependencies in the input. At a high level,
it allows information exchange between different tokens by “mixing the tokens”, effectively
acting as a token mixer. However, the attention layer does not provide non-linearity, since
its output is the linear product of the input and a weight matrix. Thus the [FFNlis used to
introduce non-linearity and prevent the model from collapsing to a linear function.

Vision Transformer (ViT) [I4] is a notable example of Transformer-based architectures
in computer vision. It treats images as sequences of tokens, similar to how Transformers
process text. Each token is concatenated with a learnable positional embedding to retain
spatial information, and the resulting sequence is fed into an encoder consisting of multiple

Transformer blocks. The output of the encoder is then used for various tasks, such as image
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Figure 2.9: Transformer architectures. The left side shows the structure of a Transformer
block. Note that the block shown here uses a Pre-Norm configuration commonly used by
modern Transformer architectures, instead of the original Post-Norm configuration. The
right side shows two examples of Transformer-based architectures in computer vision: ViT
and MetaFormer.
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classification or object detection. ViT was the first to show that Transformers can be used as
a general-purpose architecture for computer vision, and it paved the way for the development
of other Transformer-based vision architectures.

MetaFormer [15, 3] on the other hand, is a more recent architecture that extends the
Transformer concept to a more general form. It argues that the success of Transformers
is mainly attributed to the overall architecture instead of the attention mechanism, and
by replacing the token mixer with any other operation that can mix tokens, e.g. pooling,
the model can still easily surpass various and Transformer-based architectures. The

MetaFormer architecture will be discussed in more detail in [section 5.1l

2.3 Object Detection

Over the past decades, object detection has remained a central problem in computer vision,
with applications ranging from security surveillance to autonomous driving [16]. Object
detection refers to the task of determining where objects are located in an image (object
localization) and identifying what those objects are (object classification). Intuitively, object
detection can be achieved by solving these two sub-problems: localization and classification
[17].

The location of an object can be represented in various ways, such as coordinates of the
object center, a box surrounding the object (a bounding box), or a segmentation mask that
delineates the object shape. The center point representation describes the location of an
object with an (z,y) coordinate, it is often used in tasks where the shape or the size of the
object is not critical, such as in human pose estimation or object tracking. The bounding
box representation describes the location of an object with a rectangle defined by its top-left
corner (Tmin, Ymin) and bottom-right corner (2,02, Ymaz) coordinates, or alternatively by its
center point (z,y) and width and height (w,h). This representation is commonly used in

most object detection tasks. The segmentation mask representation is often categorized to a



CHAPTER 2. BACKGROUND 22

more fine-grained task called image segmentation, which is closely related to object detection
but not the main focus of this thesis.

The classification of an object involves assigning a label to the detected object, which
can be a single class label (e.g., “car”, “pedestrian”, “bicycle”) or multiple labels in the case
of multi-label classification. Usually, a fixed set of classes needs to be defined, on which the
model is trained and evaluated, but unseen classes can also be detected using techniques like
few-shot learning or zero-shot learning. Traditionally, features of an object were extracted
using handcrafted methods, and statistical classifiers were used to generate a hyperplane
that separates the feature space into classes. However, with the advent of deep learning,
neural networks have become the dominant approach for object detection, allowing for end-
to-end learning of both feature extraction and classification. The outputs of neural network
classifiers are usually a posterior probability distribution over the classes, or confidences.

When treating object detection as a combined task of localization and classification, the
latter seems to have dependencies on the former. The most intuitive way of solving the
problem is to follow a two-stage approach, by localizing the objects first and then classifying
them. Each stage needs to extract their own features since localization and classification
requires different features on different scales. With the introduction of neural networks,
however, the ability of automatic feature extraction has enabled two-stage methods to share
the same feature extraction network, significantly reducing the computational cost. Going
further, one-stage methods generate a class probability distribution over the entire image
instead of for each object, thus removing this dependency and parallelizing the two tasks to
achieve even faster inference [16]. In we will discuss the two-stage and one-stage
object detection methods in more detail, including their architectures and how they handle

the localization and classification tasks.
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Related Works

This chapter provides an overview of related works in the field of object detection, focusing
on both image-based and radar-based approaches. Representative methods and their contri-
butions to the field are discussed, highlighting the evolution of techniques and the integration

of radar data with image-based object detection.

3.1 Object Detection using Images

Recent advancements in deep learning have brought significant improvements to object de-
tection in robustness, accuracy and speed. Deep learning-based object detection methods
can be broadly categorized into two main approaches: two-stage detectors and one-stage
detectors. In this section, we will explore the ideologies behind these approaches, their

architectures, and the key models that have shaped the field.

3.1.1 Two-Stage Methods

After AlexNet [I8] brought the field of computer vision into the [CNN] era, the first signif-
icant advancement in object detection was the introduction of two-stage methods. These

methods try to split the object detection problem into two sub problems: object localization

and classification. As shown in [Figure 3.1 (a)| two-stage methods typically consist of two

23
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Figure 3.1: Comparison of one-stage and two-stage object detection methods. One-stage
methods predict bounding boxes and class probabilities directly from the feature map, while
two-stage methods first generate region proposals and then classify them.

main stages: the first stage (usually a Region Proposal Network (RPN))) generates a set of
candidate object proposals, and the second stage (the classification head) classifies these pro-
posals into specific object categories. By framing the detection as a “coarse-to-fine” process,
two-stage methods focus on Regions of Interest with high potential for containing
objects, allowing for more accurate classification and localization in complex scenes, but at
the cost of increased computational complexity and inference time.

R-CNN (Region Based Convolutional Neural Network) [19] was one of the first models to
demonstrate the effectiveness of deep learning in object detection, and also paved the way for
subsequent two-stage methods. R-CNN follows a simple yet effective pipeline: it first uses a
selective search algorithm to generate around 2000 region proposals from the input image,
then extracts features from these regions using a pre-trained (e.g., AlexNet), and finally
classifies each region using a set of support vector machines (SVMs). R-CNN also employs
bounding box regression to refine the localization of the detected objects. However, R-CNN is

computationally expensive due to the need to run the CNN on each proposal separately. The
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feature extractor and the classifier also need to be trained separately, rendering it inefficient
for large datasets.

Fast R-CNN [20] improves upon R-CNN by sharing the computation of the CNN across
all region proposals. Instead of cropping the regions and running the CNN on each one, Fast
R-CNN feeds the entire image through the CNN once to obtain a feature map. It then uses
a [Roll pooling layer to extract fixed-size feature vectors for each proposal from the feature
map. This significantly speeds up the detection process and allows for end-to-end training
of the model. Fast R-CNN also introduces a multi-task loss function that jointly optimizes
classification and bounding box regression. With these improvements, Fast R-CNN achieves
state-of-the-art performance with faster training and inference times, and the bottleneck falls
on the region proposal generation step.

Faster R-CNN [21] takes a further step by introducing a that shares the convo-
lutional features with the detection network. The [RPN]is a small network that predicts
objectness scores and bounding box coordinates for a set of anchor boxes at each spatial
location in the feature map. The [RPN] generates region proposals directly from the feature
map, eliminating the need for an external proposal generation step like selective search. This

allows Faster R-CNN to achieve real-time performance while maintaining high accuracy.

3.1.2 One-Stage Methods

YOLO (You Only Look Once) [22] emerged as the first one-stage object detection framework.
As a contemporary of Fast R-CNN, YOLO tries to remove R-CNN’s bottle neck from another
perspective. Instead of using a dedicated algorithm or network for bounding box candidate
generation, YOLO starts from a set of predefined center points, and predicts the candidates’
size and displacement from these centers. Specifically, the input image is first divided into
S xS grid cells. For each cell, the network generates B bounding boxes, each represented by
a vector of (z,y,w, h, confidence), where x and y are displacements from the block center,

and w and h are the bounding box size. The network also needs to classify each block into
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one of C' categories. The final output is a S x S x (B x 5+ (') tensor. Not only does
this approach eliminate the need for a separate proposal generation step, but it also allows
for end-to-end training of the entire network. YOLQ’s architecture is designed to be fast
and efficient, making it suitable for real-time applications. However, YOLO’s grid-based
approach can struggle with small objects and overlapping bounding boxes, as it may assign
multiple objects to the same grid cell.

Over the years, YOLO has undergone numerous iterations, with each version improving
upon the previous one in terms of accuracy and speed. YOLOv2 [23] introduced anchor
boxes to address the issue of bounding box regression, allowing the model to predict multiple
bounding boxes per grid cell. YOLOv3 [24] further improved the architecture by integrating
Feature Pyramid Network (EPN) [25] to detect objects at different scales, and introduced
a multi-label classification approach to handle overlapping classes. Variants of YOLO have
continued to achieve state-of-the-art performance in object detection benchmarks, and have
since been widely adopted in various applications.

In recent years, Transformers have deeply influenced the field of computer vision, includ-
ing object detection. DETR (DEtection TRansformer) [26] is a pioneering one-stage model
that applies the Transformer architecture to object detection tasks. DETR uses a conven-
tional backbone for preliminary feature extraction, and then applies a Transformer
encoder-decoder architecture to predict a fixed number of object bounding boxes and class
labels. The Transformer decoder takes the encoded features and a set of learnable object
queries as input, and outputs a set of predictions that either correspond to an object or a
“no object” class. A novel bipartite matching loss is used to match the predicted boxes with
the ground truth boxes. By treating object detection as a direct set prediction problem,
DETR eliminates the need for multiple components in previous models that encode prior
knowledge, including anchors and Non-Maximum Suppression (NMS). This approach en-
ables end to end training of the entire model, and significantly reduces the computational

complexity of the detection process, However, it also results in an increased training time
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due to the absence of semantic guidance from anchors, as well as the difficulty in learning the
object queries. DETR also struggles to detect small objects since the feature maps produced
by the CNN backbone are heavily downsampled. Nevertheless, DETR has demonstrated
impressive performance on various object detection benchmarks, and has since inspired a
new wave of one-stage object detection Transformers such as Deformable DETR [27] and

RT-DETR [25).

3.2 Object Detection using FMCW Radar Signals

3.2.1 Datasets

Dataset Year Radar type Data format Labels Size

CARRADA [29) 2020 FMCW RA, RD, RAD 2D boxes 13k frames
RADIATE [30] 2020 Pulse RA* 2D boxes 44k frames
CRUW (ROD2021) [4, 5] 2021 FMCW RA 2D points 41k frames
RADDet [31] 2021 FMCW ADC, RAD 2D boxes 10k frames
Radlal [32] 2021 FMCW ADC 2D boxes 8k frames
Boreas [33] 2022 Pulse RA* 3D boxes Tk frames

Table 3.1: Comparison between 2D radar object detection datasets. Datasets that only
provide radar point cloud are not included. The size of the dataset does not include frames
with no annotations. *2D tensors with no speed information.

The autonomous driving community saw a boom in datasets for object detection in the
last few years, with the emergence of nuScenes [34], one of the first multimodal autonomous
driving dataset. While nuScenes only provides radar point clouds, it has been a great source
of inspiration for the radar community, leading to the creation of several datasets that provide
radar data in different formats. [Table 3.1] lists some of the most relevant datasets for 2D
object detection using radar signals. RADIATE [30] and Boreas [33] are datasets collected

using a scanning pulse radar, while the others use FMCW radars. As previously discussed in

lsubsection 2.1.1} while scanning pulse radars provide a 360-degree view of the environment,

they do not carry speed information, which is crucial for autonomous driving applications.
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They are also less seen on recent production vehicles since their mounting position is limited
to the top of the vehicle, which is not ideal for the design of modern vehicles. CARRADA
[29], RADDet [31] and Radlal [32] are three datasets that provides flexibility in the choice of
the detector’s input format, with CARRADA providing [RA] and tensors, and the
other two providing raw signals which can be processed into other formats accordingly.
However, the sizes of these datasets are relatively limited.

The CRUW dataset [4, [5] is one of the largest dataset for 2D object detection using
FMCW radar signals, containing 400k synchronized frames of camera images and radar [RA]
tensors sampled at 30Hz. The dataset is collected in various urban and suburban envi-
ronments including highways, parking lots, and residential areas. Daytime and nighttime
conditions are both covered, but adverse weather conditions such as rain and snow are not
included. A small subset of the CRUW dataset containing 41k annotated frames (40 se-
quences) and 11k unannotated frames (10 sequences), is made public through the ROD2021
challenge (thus referred to as CRUW ROD2021 dataset). An illustrated overview of the
dataset is shown in Two perpendicular 77 GHz FMCW radars are mounted on
the top of the vehicle, calibrated and synchronized. The collected radar data is processed
into [RAl tensors, with each tensor containing 128 range bins and 128 azimuth bins, covering
a field of view of +90° in azimuth and 1 to 25 meters in range. Each radar frame consists
of 255 chirps, but only chirps 0, 64, 128, and 192 are provided in the dataset, resulting in a
data shape of 4 x 128 x 128 x 2, where the last dimension represents the real and imaginary
components. Annotations are provided in the form of 2D object center points with a class

label of pedestrian, cyclist, or vehicle. The spatial distribution of the object samples from

the annotated subset is visualized in [Figure 3.3

3.2.2 Evaluation Metrics

At a high level, 2D object detection from radar signals shows resemblances with 2D object

detection from images, with both tasks aiming to localize and classify objects in a 2D plane.
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Figure 3.2: Overview of the CRUW dataset. The annotated subset of CRUW ROD2021
dataset is used in this thesis for training and evaluation. Camera images are only used for
visualization purposes. Radar data is provided as [RAl tensors.
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facing upwards.



CHAPTER 3. RELATED WORKS 30

Thus, the evaluation of 2D radar object detectors shares some common metrics with image-
based detectors, with the most prevalent metrics designed around the Intersection over Union
(IoUl) measurement. [oU] measures how close the object prediction is to the ground truth,
and takes into account the area of the ground truth and the prediction. Given the ground

truth area of an object Sy and the predicted area of the object S,, the [[oUl is defined in

Equation 3.1}

I
I

The [oUl of any two areas should be between 0 and 1, with 0 meaning no overlap and 1
meaning perfect overlap. The larger the [oU], the better the prediction is. are usually
thresholded to determine whether a prediction is a match or a miss, higher threshold means
a stricter evaluation, and vice versa.

With the predictions and ground truths associated through [oUl thresholds, the bounding

boxes (either predicted or ground truth) can be split into the following three exclusive sets:

e True Positive (TP)): correct detections, bounding boxes that present a match be-

tween a prediction and a ground truth;

e False Positive (EP]): incorrect detections, bounding boxes that are predicted but do

not match any ground truth;

e False Negative (ENJ): missed objects, ground truth bounding boxes that do not have

any matching prediction.

Note that predictions with low confidence should be discarded, thus not included in TP
or FP. Although the concept of True Negative ((TN)) exists in classification tasks, it is not

applicable in the context of object detection since it is pointless to consider bounding boxes
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that neither represent an object nor a prediction. It also will not be needed in the calculation

of the following two metrics, precision and recall, as shown in [Equation 3.2}

_ TP _|TP|
- |TP|+|FP| |DT|
92
TPl |TP (3.2)

" |TP|+|FN|  |GT|

where P and R are precision and recall, DT and GT are the set of detections and the
set of ground truths, respectively. The two metrics are often used together to evaluate the
performance of a detector, with high precision indicating that the detector is good at making
correct predictions, and high recall indicating that the detector is good at finding all objects
in the scene.

When looking into the calculation of precision and recall, one may notice that the two
metrics depend heavily on the predetermined confidence threshold. As the confidence thresh-
old decreases, the number of [TP] is bound to increase, leading to a higher recall, while the
precision is likely to decrease as [FP| has a much higher potential to increase than [TPl This
negative correlation between precision and recall is often visualized in a PR curve, an example
of which is shown in

The PR curve is a plot of precision against recall, with the confidence threshold as
the parameter. Area Under Curve (AUC) is often used to summarize the performance of
a detector, with a larger [AUC] indicating higher precision with higher recall, thus better
performance. In practice, the curve is often interpolated to obtain a monotonic shape for
less calculation complexity. This metric is referred to as Average Precision (AP)) in literature,
and is the most widely used metric for evaluating object detectors. It is worth noting that
different datasets may have slightly different definitions for [AP] e.g. the MS COCO dataset
[35] defines [AP] as the average of [AP] at different [[oU] thresholds, from 0.5 to 0.95 with a
step of 0.05. Since [AP]is calculated for each class separately, the overall performance of a

detector is often summarized by mean Average Precision (mAP]), the mean of [AP] across all
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classes. An Average Recall (AR]) and mean Average Recall (mARI) metric is also defined in
a similar manner.

For radar object keypoint detection problems, however, the [[oUl metric is not applicable
since no bounding boxes are involved. In [4], 5], an Object Localization Score (OLS]) metric

is defined as an alternative to [oUl to describe the similarity between two detections, with

considerations unique to the radar domain. The [OLS| metric is defined in |Equation 3.3|

OLS = exp (_—dz) (3.3)

(S/chs)z

where d is the distance between two points, s is the object distance from the radar, and £
is a class-specific constant that represents the error tolerance for class cls, manually tuned
to make distributed between 0 and 1. is more tolerant to distant objects than
close objects, a property tailored for evaluating sensing systems, since objects closer
to the ego vehicle are more relevant to the detector. In [4, 5], the [APlis therefore calculated
based on instead of [oU], and averaged on different thresholds from 0.5 to 0.9 with
a step of 0.05, similar to the COCO [AP] metric.

3.2.3 Methods

Traditionally, radar object detection has been tackled using classical signal processing and
machine learning techniques in a multi-stage pipeline. Due to the low resolution and noisy
nature of radar signals, heuristic methods are often employed to first remove clutter and noise
from the radar data, followed by a clustering algorithm, either model-based or learning-based,
to group the positive responses into clusters representing different objects. An additional
classification step is often needed to classify the detected objects into different categories.
Constant False Alarm Rate (CEAR]) [36] stands as the most widely used method for discrimi-
nating between noise and object responses in radar signals. For every Cell Under Test (CUT]),

[CFAR] estimates the noise level from a selection of reference cells in the neighborhood, and
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Figure 3.5: [CEARI algorithm. The &0 [CUT] is evaluated against a dynamic threshold cal-
culated from the B reference cells in the neighborhood. B Guard cells are used to avoid
spectral leakage from the [CUTI

calculates a dynamic threshold based on the estimated noise level and a predefined false
alarm rate. If the response in the exceeds the threshold, it is classified as an ob-
ject response; otherwise, it is classified as noise. The algorithm can be described as

CA-CFAR (Cell Averaging [CFAR]) is one of the simplest and most commonly used vari-
ants of [CFAR] where the noise level is estimated by averaging the power of the reference
cells. This method works well in homogeneous environments where the noise level is consis-
tent across the reference cells. However, the false alarm rate may increase significantly in
multiple target scenarios or non-homogeneous environments due to masking effects, leading
to missed detections. SO-CFAR (Smallest Of [CFAR]) and GO-CFAR (Greatest Of [CFARI)
act as two simple solutions to this problem by splitting the reference cells into two halves,
and using the smaller or greater noise estimate from the two halves, respectively. Each of
these methods has its own advantages and disadvantages, and the choice of method often
depends on the specific application and environment. More advanced [CEAR] techniques have

also been proposed to address the limitations of these basic methods, such as OS-CFAR (Or-
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dered Statistic [CEARI), which uses order statistics to estimate the noise level, making it more
robust to outliers and multiple target scenarios. In 2D radar spectrums, a naive extension
is to apply 1D along each dimension sequentially, while more advanced methods such
as CA-CFAR with 2D sliding windows have also been proposed to better capture the spatial
correlations in the data [37].

With the point cloud generated from [CFAR], clustering algorithms need to be applied to
group the points into object entities. Density Based Spatial Clustering of Applications with
Noise (DBSCAN) [3§] is one of the most widely used clustering algorithms in radar object
detection tasks [39, 40]. By recursively grouping points that are closely packed together,
DBSCAN is able to identify clusters of arbitrary shapes and sizes, while effectively filtering
out outliers as noise. However, DBSCAN requires careful tuning of its hyperparameters,
such as the neighborhood radius and the minimum number of points required to form a
cluster, which can significantly affect its performance.

With the advancement of deep learning techniques, end-to-end radar object detection

methods based on [CNNk and Transformers have gained popularity in the past decade. In

lsubsection 2.1.2 an overview of the commonly used radar data representations was provided,

including raw signals, as well as [RA], RD| and tensors. These representations
are often interchangeable since they essentially carry the same information, only in different
domains. They can also be treated equally in the sense of dimensionality. Since objects
are characterized by high responses in the temporal domain, a common practice is to treat
these representations as 2D images, and existing image-based object detection architectures
can be applied. This has been proven to be fruitful in literature. RADDet [31] uses a
ResNet backbone to extract features from tensors, and two YOLO heads to generate
3D and 2D bounding box predictions on the polar and Cartesian domains, respectively.
The backbone is trained with the 3D YOLO head, after which the 2D YOLO head
is trained with the backbone frozen. RODNet [4, 5] further extends the idea by using a

hourglass-shaped 3D [CNNI to model the temporal relations between frames. A sequence of
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[RA]I maps are fed into the network, and the output is sets of confidence maps for each frame,
each representing an object class. Temporal modelling through recurrent networks has also
been explored in [41], 42], where Long-Short Term Memory networks are appended to
based feature extractors to achieve late fusion of temporal information. While these methods
have shown promising results, they are limited by the inherent constraints of [CNNk, such as
local receptive fields and lack of global context modelling.

With the emergence of vision Transformers, the radar community has also started to
explore the use of Transformers for object detection, especially Swin Transformer [2]. Swin
Trasformer offers a hierarchical architecture capable of extracting features at different scales,
its windowed attention mechanism reduces the heavy complexity of the dense attention
mechanism seen in ViT, and allows information exchange between adjacent windows through
window shifting. In T-RODNet [43], one of the first attempts to use Swin Transformer for 2D
object detection from radar signals, the author constructs a hybrid U-Net-like architecture
with Swin Transformer blocks, and two strategies are employed for information exchange
between the encoder and decoder: skip connections and cross attention. On the other
hand, T-FFTRadNet [44] is based on an encoder-only architecture seen in the original Swin
Transformer, where the features extracted from the encoder are upscaled to the original
resolution and fed into a head for detection. Notably, T-FFTRadNet explores the
use of raw signals as input, and uses a complex-valued [MLP] to approximate [FET]
operations required to generate the cube, thus avoiding the computation overhead of
the 3SD{FETL

Despite its success in various fields, Transformers are not without drawbacks, particu-
larly due to the attention mechanism’s O(N?) complexity. Different architectures have since
been proposed to address these problems from different perspectives, and efforts to apply
these new architectures to radar object detection have also been made. Mamba [45], for
example, is a novel architecture that strikes a balance between the performance of O(N?)

models (e.g. Transformers) and the efficiency of O(NN) models (e.g. recurrent networks). By
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storing the context information selectively, Mamba achieves sub-quadratic complexity with-
out sacrificing long range dependencies. Its variant in the computer vision domain, Vision
Mamba, has shown promising results on radar object detection tasks [46], and early explo-
rations of Mamba for radar object detection have also been made [47, 48| 49]. MetaFormer

[3], on the other hand, tries to solve the problem from a so-called “physics-style” approach,

as discussed in [subsection 2.2.2| By replacing the attention mechanism with other token

mixers, MetaFormer achieves similar performance to Transformers with more efficiency, and
has been shown to be effective in radar object detection tasks [50, 51]. Literature has also
explored the use of hybrid architectures that combine the strengths of multiple architec-
tures. For instance, have been used as local feature extractors, while Transformers
or MetaFormers are used for global context modelling [52, 53]. These hybrid architectures
have shown promising results in radar object detection tasks, leveraging the advantages of

both architectures to achieve better performance.



Chapter 4

Spatio-Temporal Radar Object Detec-

tion

This chapter describes the design and implementation of a 3D radar object detection model

based on Swin Transformer [2]. Tts overall architecture and its temporal modeling capabilities

are discussed, along with the detection head and output space design. Experiments are

conducted to evaluate the model’s performance, with a focus on explainability.

4.1 Overall Architecture

An overview of the proposed architecture is presented in|[Figure 4.1 The overall shape of the

architecture resembles U-Net [54], a architecture widely adopted in various computer

vision tasks. Although U-Net was originally designed to produce segmentation masks, our
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Figure 4.1: Overview of the backbone architecture.
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heatmap-based keypoint detection strategy shares similarities with the segmentation task,
which will be further discussed in With the prevailing success of vision trans-
formers in various vision tasks, it has become increasingly common in the medical image
segmentation field to improve the original U-Net architecture by replacing the [CNN] layers
with transformer blocks [55] [56, 57]. Our model takes a similar approach by utilizing Swin
Transformer blocks as the main building units for both the encoder and the decoder.

The model takes a sequence of [RAl tensors as input, with tensors from different chirps
stacked along the channel dimension. Performing object detection directly on the [RAldimen-
sions is the most intuitive way, since the goal is to acquire the 2D location of objects in polar
coordinates, or Cartesian coordinates after conversion. Otherwise, the model would need to
learn a transposition to align the dimensions, which is not desirable when designing neural
networks. The [RAl tensors also resemble a Bird’s Eye View (BEV]) representation of the
environment, which has been shown to be effective for various perception tasks [58, 59l 60],
with the only difference being the use of polar coordinates instead of Cartesian coordinates.
It is also desirable to prioritize objects that are closer to the ego vehicle, since they are
more likely to interact with the ego vehicle, and their future trajectories are more likely to
intersect with the ego vehicle’s trajectory. This is naturally achieved on the polar plane due
to higher point density in the near field. Note that apart from the polar [RA] dimensions and
the channel dimension, a third temporal dimension is introduced to facilitate noise cancel-
lation and temporal modeling, which will be discussed in [section 4.2] Since radar spectrums
are complex-valued, they can’t be directly processed by real-valued neural networks. Efforts
have been made to preprocess complex-valued radar data using complex-valued neural net-
works, but results show that they fail to achieve comparable performance to using converted
real-valued inputs [44]. Therefore, we opt to simply separate the real and imaginary compo-
nents of the [RAl tensors along the channel dimension, resulting in a real-valued input tensor
with 2C' channels, where C' is the number of chirps.

Inspired by vision transformers, a token splitting module and a linear embedding module
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are used to partition the [RA] tensors into smaller patches, and then project them into linear
tokens. Their structures are identical to those in the original Swin Transformer, with the
exception that the number of channels had to be changed. The encoder and the decoder
are divided into stages, where each stage incorporates several Swin Transformer blocks and
a transition layer. The Swin Transformer blocks are organized in an alternating manner to
allow information exchange across windows, which will be further discussed in [section 4.2|
In each stage, adjacent tokens are merged together in the transition layer to reduce the
spatial resolution by half, while the number of channels is doubled to maintain the model
capacity. Note that tokens from adjacent frames are not merged together, as the temporal
resolution is preserved throughout the entire backbone to facilitate temporal modeling. The
decoder mirrors the encoder, but with the token length halved at each stage, and transposed
convolution layers are used for upsampling. Stages at the same “depths” are connected
through skip connections, a characteristic design from U-Net. With skip connections, tokens
with the same spatial resolution and same level of abstraction are fused in the decoder.
This design helps recover fine-grained details that may be lost during downsampling in the
encoder, which is crucial for accurate object localization. At the end of the decoder, the
spatial resolution of the tokens is restored, and a final [MLP] head is used to project the

feature maps into the output space.

4.2 Temporal Modeling with 3D Windowed Attention

Swin Transformers are characterized by its Shifted window mechanism, which achieves a

balance between computational efficiency and global context modeling. |Figure 4.2 (a)|illus-

trates the structure of two consecutive Swin Transformer blocks, their key difference from
the original Transformer block is the use of window-based attention, which is illustrated in

Figure 4.2 (c)|
The first block is a regular Window Multi-Head Self-Attention (W-=MSAI) block, in which
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Figure 4.2: Swin Transformer block and its window-based attention. (a) Two consecutive
Swin Transformer blocks, their structures are identical except for the shifted windows. (b) In
SW-MSA], the tokens are shifted along each dimension for [W-MSAl and the shift is reversed
afterwards (c) In[W=MSA] [MHSAlis applied to each window independently, resulting in local
reception fields with lower computational cost.

the input tokens are partitioned into non-overlapping windows based on their spatial lo-
cations, and Multi-Head Self-Attention (MHSAI) is applied to each window independently.
This strategy is based on the prior knowledge that local features in images are often more
relevant than global ones, the same assumption that powers the success of over [MLPL
Compared with the global attention mechanism found in the original transformers, the com-
putation complexity of this operation is therefore reduced from O(N?) to O(N?/W), where
N is the number of tokens and W is the number of windows. While this strategy significantly
improves computational efficiency, it also limits information exchange between windows, and
objects located on the edge of windows might not be fully captured. To mitigate this is-
sue, the second block introduces Shifted Window Multi-Head Self-Attention ([SW-MSA)),

where the windows are cyclic-shifted by half of their size in each dimension before applying

W-MSAI as illustrated in [Figure 4.2 (b), This shifting operation allows tokens previously

located in different windows to be grouped together, and enables cross-window information
propagation, as well as better modeling of objects on window edges. After the attention

operation, the shift is reversed to restore the original token arrangement. By alternating be-
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tween [W-MSA] and SW-MSAI the model can effectively capture both local and cross-window

features, while still maintaining computational efficiency. Each Swin Transformer block can

therefore be described as

Algorithm 1 Swin Transformer Block

1: function SWINTRANSFORMERBLOCK(X, m, n, shifted) > Input tokens: X, number of

windows: m, number of heads: n, whether to shift windows: shifted
2: X' <~ LAYERNORM(X)
3: if shifted then
4: ‘ X'+ CYCLICSHIFT(X") > Cyclic shift tokens by half window size
5: end if
6: {Xu|w < m} < PARTITIONWINDOWS(X") > Partition and reshape tokens
7 for all X, do
8: Qus K, Viy < Ly (Xo) > Linear projections
9: {Qu.ns K, Vwn|h <n} < SPLITHEADS(Qy, Ky, Vi)
10: for all Qypn, Ky p, Vipn do
11: Ay SOFTMAX(Qw,hKES’h/\/a + B) > B is relative position bias
12: Yw,h — Aw’th,h
13: end for
14: Y., < CONCATHEADS({Y, 1|h < n})
15: Y < Lowt(Yw) > Linear projection
16: end for
17: Y + MERGEWINDOWS({Y,|w < W}) > Merge and reshape tokens
18: if shifted then
19: ‘ Y + REVERSECYCLICSHIFT(Y') > Restore original arrangement
20: end if
21: X'+~ X+Y > Residual connection
22: X" <= LAYERNORM(X")
23: Y + MLP(X")
24: Z+—X"+Y > Residual connection
25: return 7

26: end function

In applications, consistent detection performance over time is crucial for down-
stream tasks such as object tracking and trajectory prediction, and it is therefore important
to incorporate temporal modeling capabilities into radar object detection, transforming the
task from a “frame to frame” problem to a “sequence to sequence” problem. Some works
have taken a recurrent approach to temporal modeling, where features from previous frames

are fused into the current frame using temporal self attention [60] or simple concatenation
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[61]. However, these methods heavily rely on the ego vehicle’s motion projection to align
the features across time, which is calculated from inertial measurements and not always
accurate. Additionally, it is often challenging to fuse features recurrently from a larger tem-
poral window. Considering these limitations, we propose to solve the temporal modeling
problem through a native extension to the attention mechanism. By stacking tensors
from multiple frames along a new temporal dimension, we can extend the 2D window-based
attention to 3D window-based attention, where the windows are now 3D cubes spanning the
spatial and temporal dimensions. This temporal modeling strategy creates no conflict with
the prior knowledge Swin Transformer is based on — local features are more relevant — since
object motions are continuous, and tokens that are close in time are more relevant than those
that are far apart. Additionally, this strategy allows for direct modeling of longer temporal
windows without the need for ego motion compensation, as the attention mechanism can
learn to focus on relevant tokens across time. As a bonus, this approach also allows for au-
tomatic noise suppression, as temporal attention can selectively attend to consistent signals
and ignore transient noise. This extended 3D attention mechanism is applied throughout the
entire backbone, enabling comprehensive spatio-temporal feature extraction, and the model
can efficiently generate detection outputs for all frames in the input sequence with a single

forward pass.

4.3 Detection Head and Output Space

In this thesis, we focus on an object keypoint detection problem for low-definition radars,
where the goal is to predict the 2D locations of object centers, instead of bounding boxes.
Inspired by the success of heatmap-based keypoint detection methods [62], we employ a
similar strategy for our detection head and output space design. We construct a confidence
map with multiple channels in a polar coordinate that corresponds to the input [RAl map.

Each object in the scene is represented by a Gaussian kernel, whose variance is proportional
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to the object size. The kernels are placed with their ground truth polar coordinates on the
corresponding class channel, creating a confidence map that highlights the object’s position.
An example of the confidence map is shown in Additionally, the kernel size
is adjusted based on the object’s distance to reflect the varying point density in different
range bins, in line with [4, 5]. A simple head is therefore used to project the feature
maps from the decoder into this output space to approximate the confidence map. Finally,
object locations are extracted through peak detection and [NMS|, which will be detailed in
lsection 4.4

Compared to query-based detection methods [26], 27, 28| 60], this strategy offers a dense
supervision signal as each pixel in the output space contributes to the loss calculation, hence
producing a faster and more stable regression. This strategy also avoids the need for bipartite
matching during training, which can lead to training instability [27].

Notably, T-FFTRadNet [44] employs a similar output space design based on confidence
maps, but in a YOLO [22] style. A detection head is first used to approximate a coarse
occupancy map, where each object is represented by a square kernel with a fixed size. To
compensate for the precision loss from quantization, a regression head is then used to predict
correction factors in both range and azimuth dimensions, to achieve a higher resolution. At
last, a classification head is used to produce a likelihood map for each object class, and the
class of an object at a given location is determined by the channel with the highest value.
This YOLO style design requires a manually tuned multi-objective loss, which is not only
more complex but also less stable than the single-head design used in this work. Additionally,
the square kernel design is not optimal for regressing object locations, and may introduce

additional bias in the peak detection process.
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Figure 4.3: Example of confidence map for supervision, generated from the 96th frame of
sequence 2019_04_30_MLMS001. It is constructed on a polar coordinate aligned with the
radar’s [RAl dimensions. Objects from different classes, e.g. [l pedestrian, B cyclist and
car, are placed on different channels of the confidence map.
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4.4 Implementation Details

The CRUW ROD2021 dataset [4] 5] is selected for training and evaluation of the proposed

model, its specifications are detailed in [subsection 3.2.1] Since only 40 out of 50 sequences

are annotated, we split the annotated subset into training and validation sets with a ratio
of 9:1, e.g. 36 sequences for training and 4 sequences for validation, in line with previous
works [43], 50], to prevent data leakage and ensure a fair comparison.

To enhance the model’s generalization capabilities on small datasets, data augmentation
techniques can be applied during training. Common augmentation methods for computer
vision tasks include random flipping, rotation, scaling, and color jittering. Radar[RAlspectra,
however, are represented in polar coordinates instead of cartesian coordinates, and they do
not necessarily share the same prior assumptions that exist in natural images. Thus it is
crucial to avoid augmentations that violate radar signal distribution and properties. In this
work, we apply random flipping along the azimuth dimension with a probability of 0.5, as
objects that appear on the left side of the ego vehicle should carry the same signatures as
those on the right side. Additionally, random flipping along the temporal dimension is also
applied with a probability of 0.5. It is worth noting that when temporal flipping is applied,
the order of the chirps within each frame must also be reversed to maintain the correct
mapping between chirp indices and time. We opt not to apply jittering or noise injections,
as these may alter the value distribution of the radar signals and introduce unwanted bias.

For each radar frame, a prenormalized [RAl tensor of shape shape 4 x 128 x 128 x 2 is
loaded from the dataset, and rearranged into a 3D tensor of shape 128 x 128 x 8 by stacking
the real and imaginary components of the 4 chirps along the channel dimension. A sliding
window of 16 frames is used, and frames are stacked along the temporal dimension to form
a 4D tensor of shape 16 x 128 x 128 x 8.

We built our codebase with the PyTorch 2 [63] deep learning framework on Python 3.13.
The model is trained and evaluated on a single Nvidia GeForce RTX 4090 GPU with 24

GB of memory. Loss is calculated with the Mean Squared Error (MSE) loss described in
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Fuaion 1]
N
1 R 2
Lyse = N Z <Yi - Y%) (4.1)
i=1

where Y is the predicted confidence map, Y is the ground truth confidence map, and N is
the total number of elements in the confidence map. The AdamW optimizer [64] is used to
update the model with an initial learning rate of 1 x 10, which decays to 0 with a cosine
schedule. A batch size of 2 is used, and the model is trained for 20 epochs.

During the evaluation process, 8-neighbor peaks are extracted from the output confidence
map as detection candidates, as shown in The candidates are then filtered by
a Location-based Non-Maximum Suppression (L-NMS) algorithm [4], 5], which is described
in [Algorithm 21 For each object class, the algorithm iteratively selects the most
confident candidate and removes other candidates that have an value larger than a
predefined threshold with respect to the selected candidate, until all candidates are processed.
It acts as a replacement to common [oUlbased for point-based radar object detection
tasks by incorporating [OLS], an object similarity metric tailored for the radar field described
in lsubsection 3.2.2.

Algorithm 2 Location-based Non-Maximum Suppression (L-NMS))

1: function L-NMS(P) > Input candidate peak set P
2: P10 > Initialize final peak set P*
3 while P # () do

4: p < max(P) > Find the most confident peak
5: P« P*U{p}

6: P« P—{p} > Move p from candidate set to final set
7 for all p’ € P do

8 if OLS(p,p’) > threshold then

9: ‘ P+ P—{p} > Remove p' from candidates
10: end if
11: end for
12: end while
13: return P* > Return final peak set P*

14: end function
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Figure 4.4: Example of [[-NMS] results. The most confidence peak (4 is first selected, and
OLS is computed between it and the other two candidates. The second candidate [4] is
removed since its [OLS with the first peak is larger than threshold, while the third candidate

(+] is kept.
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Table 4.1: Class-wise evaluation at different [OLS| thresholds.

[OLS Thresh. ®API XBAR AP bAR MAP @&AR AP WAR

0.5 89.68% 94.20% 92.39% 95.64% 94.67% 98.63% 91.82% 95.81%
0.6 89.05% 93.76% 91.36% 94.54% 92.65% 97.12% 90.70% 94.89%
0.7 87.72% 92.83% 90.09% 93.39% 89.09% 95.18% 88.79% 93.63%
0.8 83.17% 89.15% 86.83% 90.82% 83.32% 91.30% 84.30% 90.23%
0.9 62.40% 75.87% T71.67% 79.72% 61.05% 75.92% 64.81% 77.04%

Average 83.57% 89.85% 87.38% 91.38% 85.34% 92.51% 85.18% 91.02%

4.5 Quantitative Evaluation

The proposed model is evaluated on 4 test sequences: 2019_04_09_BMS1001, 2019_04_30_MLMS001,
2019_05_23_PM1S013 and 2019_09_29_0NRD0OO05, which are excluded from the training set.

The evaluation is conducted using [AP] and [AR] metrics based on [OLS] as described in

The model’s performance in different object classes is reported in [Table 4.1]

with different thresholds, ranging from 0.5 to 0.9 with a step size of 0.1. The average
performance across all thresholds is also reported to provide a comprehensive overview of

the model’s capabilities.

From the proposed model demonstrates similar performance across different
object classes, with slightly lower performance on pedestrians compared to cyclists and cars.
This is expected, as pedestrians are generally harder to detect due to their smaller size and
lower radar cross section. While the model achieves the highest [AR] on cars, the [AP] is
slightly lower than that of cyclists. This indicates that while the model is able to detect
most cars, its accuracy in localizing them could be improved, possibly because of their larger
size and faster speed.

To further analyze the model’s performance in different driving scenarios, we break down
the results by test sequences, as shown in [Table 4.2] Sequences 2019_04_09_BMS1001 and
2019_05_23_PM1S013 are recorded in an empty parking lot with pedestrians and cyclists
walking around, while 2019_04_30_MLMS001 is recorded on the sidewalk of a campus road

with moderate traffic, and 2019_09_29_0NRDOO5 is recorded on a highway with fast-moving
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Table 4.2: Class-wise evaluation in different sequences.

Sequence Scene Class AP [AR]

Cyclist 88.94% 91.01%
Mean 88.94% 91.01%

Pedestrian  77.71% 84.02%
Cyclist 82.28% 90.86%
Car 88.14% 94.07%
Mean 80.86% &7.64%

Pedestrian  97.59% 98.79%
2019_05_23_PM1S013 Parking lot  Cyclist 98.78% 99.31%

2019_04_09_BMS1001 Parking lot

2019_04_30_MLMS001 Internal road

Mean 97.69% 98.83%
2019_09_29_0NRDOO5 Highway ff;n gi'ﬁ? g;;g?
. 0 . 0

vehicles.

From the model achieves the best performance in the parking lot scenarios,
likely due to a relatively static environment with fewer occlusions and less clutter. The
highway scenario yields median performance, as the fast-moving vehicles present challenges
in terms of motion blur and rapid changes in radar signatures. The internal road scenario

results in the lowest performance, especially for pedestrian and cyclist, an example of the

scene is shown in [Figure 4.3 (¢)l Due to the absence of textural information in radar sig-

nals, distractions from surrounding infrastructure, such as trees, signposts, and other static
objects, may carry similar radar signature as the objects in interest, and introduce noise
and false positives. This makes it harder for the model to accurately detect and localize

pedestrians and cyclists.

4.5.1 Range Perception

Perception of objects at distance stands as a critical challenge for radar-based object de-
tection, due to larger signal attenuation and smaller object signature at longer range. To

evaluate the model’s performance at different ranges, we divide the test set into several range



CHAPTER 4. SPATIO-TEMPORAL RADAR OBJECT DETECTION 51

1.0 1.0
-@- Overall
BN Pedestrian
B Cyclist
B Car

-®- Overall JLo _____

B Pedestrian Te=-

B Cyclist S~
081 mmm Car

0.8 1

0.6 1 0.6 .

AP

0.4 1 0.4 -

0.2 1 0.2 A

0.0~ 0.0 -
0 5 10 15 20 25 0 5 10 15 20 25

Range (m) Range (m)

(a) [AP] at different range intervals (b) [AR] at different range intervals

Figure 4.5: Perception performance at different ranges. [AP| and [AR] for each class are
calculated for objects within different range intervals, as well as the overall mAP] and AR

intervals, and calculate [AP] and [AR] for each class within these intervals, as well as the overall
mAP] and mAR] The results are presented in [Figure 4.5]

From [Figure 4.5 the model achieves the best performance at a medium range of 10 to 15
meters. Performance drops off at both close and long ranges. The decrease in performance
at close range (0-5 meters) may be attributed to the limited number of training samples
in this range, as observed in [Figure 3.3 Interestingly, pedestrian detection at close range
demonstrates a higher [AR] possibly due to more pedestrian samples contained in the dataset
at close range compared to other classes. It is worth noting that, while pedestrian [AP] is
lower at close range, this does not necessarily imply poor localization accuracy, since the
object distance acts as a scaling factor in the metric, which means stricter localization
requirements for closer objects. As for long range perception (beyond 15 meters), we observe
a trend of proportional decline in detection performance to object size. Pedestrians, being
the smallest objects, experience the most significant performance drop, followed by cyclists,
while cars maintain relatively stable performance even at longer distances. This indicates
that smaller radar cross sections at longer ranges stands as the primary challenge for long-

range radar perception, and smaller objects are more adversely affected.



CHAPTER 4. SPATIO-TEMPORAL RADAR OBJECT DETECTION 52

1.0 1.0
—@- Overall
EmE Pedestrian
B Cyclist
B Car

—-@- Overall
EmE Pedestrian
BEm Cyclist
B Car

0.8 0.8

0.6 - 0.6

AP
AR

0.4 0.4

0.2 0.2

0.0 - 0.0 -

-60° -40° -20° 0° 20° 40° 60°

-60° -40° -20° 0° 20° 40° 60°
Azimuth Azimuth

(a) [AP] at different azimuth intervals (b) [AR] at different azimuth intervals

Figure 4.6: Perception performance at different azimuths. [AP] and [AR] for each class are
calculated for objects within different azimuth intervals, as well as the overall InAP| and

mARI

4.5.2 Angular Perception

The angular resolution of a multi-input FMCW]radar system is determined by the number of
receiving antennas and their physical arrangement. The CRUW dataset uses a radar system
with 4 receiving antennas, providing a limited angular resolution, and poses challenges for
accurate angular perception. To evaluate the model’s performance at different azimuth
angles, we divide the test set into several azimuth intervals, and calculate [AP] and [AR] for
each class within these intervals, as well as the overall IAP] and [mMARl The results are
presented in [Figure 4.6, Due to limited samples at extreme angles, azimuth intervals with
no samples in a particular class appear as gaps in the corresponding plots.

From the model shows a distribution of performance that peaks around the
center azimuth (0 degrees) and gradually decreases towards the sides. This trend is consistent
across all object classes, with pedestrians experiencing the most significant performance drop
at extreme angles, followed by cyclists, while cars maintain relatively stable performance.
radars typically have a narrower beamwidth in the center, providing better angular
resolution and signal strength for objects located directly in front of the radar. As objects

move towards the sides, the radar’s beamwidth widens, leading to reduced angular resolution
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and weaker signal returns. This results in decreased detection performance, particularly for
smaller objects like pedestrians and cyclists. Theoretically, the model’s performance should
be symmetric about the center azimuth since radar signals should be flip-invariant, and
horizontal random flipping during training should further enforce this property. The slight
asymmetry observed in may be attributed to the non-uniform distribution of

samples across different azimuth angles in the testing sequences.

4.6 Qualitative Research

In this section, the proposed model is evaluated through non-numerical means, including case
studies of detection results in representative scenarios, and visualization of attention maps
from the Swin Transformer backbone for interpretability. These qualitative analyses aim to
develop a deeper understanding of the model’s decision-making process, identify potential

failure modes, and provide entry points for improvements.

4.6.1 Results Case Studies

To gain insights into the model’s strengths and weaknesses in different scenarios, we conduct
case studies of detection results on selected representative frames from the test sequences.
The camera image is provided alongside the radar input and output maps for better inter-
pretability. Ground truth annotations, object prediction candidates, and final detections
after are plotted in polar coordinates, with ground truths represented as 4 plus signs,

prediction candidates as @ -olid circles, and final detections as © solid circles with white

cross marks. Four representative cases are presented in [Figure 4.7 [Figure 4.8 [Figure 4.9

and [Figure 4.10]
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Figure 4.7: Case study of Sequence 2019_04_09_BMS1001, frame 72. This frame is cap-
tured while a cyclist circles around in an empty parking lot. The cyclist is falsely detected
as a pedestrian, and generates two duplicate detections.

In a relatively simple scenario is presented, where a single object in the near
range is placed against an uncluttered background. However, the model misclassifies the

cyclist as a pedestrian and generates an extra detection at a farther range. From the output

confidence map shown in [Figure 4.7 (e), it can be observed that the model is uncertain

about the object’s class, as the detection appears blurry in both object channels. The
misclassification might be attributed to the similarity in radar signatures between pedestrians
and cyclists, especially when the cyclist is moving slowly. The reason behind the duplicate
detection, on the other hand, might be related to the reflection characteristics of the radar
signal. The reflected wave from the cyclist could have echoed off the ego car, creating a

secondary signal that the model mistakenly interprets as another object, as evident from the

weaker response in the radar spectrum shown in [Figure 4.7 (c)|



CHAPTER 4. SPATIO-TEMPORAL RADAR OBJECT DETECTION 55

@ pedestrian
® cyclist
® car

0
-1.00 -0.75 =-0.50 =-0.25 0.00 0.25 0.50 0.75 1.00
Azimuth (rad)

(a) Camera image (b) Detection results

20

0
0 20 40 60 80 100 120
Azimuth bins

0 20 0 20

(c) Input radar spectrum (d) Confmap ground truth (e) Confmap prediction

Figure 4.8: Case study of Sequence 2019_04_30_MLMS001, frame 224. This frame is cap-
tured on a campus road with pedestrians and cyclists passing by. The pedestrian across the
road is misclassified as a cyclist, and the model shows low confidence in detecting the cyclist.

In a more complex scenario is presented, where objects of different classes
scatter at different ranges against a noisy background. Once again, the model shows un-
certainty in classifying pedestrians and cyclists, but for a different reason. The pedestrian
across the road is misclassified as a cyclist, likely due to noise and interference from bushes
behind, which might generate a larger radar cross section enough to mimic that of a cyclist.
On the right side, the cyclist moving away from the radar is detected with low confidence,
with weak response in the output confidence map on both object channels. Identifying cy-
clists from their front or back profiles is inherently challenging, sometimes even for human
observers, as their slim and tall posture resembles that of pedestrians. The situation is fur-
ther complicated by the presence of a nearby pedestrian which may have caused additional

interference and confusion for the model.
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Figure 4.9: Case study of Sequence 2019_04_30_MLMS001, frame 704. This frame is cap-
tured on the same campus road as all three object classes are present. A cylist

partially occluded by the car is missed, and a pedestrian is falsely detected as a cyclist.

In we see a similar environment as in but with the presence of a

car that partially occludes a cyclist. The cylist happens to be at twice the range of the car,
and its radar signature is likely mixed with an echo wave of the car that bounces off the ego
vehicle. As a result, the model only produces a weak response at the cyclist’s location in both
channels. This issue is also observed in Additionally, a pedestrian across the road
is misclassified as a cyclist. It is worth noting that this pedestrian, being a different person,
is at exactly the same location as the pedestrian in which was also misclassified
as a cyclist. While misclassification of pedestrians and cyclists may not pose a significant
safety risk in most cases, the consistent misclassification of pedestrians at this particular

location raises concerns about potential systematic weaknesses in the model’s receptive field

at certain ranges and angles. This will be further investigated in [subsection 4.6.2|
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Figure 4.10: Case study of Sequence 2019_05_23_PM15013, frame 24. This frame is cap-
tured in the same parking lot as with a pedestrian and a cyclist present. The
cyclist is occluded by the pedestrian, but still detected with slight offset.

In [Figure 4.10, we provide an example of successful detection in a difficult situation. The
cyclist is nearly completely occluded by the pedestrian from the radar’s perspective, yet the
model is still able to detect both objects. The detection of the cyclist shows an irregular
shaped blurry response in the output confidence map, slightly offset from the ground truth
location, showing that the model is still uncertain about the exact position of the cyclist.
While this result is encouraging, it also shows the limitation of the current radar system’s

angular resolution.

4.6.2 Attention Visualization

To further understand the model’s decision-making process, we visualize the attention maps

from the multi-head self-attention layers in the Transformer encoder. The attention weights
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Figure 4.11: Attention map visualization. Each subplot represents the attention weights
from a different head in the multi-head self-attention layer. Brighter areas indicate higher
attention weights, showing where the model focuses when processing the input radar spec-
trum. Taken from the first block in the last stage of the decoder, when processing frame 104
of sequence 2019_04_30_MLMS001.

(A, from [Algorithm 1 line 12|) from each head are extracted and rearranged to match the

spatial dimensions of the input spectrum and the output confidence map. An example of
the attention maps is shown in

In the three heads show similar overall attention patterns with minor differ-
ences. The entire maps appear pixelized and noisy, but four distinct bright regions (although
disrupted by noise) can be identified, corresponding to the locations of four true objects.
Further observation reveals that the noise appears on cycles of 4 pixels in both dimensions.
Considering that the features have been upscaled twice by a factor of two in the decoder,
this pixelization effect likely originates from the transposed convolution layers used for up-
sampling. Despite the noise, it is evident that the model is able to focus on the true object
locations, indicating that the self-attention mechanism effectively captures relevant features
from the radar spectrum.

Understanding the role of different stages and blocks in the Swin Transformer backbone,
as well as how features evolve through the network, is crucial for interpreting the model’s
behavior at a higher level. To this end, we visualize the attention maps from different stages
and blocks in the Swin Transformer backbone, as shown in [Figure 4.12

In [Figure 4.12] we arrange the attention maps from different stages and blocks in the
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Figure 4.12: Attention visualization. Each subplot represents averaged attention weights
from different heads in a Swin Transformer block, organized anticlockwise from the top-left.
The same frame as in [Figure 4.9)is used. Object locations are annotated with colored circles.
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Swin Transformer backbone in a U-shaped layout, following the architecture of the network.
Attention maps with the same spatial resolutions are placed in the same rows, with the
first stage of the encoder at the top-left, and the last stage of the decoder at the top-

right. Going anti-clockwise, we can observe the evolution of attention patterns through the

network. Early stages of the encoder (Figure 4.12 (a)|and [Figure 4.12 (b)) show tendency to

focus where strong responses are present in the input radar spectrum, including both true

objects and noise. We also observe grid-like artifacts in the first stage (Figure 4.12 (a)|) with

a period of 7 pixels, which coincides with the shifting window size. Pixels on the window
boundaries tend to have lower values compared to other pixels. This indicates that the
shifting window mechanism in Swin Transformer may cause information loss at the window
edges, which could potentially affect the model’s ability to capture features on window edges.

Closer inspection reveals that undetected cyclist in happens to be located on two

windows boundaries (the 6th azimuth bin and the 14th range bin) in [Figure 4.12 (b), adding

further evidence to this hypothesis. As we progress deeper into the third stage of the encoder

(Figure 4.12 (c)|and [Figure 4.12 (d))), we see a clear shift in attention towards the true object

locations. The first block in the stage shows high values scattered across the map, while the
fifth block attends more distinctly to the objects. This indicates that the third stage of

the encoder plays a crucial role in refining features on a global scale and identifying true

objects from noise. Moving into the decoder stages (Figure 4.12 (e)| and [Figure 4.12 (f))),

as the features are upscaled and combined with encoder features through skip connections,
we start to observe artifacts across the attention maps likely introduced by the upsampling
process. While objects now appear weaker and disrupted by noise, they are still discernible
and strengthened in the final stage. Five distinct bright regions can be identified in the final
stage, four of which correspond to the locations of true objects, and the fifth one is likely
generated by an interference outside the camera view. This proves the decoder’s ability to
decode object related features, but the missed detection of the occluded cyclist suggests that

issues might exist in downstream modules, e.g. the [MLP| head.
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4.7 Summary

In this chapter, we showed that Swin Transformer blocks are capable of forming a strong
backbone for object detection with radar spectra. The model shows promising performance
on the four test sequences from various scenarios, and achieved acceptable [AP] and [AR] for
most object classes at different ranges and azimuths, though some challenges remain in az-
imuths with limited samples. Objects with smaller radar cross sections, e.g. pedestrians, are
more adversely affected by long range and extreme azimuth angles. Case study of weak and
failure examples revealed both systematic issues and incidental factors that affect the per-
formance of proposed paradigm, such as misclassification between objects with similar radar
signatures, misdetections due to multipath reflections, and challenges in occlusion scenarios.
Performing object detection on the spectrum (polar BEV]) has been proven effective with
acceptable localization accuracy in most scenarios. Attention visualization provided insights
into the model’s decision-making process at both low-level and high-level, revealing the evo-
lution of attention patterns through different stages and blocks in the Swin Transformer
backbone. It has been observed that the model is able to focus on true object locations,
with the third stage of the encoder playing a crucial role in refining features on a global
scale. However, issues related to the shifting window mechanism and upsampling artifacts
were also identified in shallow layers of the encoder and decoder, respectively. Information
loss at window edges might have contributed to missed detections. While attention artifacts
from upsampling were observed, there is no conclusive evidence that they directly lead to
misdetections. On the other hand, undetected objects with high attention responses in the
backbone suggest that the final head might play a role in certain failure cases. In the
next chapter, we will attempt to mitigate these issues through the design of improved model

architectures and components.



Chapter 5
Compact Radar Object Detection

This chapter presents the design and implementation of a compact radar object detection
model coined mRadNet, which aims to address the shortcomings of the model presented in
Chapter [d. The overall architecture of mRadNet and its key designs choices are detailed,
along with motivations for these choices. Experiments are conducted to evaluate the perfor-

mance of mRadNet against existing methods, demonstrating its effectiveness in radar object

detection tasks.
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Figure 5.1: Overview of the backbone architecture.
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5.1 Overall Architecture

We base our new model on the same U-Net style architecture as in the previous chapter,

as shown in [Figure 5.1] This hierarchical encoder-decoder design has shown to be effective

through qualitative analysis in [subsection 4.6.2] Therefore, we keep a similar overall archi-

tecture and focus on improving the building blocks inside the architecture. The only major
difference lays in the configuration of the encoder and decoder. We added an extra stage in
both the encoder and decoder to increase the model depth, which we found to be beneficial

for performance.

5.2 Token Mixing

In [subsection 4.6.2] the attention maps of the Swin Transformer blocks throughout the net-

work are analyzed. While these window-based attention modules are effective at extracting
multiscale features when stacked hierarchically, they are found to be causing problems at
certain locations in the features, e.g., boundaries of shifting windows. Since the same window
size is used throughout the network, window boundaries from different layers tend to align,
leading to persistent blind spots in the attention maps, thus this mechanism is excluded from
the new model.

When we look back into the history of Transformers for computer vision, we can see
a constant effort in incorporating convolution’s inductive biases into the attention mecha-
nism. The original Vision Transformer (ViT) [14] sees local patches of an image as tokens.
While locality exists to some extent within each token, there is no explicit modeling of local
structures among neighboring tokens. To address this issue, many follow-up works [65], [66]
introduce various forms of token merging mechanisms to aggregate neighboring tokens into
larger tokens, thus forming a hierarchical representation that captures features at multi-
ple scales, an idea borrowed from [CNNk. Swin Transformer [2] goes one step further by

restricting the attention mechanism’s reception field to non-overlapping local windows for
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Figure 5.2: MetaFormer. MetaFormer is a generalized architecture abstracted from Trans-
former by not specifying the token mixer. When using Attention/MLP as the token mixer,
MetaFormer reduces to Transformer/ResMLP.

computational efficiency.

Recall that Swin Transformer’s window-based attention causes artifacts in the attention

maps (as discussed in [subsection 4.6.2)), to maintain this advantage while avoiding the prob-

lems caused by windowing, MetaFormer [3] provides a new perspective by decoupling the

attention mechanism from the overall Transformer architecture, as shown in [Figure 5.2

IFigure 5.2 (a)| shows a classic vision Transformer block, which consists of two resid-

ual blocks connected in series. The first residual block contains a [MHAI module with pre-
normalization, while the second residual block contains a[MLP/module with pre-normalization.

ResMLP [67] takes inspiration from this design and replaces the MHAl module with a spatial

[MLP] module, as shown in [Figure 5.2 (b)] The authors claim that the first residual block (a

cross-patch linear layer) is responsible for mixing information across different spatial loca-
tions, while the second residual block (a cross-channel linear layer) is responsible for mixing

information across different channels. Based on this observation, MetaFormer [3] steps fur-
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ther by putting forward the concept of a token mizer, which can be any module that enables

information exchange between different spatial locations, as shown in [Figure 5.2 (c¢)l The

authors prove the effectiveness of this generalized architecture by demonstrating that even
extremely simple token mixers, such as pooling or even random mixing, can achieve com-
parable performance to Transformers and on image classification tasks with smaller
model sizes.

With MetaFormer ensuring solid lower bound of performance, we have gained great flexi-
bility in the choice of token mixers, and our problem now boils down to finding a lightweight
yet effective token mixer that specializes in modeling local structures, but does not introduce
artifacts like window-based attention. It is also expected to fully utilize the priors of images,
namely locality and translation invariance. After exploring various options, we opt for a fun-
damentalist approach by directly using convolution as our local token mixer. Convolution is
similar to attention in many ways; both mechanisms aim to aggregate information from other
spatial locations via weighted sums. Attention does so by calculating the weights dynami-
cally based on the input features on a global scale, while convolution uses static weights on a
local scale. Basically, convolution can be viewed as a form a translation-invariant windowed
attention, where the “attention weights” are shared across different spatial locations instead
of being calculated dynamically for each location. The fore-mentioned inductive biases are
also naturally satisfied. Convolution comes with built-in channel mixing ability, which is

redundant in the MetaFormer architecture and needs to be removed. The resulting module

is depthwise separable convolution (SepConv) [68], as shown in [Figure 5.3 (a)|

One main difference between the three modules lies in the dimension of the kernels. In
standard convolution, each kernel spans across all input channels with a size of C;,, x K}, x K,

where Cj, is the number of input channels, and K}, and K, are the kernel height and width,

respectively, as shown in [Figure 5.3 (a)l This allows each output channel to aggregate

information from all input channels within the local neighborhood, which is not needed in

our case. In SepConv, each kernel only operates on its corresponding input channel with a
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Figure 5.3: Comparison between convolution, depthwise separable convolution and attention.
For each spatial location, convolution (a) and SepConv (b) operates on local neighborhoods
for each channel, while attention (c) operates on global spatial locations across all channels.
In convolution, each kernel spans across all input channels, while in SepConv, each kernel
only operates on a single input channel.
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Module Time Complexity Space Complexity
Convolution O(NC?*K) O(C?*K)
SepConv O(NCK) O(CK)
Attention O(N?C) O(C?)
Windowed attention O(NCK) O(C?)

Table 5.1: Time and space complexity of different token mixers. Here, NV is the number
of tokens in the input, C' is the token dimension, and K is the number of elements in the
convolution kernel or attention window (e.g., for a 7 x 7 kernel/window, K = 49).

size of K}, x K,,, as shown in . Attention, on the other hand, has a “kernel” with
dynamic weights that spans the entire image with a size of H x W, where H and W are the
height and width of the input feature map respectively, as shown in . Another
difference is that convolution and SepConv operate on each output channel independently;,
while attention applies the same weights across all channels.

Given an input of size N x C, where N is the number of tokens and C' is the number
of channels, the time complexity (number of operations) and space complexity (number of
parameters) of each module can be summarized as [Table 5.1]

It is evident that SepConv is significantly more efficient than both convolution and at-
tention in terms of time and space complexity, due to the removal of channel mixing and
the restriction of the reception field to local neighborhoods. When compared with windowed
attention, SepConv shares the same time complexity and slightly smaller space complexity;,
but ensures fair treatment of all spatial locations. Every token receives information from a

neighborhood centered around itself, thus avoiding the window boundary blind spots men-

tioned in [subsection 4.6.2l Note that the above discussion of SepConv as a replacement

for windowed attention assumes the use of the same kernel /window size, which means that

larger kernels need to be used (as opposed to the 3 x 3 kernels commonly used in [CNNE).
To complement the local modeling ability of SepConv, we also include global attention

modules at deeper stages in the network to capture long-range dependencies, as shown in

Figure 5.1 The combination of SepConv and global attention as token mixers allows the
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Figure 5.4: Token transformation modules. (a) Token Rearrange layer concatenates neigh-
boring tokens into new tokens. (b) Token Merging module for downsampling. (c) Token
Embed module for initial tokenization. (d) Upsampling module for final upsampling and
output projection. (e) Token Splitting module for upsampling. In subfigures (b) to (e),
operations are colored according to their categories: Wl structural layers, il learnable layers,
@ normalization layers, M activation layers.

model to effectively capture both local structures and global context, while avoiding the

issues caused by window-based attention discussed in [subsection 4.6.2]

5.3 Token Transformation

With MetaFormer blocks in place, our U-Net style architecture requires several additional
modules to handle token encoding, decoding, merging and splitting, as shown in [Figure 5.1}
These modules effectively act as transition layers that connect different stages of the network,

ensuring smooth flow of information and a hierarchical representation of features. Their

designs are shown in [Figure 5.4
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5.3.1 Token Embed

Our previous model stacked different chirps along the channel dimension to form the input
tensor. While this method is straightforward and effective, it does not fully utilize the
temporal relationships among chirps. To address this issue, we introduce a Token Embed

module at the beginning of the network to better capture these relationships, as shown

in [Figure 5.4 (c)] Recall that three [FETk are applied to the raw [ADC| data along the

range, Doppler and angle dimensions respectively to obtain the tensor. Since the
CRUW dataset offers data in the form of complex[RAl tensors, speed information is implicitly
embedded in the phase differences among consecutive chirps. But instead of transforming
the data with an actual Doppler [FFT], we opt for a learnable approach by approximating
the Doppler transformation with a convolutional kernel of size N x 1 x 1 with a stride of
N x 1 x 1 on the chirps, range and Doppler dimensions respectively, where N is the number
of chirps. This operation merges the four chirps in every frame, and increase the number
of channels by a factor of four, transforming each frame of size B x N x R x A x Cj, into
a new frame of size B x 1 x R x A x 4C},, where B is the batch size, R is the number of
range bins, A is the number of azimuth bins; and Cj, is the number of input channels. Since
the radar system is inherently time-invariant, the same convolutional kernel is shared across
different frames. The chirps dimension is then removed, and the resulting tensor is now an
“RF video” with size B x T' x R x A x 4C},, where T is the number of frames.

At the end of the module, a 3D convolutional layer with a kernel size of 2 x 2 x 2 and
a stride of 2 x 2 x 2 is applied for tokenizing every 8 neighboring pixels into one token,
reducing the spatial and temporal dimensions by a factor of two while increasing the number

of channels to the desired token dimension C.
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5.3.2 Token Merging and Splitting

To construct a hierarchical architecture, each stage of the encoder and the decoder needs to
be connected with transition layers that can change the spatial (and optionally temporal)
resolution of the tokens, and adjust the token length accordingly. We refer to these layers as

Token Merging and Token Splitting modules respectively. The designs of these two modules

are shown in [Figure 5.4 (b)[and |[Figure 5.4 (e)| respectively.

Token Merging modules are used in the encoder to downsample the tokens between stages.
Instead of using pooling or strided convolution, we adopt a more structured approach by

first rearranging neighboring tokens into new tokens with a Token Rearrange layer, as shown

in |[Figure 5.4 (a)l This operation is similar to the PixelShuffle operation commonly used in

super-resolution tasks [69], but works in the opposite direction. Given an input tensor of
size BxT x HxW x C, where H and W are the height and width of the feature map
respectively, the Token Rearrange layer with a downscaling factor of 2 rearranges each non-
overlapping 2 x 2 spatial neighborhood into a new token, resulting in an output tensor of size
BxTx %H X %W x 4C. This operation effectively reduces the spatial dimensions by a factor
of S while increasing the token dimension by the same factor, preserving all information from
the input. Note that the temporal dimension remains unchanged. After the rearrangement,
a normalization layer and a linear layer are applied to stabilize the training and reduce the
token dimension back to 2C', completing the downsampling process.

In the decoder, Token Splitting modules are used to upsample the tokens from each stage
to a higher resolution. Naturally one would think of mirroring the downsampling process used
in the encoder and reversing it. However, structurally splitting the tokens and rearranging
them to different spatial locations introduces assumptions about the spatial relationships
between the elements within each token, which may not hold true in practice. Therefore, we
opt for a more flexible approach by using a transposed convolutional layer with a kernel size
of 2 x 2 x 2 and a stride of 2 x 2 x 2 to directly upsample the tokens, as shown in

@. Compared with interpolation-based upsampling methods, transposed convolution is
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learnable and can better adapt to the data distribution, but improper configurations may
lead to checkerboard artifacts [70], which we address by carefully choosing the kernel size
and stride to be equal. In addition to the upsampling operation and the subsequent linear
layer, we add a normalization layer to stabilize training and avoid checkerboard artifacts

seen in our previous model.

5.3.3 Final upsampling

The last stage of the decoder operates on tokens with a lower spatial resolution than the
original input. Theoretically, one can simply map the tokens to a heatmap at the same reso-
lution with a linear layer, but to minimize quantization errors and reconstruct the heatmap
with smoother boundaries, we opt to upsample the tokens back to the original resolution.
Instead of using another transposed convolutional layer, however, we choose to upsample the
tokens with trilinear interpolation. Compared with transposed convolution, interpolation, es-
pecially trilinear interpolation, is more computationally demanding, but it is parameter-free
and completely avoids checkerboard artifacts. Ensuring a smooth and artifact-free output
is crucial for accurate peak detection, thus we prioritize quality over efficiency at this stage.
After upsampling, the tokens are normalized, and a linear layer is applied to project the
token dimension to the desired number of output channels. A final activation function is

applied to map the values to confidence scores between 0 and 1.

5.3.4 Implementation Details

We train and evaluate mRadNet on the CRUW ROD2021 dataset with the same configura-
tions as in [section 4.4l The same data augmentation techniques are applied during training.
Due to the introduction of the Token Embed module, however, the shape of the input tensor
is slightly different. For each frame of size 4 x 128 x 128 x 2 (4 chirps, 128 range bins, 128
azimuth bins, 2 channels), the chirps are no longer stacked along the channel dimension.

Instead, the input tensor retains the chirps dimension, resulting in a 4D image of shape



CHAPTER 5. COMPACT RADAR OBJECT DETECTION 72

Table 5.2: Class-wise evaluation at different [OLS| thresholds.

[OLS Thresh. ®API XBAR AP bAR MAP @&AR AP WAR

0.5 90.37% 93.85% 92.53% 96.98% 96.22% 98.71% 92.58% 96.08%
0.6 89.55% 92.92% 91.31% 95.44% 95.16% 97.77% 91.58% 94.97%
0.7 88.02% 91.01% 89.57% 93.71% 93.65% 96.62% 89.99% 93.32%
0.8 83.34% 87.43% 85.80% 90.24% 89.09% 92.74% 85.61% 89.69%
0.9 63.30% 74.24% 71.84% 79.91% 75.56% 82.53% 69.13% 78.15%

Average 84.00% 88.60% 87.13% 91.93% 90.59% 94.17% 86.70% 91.08%

16 x 4 x 128 x 128 x 2 (16 frames, 4 chirps, 128 range bins, 128 azimuth bins, 2 channels),

which is later to be processed by the Token Embed module to a 3D image as described in

isubsection 5.3.11 We switch to the Smooth L1 loss function [20] for training, which is less

sensitive to outliers compared with the [MSE] loss used in the previous chapter. The Smooth

L1 loss is defined in [Equation 5.1|

0.5(Y —=Y)2,  ifly—g| <1

ESmooth L1 — (51)

Y — Y| —0.5, otherwise

where Y is the predicted confidence map and Y is the ground truth confidence map. The

same hyperparameters as in [section 4.4] are used unless otherwise specified.

5.4 Quantitative Evaluation

The same 4 test sequences as in are used to evaluate the performance of mRadNet
against our own previous model based on 3D Swin Transformer. Performance on each object
class with different thresholds are reported in

Compared with [Table 4.1 mRadNet achieves a slightly better overall performance than
our previous 3D Transformer based model, with an increase of more than 1% in mAPl We
see significant improvements in detection of cars, with more than 5% increase in [AP] and

more than 1.5% increase in [AR] making it the best performing class in this experiment.
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Table 5.3: Class-wise evaluation in different sequences.

Sequence Scene Class AP [AR]

Cyclist 89.81% 91.11%
Mean 89.81% 91.11%

Pedestrian 76.10% 82.10%
Cyclist 79.77% 92.22%
Car 92.95% 95.26%
Mean 80.29% 87.11%

Pedestrian 97.45% 98.56%
2019_05_23_PM1S013 Parking lot  Cyclist 98.08% 98.90%

2019_04_09_BMS1001 Parking lot

2019_04_30_MLMS001 Internal road

Mean 97.45% 98.59%
2019_09_29_0NRDOO5 Highway ff;n gg'gg) gggg?
. 0 . 0

This indicates that the proposed mRadNet is more effective in capturing the features of fast
moving objects at far range, possibly due to the enhanced temporal modeling capability
brought by the redesigned Token Embed module.

In line with [section 4.5 we also break down the performance of mRadNet by test se-
quences for more detailed analysis on its strengths and weaknesses. The results are summa-
rized in [Table 5.3

Again, we observe major improvements in car detection across all sequences, especially in
the highway sequence 2019_09_29_0NRD005, in which our previous model demonstrated the
worst performance, while mRadNet achieves a much higher performance that matches that
of easier scenes such as parking lots. This further validates the effectiveness of the proposed
mRadNet architecture in handling challenging scenarios involving fast moving objects at far
range. Another noticeable change is the slight drop in cyclist detection performance in the
internal road sequence 2019_04_30_MLMS001, which could be attributed to misdetections of
the occluded cyclists due to more focus on learning features of cars, but more investigation

through case studies and visualizations are needed to confirm the root cause.
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Figure 5.5: Perception performance at different ranges. [AP| and [AR] for each class are
calculated for objects within different range intervals, as well as the overall mAP] and AR

5.4.1 Range Perception

To better understand the strengths and weaknesses of mRadNet’s perception capability, we

further breakdown its performance at different range intervals, in line with the analysis in

[subsection 4.5.1] The results are illustrated in [Figure 5.5

When comparing [Figure 5.5 with [Figure 4.5] one can immediately notice the significant

improvements in the detection accuracy at close range (0-5m). All three classes see more
than 10% increase in [AP] in this range interval, with pedestrian detection seeing the most
improvement of an astonishing 40%. However, same improvements are not seen in [AR],

suggesting that most of the improvements come from more precise localization of detected

objects. Inlsubsection 4.5.1] we tentatively blamed the poor performance at close range of our

previous model on the limited samples at this range, but mRadNet’s significant improvement
suggests that precise localization can be achieved even with limited training data. Apart
from improvements at close range, we also see around 10% increase in [AP] at far range (20-
25m) for pedestrian, which was the worst performing class-range combination in our previous
model. Again, this should be attributed to mRadNet’s better localization capability brought
by the new token mixers. Overall, mRadNet demonstrates much more balanced perception

capability across different ranges, making it a more reliable choice for real-world applications.
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Figure 5.6: Perception performance at different azimuths. [AP] and [AR] for each class are
calculated for objects within different azimuth intervals, as well as the overall InAP| and

mARI

5.4.2 Angular Perception

We also evaluate the perception performance of mRadNet at different azimuth intervals,

following the same approach as in [subsection 4.5.2 The results are illustrated in [Figure 5.6

We observe similar trends as in [Figure 4.6] with mRadNet achieving the best performance
at the frontal azimuth (-20° to 20°) and gradually decreasing performance towards the sides.
The two models perform similarly at the frontal azimuth, but at extreme angles (beyond
+40°), mRadNet demonstrates better perception capability with around 5% higher [APl for all
three classes, producing a more balanced angular perception overall. Interestingly, cyclists at
40° to 60° azimuth see a huge 40% increase in[AR] but the same magnitude of improvement is
not observed in[APl From[Figure 3.3 it can be seen that there are very few samples of cyclists
at this azimuth range. While a higher [AR]of these rare cases does not necessarily reflect better
overall detection capability, it does indicate that mRadNet is more effective in detecting
distorted radar signatures of cyclists at extreme angles. This appears to be an especially
desirable trait for radar perception systems, as radar resolution degrades significantly at

extreme angles.
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Figure 5.7: Illustrative comparison of model accuracies and sizes. O [CNNk, O Transformers,
and O MetaFormers, are represented by circles, with their sizes proportional to the model

size (number of parameters) and their positions representing their year of debut and overall
accuracy (AP averaged over different [OLS] thresholds).

5.5 Comparative Research

To evaluate the performance of mRadNet against existing methods in the literature, we
compare its results with previous State-Of-The-Art (SOTA]) models that are evaluated on the
same CRUW dataset. An illustrative comparison of the overall accuracy against model size
is shown in and a full comparison with detailed class-wise results is summarized
in We also measured the model efficiency of each method in terms of number of
parameters, Multiply-Accumulates (MACE), training time, and inference time, as shown in
[Table 5.5

From [Table 5.4 mRadNet achieves the best overall performance among all existing
methods, with an mAP] of 86.70% and an [mAR] of 91.08%, outperforming previous
E-RODNet by more than 1% in both metrics. Notably, mRadNet achieves significant im-
provements in car detection, with more than 4.5% increase in [AP] compared to all other
methods. This further validates the effectiveness of the proposed mRadNet architecture in
the detection of fast moving objects through enhanced temporal modeling capability. For
slow moving objects, however, E-RODNet still holds a slight advantage in [AP] for pedestrian

and cyclist, although mRadNet achieves better [AR] for both classes. This indicates that
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Table 5.4: Comparison of model performances on CRUW dataset

7

Model &AP ABR bAD dAR @&AEP @&BER WAP mWAR
RODNet—CDC[4, 5] 77.11% 79.64% 69.39% 70.02% 82.91% 89.13% 76.33% 79.28%
RODNet—HG[4, 5] 78.90% 83.81% 76.69% 78.85% 83.36% 88.55% 79.43% 83.59%
RODNet-HGWI, 5] 79.47% 81.85% 70.35% 71.40% 84.39% 90.05% 78.06% 81.07%
DCSN[71] 76.70% 81.50% 66.78% 69.04% 82.56% 89.52% 75.30% 79.92%
T-RODNet[43] 82.19% 85.41% 82.28% 84.30% 86.22% 92.53% 83.27% 86.98%
SS—RODNet[?Q] 81.37% 84.61% 83.34% 85.11% 85.55% 90.86% 83.07% 86.43%
Mask—RadarNet[73] 82.74% 85.80% 85.06% 86.67% 85.96% 90.66% 84.29% 87.36%
3D Swin T. (Ours)  83.57% 89.85% 87.38% 91.38% 85.34% 92.51% 85.18% 91.02%
E-RODNet[50] 84.30% 88.37% 88.56% 90.95% 83.87% 90.14% 85.46% 89.19%

mRadNet (Ours) 84.00% 88.60%

87.13% 91.93% 90.59% 94.17% 86.70% 91.08%

Table 5.5: Comparison of model efficiency on CRUW dataset.

Model AP mAR] Params [MACks  Training Inference
RODNet-CDC[4, 5] 76.33%  79.28% 34.52M  280.03G 5h 1ms
RODNet-HG[4], 5] 79.43%  83.59% 129.19M 2144.86G 35h Tms
RODNet-HGWI[4, 5] 78.06%  81.07% 61.29M  5949.68G 177h oms
DCSNJ7T] 75.30%  79.92% 28.10M  3039.89G 113h 10ms
T-RODNet[43] 83.27%  86.98%  44.31M  182.53G 8h 20ms
SS-RODNet[72] 83.07%  86.43% 33.10M  172.80G 8h 20ms
Mask-RadarNet[73] 84.29%  87.36%  32.12M  176.91G 8h* 20ms*
3D Swin T. (Ours) 85.18% 91.02% 10.31M  189.16G 6h 12ms
E-RODNet[50] 85.46%  89.19% 6.10M  33.25G 6h 36ms
mRadNet (Ours) 86.70% 91.08% 4.93M  32.79G 5h 14ms
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mRadNet’s localization accuracy lags slightly behind E-RODNet for small and slow moving
objects, which could be attributed to E-RODNet’s more extensive use of convolutional token
mixers that are more effective in capturing local features. Our previous 3D Swin Transformer
based model also demonstrates competitive performance, achieving better overall and class-
wise AP and than all existing Transformer based methods, but still falling short of
E-RODNet and mRadNet.

In terms of model efficiency as shown in [Table 5.5 mRadNet achieves the best per-
formance with the smallest model size and lowest computational cost among all compared
methods. We observe a trend that MetaFormer based models tend to be much smaller than
both and Transformer based models, while achieving better performance as well. The
MetaFormer architecture empowers these models to secure a solid performance lower bound,
allowing more aggressive design optimizations to reduce model size and computational cost
without sacrificing much accuracy. In terms of training and inference time, models
such as RODNet-CDC still hold an advantage due to their shallow and largely parallelizable
architectures, but their performance lags far behind more advanced models. If we rule out
models from the table, mRadNet also demonstrates the shortest training time and
second fastest inference time among Transformer and MetaFormer based models, making it

a well balanced choice in both model performance and efficiency.

5.6 Ablation Studies

To better understand the contributions of different components in mRadNet, we conduct
ablation studies by removing or replacing modules in the architecture and evaluating the
performance drop. Specifically, we investigate the importance of three key designs: the To-
ken Embed module, the Token Merging module, and the SepConv token mixer. For the
first two modules, we replace them with corresponding modules from our previous 3D Swin

Transformer based model: stacking the chirps along the channel dimension, and convolu-
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Table 5.6: Ablation study on mRadNet.

Model A[AP /AR AP HEAR AP MAR mAP mWAR

w/o TokenEmbed 80.95% 84.97% 82.94% 91.36% 87.55% 91.25% 83.31% 88.56%
w/o TokenMerging 81.38% 84.61% 83.34% 85.11% 85.55% 90.86% 83.07% 86.43%
w/o SepConv 78.84% 85.92% 83.36% 90.44% 88.97% 92.90% 82.89% 89.14%
mRadNet 84.00% 88.60% 87.13% 91.93% 90.59% 94.17% 86.70% 91.08%

tional downsampling without normalization. For the token mixer, we replace the separable
Convolution with the standard Multi-Head Self-Attention mechanism used in Transformers.
The results of the ablation studies are summarized in [Table 5.6

From we can see considerable performance drops in all three ablated models
compared to the full mRadNet architecture. The model without separable Convolution token
mixers sees the largest performance drop, with more than 3.5% decrease in AP indicating
that the integration of convolutional token mixers plays a crucial role in enhancing the local
feature extraction capability of mRadNet. This model also suffers from the most significant
drop in pedestrian detection performance but sees only moderate decrease car detection
performance, adding further evidence to our previous claim that precise localization of small
and slow moving objects benefits greatly from convolutional feature extraction. The removal
of the Token Embed module results in more than 3% decrease in [mAP] with significant drops
in both pedestrian and cyclist detection performance. This validates the effectiveness of the
proposed learnable approach for approximating the Doppler transformation, which enhances
the model’s capability in capturing speed related features. Lastly, the model without the
Token Merging module also experiences a notable performance drop of more than 3.5% in
mAP] with significant decreases in the [AR] of all three classes. The checkerboard effect
introduced by naive convolutional downsampling appears to have a detrimental impact on
the model’s ability to detect objects at certain positions, leading to more missed detections.
Overall, the ablation studies confirm the importance of each key design in mRadNet, and
their synergistic integration results in a powerful radar perception model that outperforms

existing methods in both accuracy and efficiency.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

With the development of technologies, radar sensors have seen increasing adoption in
recent years due to their robustness in adverse weather conditions. Their ability to provide
accurate speed information also makes them a valuable sensor for object detection tasks.
However, radar object detection remains a challenging task due to the noisy and sparse na-
ture of radar signals, as well as the lack of texture information. Traditional radar object
detection pipelines often rely on hand tuned features, and lack the ability to generalize to dif-
ferent environments. Deep learning-based approaches have shown promising results in recent
years, with mature vision architectures such as [CNNk and Transformers being adapted for
radar object detection. However, existing models often require large model sizes to achieve
acceptable performance, leading to high inference latency and limiting their deployment in
real-time applications. In this thesis, we explored two possible solutions to address these
challenges. A spatio-temporal radar object detection model based on 3D Swin Transformer
was proposed in demonstrating the effectiveness of the proposed architecture in
modeling radar features and aggregating temporal information for improved detection per-
formance. Acceptable competitive performance was achieved on various scenarios, though

defects in the design of window-based attention mechanism and the upsampling module were

80
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observed in attention visualization results, and challenges remained for in further improv-
ing the model’s performance without increasing its size. To this end, we proposed a more
compact radar object detection model coined mRadNet in inspired by the re-
cently proposed MetaFormer architecture. Empowered by the flexibility of the MetaFormer
architecture, mRadNet benefitted from the strengths of convolution-based token mixers and
attention-based token mixers, and achieved more accurate localization while maintaining
strong temporal and global feature modeling capabilities. With more efficient token encod-
ing and decoding strategies, mRadNet achieved state-of-the-art performance on the CRUW
ROD2021 dataset, with a fraction of the model size and inference time compared to existing

Transformer-based models, making it a more suitable candidate for real-time applications.

6.2 Future Work

With the promising results achieved by mRadNet, several directions can be explored in future
work to further improve perception performance and efficiency for applications.

While the proposed models have demonstrated decent performance on the ROD2021
dataset, the models’ generalizability it is far from optimal and could benefit from further
investigations into the model’s generizability to different driving scenarios. In this thesis,
experiments were only conducted on a single dataset with limited diversity in terms of driv-
ing environments, weather conditions, and object types. Future work couldan focus on the
evaluation of the proposed models with on additional radar object detection datasets, and
explore the possibility of expanding to 4D radar data for richer spatial information. Addi-
tionally, data synthesization through simulation or generative models can be investigated to
augment the training data and improve the model’s robustness to various scenarios.

Radar sensors are more robust in adverse weather conditions compared to emission-based
sensors such as cameras and lidar, but their inherent limitations such as textureless signals

and low spatial resolution still pose challenges for accurate object detection. To address these
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challenges, future work can explore the integration of radar data with other high-definition
sensor modalities, such as cameras and lidar, to leverage their complementary strengths.
Explicit spatial representations such as [BEV], as well as DETR-based end-to-end modeling
approaches have shown promising results in recent years, and future work can explore the
application of these techniques in integrating radar data with other sensor modalities for
enhanced perception performance.

MetaFormer-based architectures have shown great potential in balancing model perfor-
mance and efficiency. By decoupling token mixers from the overall architecture, MetaFormer
points to a new direction for designing building blocks of computer vision models. Prior to
MetaFormer, literature has largely focused on developing novel token mixers, leaving un-
explored the possibilities of architectural designs that can better leverage existing token
mixing techniques. Future work can focus on improving the MetaFormer architecture itself,
including exploring different configurations of module arrangements within each stage, in-
vestigating alternative information flow mechanisms, and proposing designs that are more
tailored to radar data characteristics.

Occupancy networks have recently gained emphasis in the field of perception due
to their ability to provide dense scene understanding and class agnostic obstacle represen-
tation, which is crucial for safe navigation and decision-making. While this thesis focused
on radar object detection, future work can explore the application of MetaFormer-based
architecture for radar-based occupancy prediction tasks. By leveraging the strengths of
MetaFormer in modeling spatial and temporal features, it is possible to develop efficient and
accurate occupancy networks that can effectively utilize radar data for comprehensive scene

reconstruction and obstacle detection.
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