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Sensors, as a crucial part of autonomous driving, are primarily used for perceiv-
ing the environment. The recent deep learning development of different sensors has
demonstrated the ability of machines recognizing and understanding their surround-
ings.

Automotive radar, as a primary sensor for self-driving vehicles, is well-known for its
robustness against variable lighting and weather conditions. Compared with camera-
based deep learning development, Object detection using automotive radars has not
been explored to its full extent. This can be attributed to the lack of public radar datasets.

In this thesis, we collect a novel radar dataset that contains radar data in the form of
Range-Azimuth-Doppler tensors along with the bounding boxes on the tensor for dy-
namic road users, category labels, and 2D bounding boxes on the Cartesian Bird-Eye-
View range map. To build the dataset, we propose an instance-wise auto-annotation al-
gorithm. Furthermore, a novel Range-Azimuth-Doppler based multi-class object detec-
tion deep learning model is proposed. The algorithm is a one-stage anchor-based detec-
tor that generates both 3D bounding boxes and 2D bounding boxes on Range-Azimuth-
Doppler and Cartesian domains, respectively. Our proposed algorithm achieves 56.3%
AP with IOU of 0.3 on 3D bounding box predictions, and 51.6% with IOU of 0.5 on 2D
bounding box predictions. Our dataset and the code can be found at https://github.
com/ZhangAoCanada/RADDet.git.
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Chapter 1

Introduction

Autonomous driving, as a very popular research topic, has been widely studied in re-
cent years. Major vehicle manufacturers such as Tesla 1 and Mercedes-Benz 2 have in-
vested millions of dollars into this field for the development of self-driving cars. With
the help of recent up-rising technologies such as Machine Learning (ML), self-driving
vehicles have become more and more stable and reliable. Modern autonomous driv-
ing was first introduced by the ALV project [31] at Carnegie Mellon University, which
was funded by the Defense Advanced Research Projects Agency (DARPA), in 1984 [82].
Since then, the increasing popularity of autonomous vehicles has drawn public atten-
tion, and rapid improvements in this field have been witnessed over the last decade. As
a result, the impressive achievement obtained has stimulated more studies in this field,
and thus more targeted improvements have been introduced. Today, with the develop-
ment of commercial self-driving vehicles such as the Tesla Model Series, autonomous
driving is becoming a part of our lives.

One of the biggest concerns in the deployment of autonomous vehicles is safety.
Many related accidents have been reported by the major media recently. Driver fatality
cases such as [85], [77] and [78], and pedestrian fatality cases such as [42] were first
brought into public in 2018. After that, the increasing public concerns have posed many
questions about self-driving cars being deployed into our lives. Apart from the rising
urgency of the legislation for autonomous driving, researchers are also seeking a solu-
tion to improve the safety of autopilot vehicles. The objective of the safety improvement
is to make the autonomous agent travel reliably and safely through its environment by
properly sensing, understanding, and judging its surroundings [82]. Therefore, the core
technologies, sensors, have become the focus of recent studies in autonomous driving.

Sensors, known as the eyes of autopilot vehicles, are primarily used for perceiving
the environment. Different sensors such as LiDAR, Radar, Camera, Sonar, GPS and
IMU, have been employed in a wide variety of researches and applications. Based on
their different properties, sensors are generally split into two categories, 3D sensors and
2D sensors. 3D sensors such as Lidar and stereo cameras, can provide 3D information

1https://www.tesla.com/
2https://www.mercedes-benz.com/
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of the surroundings in a format known as point-cloud. Their accurate sensing has con-
tributed to the improvement of many key components in autonomous driving, such
as navigation systems and 3D reconstruction. Despite that, the applications of these
3D sensors are still very limited due to their high prices and excessive computational
consumption. 2D sensors, on the other hand, are normally cheaper than 3D sensors
and thus widely used in various applications. Camera, as a typical 2D sensor, provides
perspective views of the surroundings and presents them into images. Since this type
of interpretation is more intuitive to human beings, a great number of researches have
been conducted with cameras, especially in the field of machine learning. The recent
machine learning development in autonomous driving has shown the capability of the
computer to accurately understand and localize its surroundings through images. Other
types of 2D sensors, including radar and sonar, estimates the positioning information
of the surroundings by using Time of Flight (ToF) technology with specially designed
signals. In this research, we focus on machine learning development for a specific type
of 2D sensor, Automotive radar.

1.1 Overview of Automotive Radar

Automotive radar, also known as Frequency Modulated Continuous Wave (FMCW)
radar, is one of the primary sensors used in autonomous vehicles. Its robustness against
various lighting and weather conditions is considered as a necessary feature for modern
self-driving cars. The low cost of automotive radars also makes them available for many
other civilian applications such as traffic surveillance.

The first practical application of FMCW radar started in 1928, when J.O. Bentlei filed
the American patent on an "airplane altitude indicating system" [33]. Since then, FMCW
radars had been widely used for military purposes. The idea of automotive radars being
used in civilian applications began in the early 1940s, when the ultrahigh-frequency
band was exploited. Most of the theoretical works on FMCW radar were published
during a period from the late 1940s to the early 1960s [33]. Few years after that, the
applications of this type of technology started to be seen in various civilian applications
such as navigational radar and vehicle collision warning systems.

The basic function of automotive radar is accomplished by ToF technology. The
designed signals with modulated frequencies are transmitted from the radar and re-
flected by the objects before being received by the radar again. The distances between
the radar and the objects are calculated based on the time duration between the trans-
mitted signals and received signals. With the help of Doppler Effect, the velocities of
those objects can also be computed with the frequency differences between the signals.
Modern FMCW radars are usually designed with Multiple Inputs and Multiple Out-
puts (MIMO), shown in Figure 1.1. The differences between the signals observed from
different onboard receivers also enable the computation of the angles of received sig-
nals. Therefore, FMCW radar is capable of detecting both positions and speeds of its
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FIGURE 1.1: Left: AWR1843Boost FMCW mmWave Radar with
DCA1000EVM Data Capture module of this project. Right:

AWR1843Boost antennas arrangement.

surroundings. On the other hand, since the transmitted signals are normally designed
with ultra-high frequencies, they are able to penetrate through certain objects such as
water and glass. As a result, different weather conditions such as fog and rain, can
hardly affect the function of FMCW radars. The advantages of automotive radars over
other sensors can be listed as follow:

• Able to detect the positions and the velocities of different targets simultaneously.

• Robust against variable lighting and weather conditions such as fog, rain and
snow.

• Highly configurable with various available range/doppler profiles.

• Light-weight, low-price and small energy consumption.

Although FMCW radar has many advantages, there are still a number of challenges
that need to be addressed. The main issue with radar is the high level of noise found
in its signals. The variability of the reflectivities of different object surfaces also repre-
sents a challenge for detections. Various algorithms such as Constant False Alarm Rate
(CFAR), have been developed over many years to overcome the problem. Recent tech-
nologies such as machine learning are also studied for improving the detection quality
of FMCW radars.

1.2 Overview of Object Detection

Deep Learning (DL), as a sub-field of machine learning, has been one of the most inten-
sively researched topics in recent years. Its idea is to teach the machine to perform a
specific task through the data. In Computer Vision (CV), tasks such as object detection,
instance segmentation and super-resolution, have been widely studied and applied to
our daily lives. Among them, object detection is considered as one of the most impor-
tant branches of autonomous driving due to its high precision and fast speed.
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Modern object detection development started in the early 2010s, with the introduc-
tion of a special type of deep networks, Convolutional Neural Networks (CNNs). The
proposal of simultaneously recognizing and localizing the objects in images rapidly
raised the interests of researchers in this field. With the development of object detec-
tion algorithms such as R-CNN [20], YOLO [54] and SSD [41], applications started to be
brought into various areas such as autonomous driving, machine inspection and face
detection. As deep learning algorithms keep evolving, more advanced object detection
algorithms with higher performance and faster speeds have been developed during the
most recent years.

The objective of object detection is to use deep learning models to detect not only
the positions but also the categories of the targeted objects in the images. As there is
normally more than one object appearing in an image, a technique called bounding box
is used to specify the locations of different objects. Figure 1.2 shows a sample of results
produced by a modern object detection algorithm.

FIGURE 1.2: A sample of image object detection
using YOLOv4 [2].

The key contribution to the modern
development of image object detection
is the introduction of public datasets.
These datasets are normally categorized
into generic datasets and task-targeted
datasets. Generic datasets such as
COCO [39] and ImageNet [60] provide
thousands of images with millions of ob-
ject instances and hundreds of categories
to all researchers for deep learning devel-
opment on various tasks, including ob-
ject detection, semantic segmentation, ob-
ject tracking and etc. Huge datasets of-
ten help to improve the generalization of
the corresponding development. Task-
targeted datasets, on the other hand, are normally designed for the specific tasks. For
example, KITTI [17] dataset, which is developed specifically for autonomous driving,
contains the data from various sensors, such as Lidar and Stereo cameras. The object
categories in the dataset are also limited to the self-driving related classes such as pedes-
trians, cars and trucks. This type of dataset can provide more insights into a specific area
and help the improvement of task-targeted object detection models.

1.3 Problem Statement

As image object detection has shown its capability of achieving high precisions, re-
searchers started to seek the possibilities of deep learning algorithms applied to the
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radar domain. Although different applications of radar-based detections have been ex-
plored recently, the total number of related researches is still very limited. One primary
reason for this phenomenon is the lack of public radar datasets.

Unlike image-based datasets that provide intuitive data interpretations, the genera-
tion of radar-based datasets is relatively difficult due to several reasons. First, the highly
configurable property of FMCW radars makes it hard for dataset standardization. Dif-
ferent configurations can result in different data resolutions and range limitations. Sec-
ond, different radar data formats, such as point-cloud format and signal spectrum for-
mat, also make it difficult to standardize radar datasets. Third, the low readability of
radar data can lead to problems for manual annotations as human beings can hardly
recognize the differences between the objects in radar frames. Fourth, the noisy data
also complicates the process of dataset generation since it can dramatically impact the
annotation quality.

For radar object detection, although recent researches have proven that image-based
models such as FCN [67] can be transferred to the radar-based development, the possi-
bility of more common image object detection models being employed in radar object
detection has not been fully explored. Therefore, more model explorations and cus-
tomizations need to be done for the further improvement of radar object detection.

In this research, we introduce a novel publicly available dataset along with our auto-
annotation algorithm, and a radar object detection model for dynamic road users. Our
contributions are as follows:

• A novel dataset3 that contains radar data in the form of Range-Azimuth-Doppler
(RAD) representations with the corresponding annotations for various object classes
is introduced. The dataset is set publicly available. In addition, the automatic
annotation method for generating ground-truth labels on all dimensions of RAD
tensors and the corresponding Cartesian representations is also provided.

• A new radar object detection model with a ResNet [25]-like backbone and a dual
detection head is proposed. Our new dual detection head, with a 3D detection
head on RAD data and a 2D detection head on the data in Cartesian coordinates, is
developed based on YOLO [6] detection head. Our proposed model is extensively
evaluated against the well-known image-based object detection counterparts. Re-
sults show that our proposal achieves state-of-the-art performance in the object
detection task from radar data.

1.4 Thesis Outline

The remainder of this thesis is organized as follows.
Chapter 1 “Introduction”: This chapter introduces an overview of two primary sen-

sors used in autonomous driving, radar and camera, and briefly discusses the problems

3https://www.site.uottawa.ca/research/viva/projects/raddet/index.html

https://www.site.uottawa.ca/research/viva/projects/raddet/index.html
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of the recent radar object detection development along with our contributions in this
research.

Chapter 2 “Background”: This chapter introduces the background knowledge of
FMCW Signal Processing, Stereo Depth Estimation and image-based Deep Learning
Applications.

Chapter 3 “Related Work”: This chapter presents a literature review of the most
recent development on radar object detection and image object detection.

Chapter 4 “Dataset Generation”: This chapter describes the work for generating
our proposed radar dataset, including hardware setups, sensor registration and a novel
auto-annotation algorithm. A statistical analysis of the dataset is also presented at the
end of the chapter.

Chapter 5 “Range-Azimuth-Doppler based Object Detection”: This chapter presents
our proposed deep learning model, which consists of a backbone and a dual detection
head, for radar object detection.

Chapter 6: “Experiments”: This chapter provides the information of our model ex-
ploration along with the results and analysis of state-of-the-art image-based models on
radar object detection, including several popular backbones and self-attention layers.

Chapter 7: “Conclusion and Future Work”: This chapter summarizes the proposed
auto-annotation algorithm, the radar dataset and our radar object detection model, and
proposes the potential improvements that can be done in future research.
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Chapter 2

Background

Raw data acquired from Frequency Modulated Continuous Wave (FMCW) radars are
unreadable for human observers. To deal with this problem, traditional Digital Signal
Processing (DSP) has to be applied to the received raw Analog to Digital Converter
(ADC) signals. The outputs of the traditional DSP are normally formulated into Range-
Azimuth-Doppler (RAD) data format, which is used for the development of our auto-
annotation algorithm and radar dataset. In this chapter, we first introduce the back-
ground information of traditional radar DSP. Then, the fundamental of stereo depth
estimation is introduced for the reason that our auto-annotation algorithm is built with
a FMCW radar and a pair of stereo cameras. Finally, a brief introduction of modern
image-based deep learning algorithms is presented at the end of this chapter to provide
related background information.

2.1 FMCW radar

Frequency Modulated Continuous Wave (FMCW) radar is a type of radar where a
known modulated frequency continuous wave radio energy is transmitted and then
received from any reflecting objects [9]. Different types of modulated frequencies such
as sawtooth type, triangle type and sinusoidal type, have been applied to various real-
world applications. In our research, we focus on sawtooth type signals from a Texas In-
strument AWR1843BOOST1 radar for data collection and annotation. Figure 2.1 shows
the basic profile of the signals with sawtooth form of instantaneous frequency. The fre-
quency of this type of transmitted signals changes linearly and periodically with respect
to time. For convenience, an entire period is often called one “chirp”. The time duration
of one chirp is also called Sweep Time (Tc). Combined with the built-in properties such
as frequency bandwidth (B) and initial frequency ( f0) of our FMCW radar, the mathe-
matical model of transmitted signal frequency is formed as Equation 2.1

f (t) = f0 +
B
Tc

t, t ∈ [0, Tc] (2.1)

1https://www.ti.com/
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FIGURE 2.1: Left: Sawtooth chirp profile, where the echo delay ∆t is
transformed to the frequency difference ∆ f and fD is the doppler shift.
Right: Frequency profile, where Tc is the Sweep Time and B is the fre-

quency bandwidth.

where, t is the time variable. The term B
Tc

can also be viewed as the frequency slope
shown in Figure 2.1.

Traditionally, the distance measurement of impulse radars that use Time-of-Flight
(ToF) technologies is calculated as Equation 2.2.

R =
c · ∆t

2
(2.2)

Where, R stands for range; ∆t is the time duration between transmitted and received
signals; c ≈ 3 × 108 is the light speed. Unlike traditional ToF radars that the preci-
sion of distance measurement depends on the accuracy of time measurement, FMCW
radars take full advantage of the linear frequency profile. As shown in Figure 2.1, the
time duration 4t between the transmitted and received signals is transformed to the
frequency difference 4 f for the distance calculation. The mathematical description of
such transformation is formulated as Equation 2.3.

4t =
Tc4 f

B
(2.3)

This way, accurate distance measurement can be computed by simply observing the
frequency difference between the transmitted and received signals.

Figure 2.1 also shows the existence of a constant phase shift fD between the trans-
mitted and received signals. This shift is known as Doppler frequency, which is caused
by the moving objects. The calculation of the doppler frequency is conducted with the
observations of fD from consecutive chirps.

Modern FMCW radars are often designed with multiple transmitters and receivers.
Using the phase angle differences between the signals received by different receivers,
the angles of the reflected signals can also be calculated. Therefore, the information that
can be acquired from FMCW radars consists of range (distance), doppler (velocity) and
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angle.

2.1.1 3D FFT

Since the calculations of range, doppler and angle are based on the frequency or phase
differences between the transmitted signals and received signals, Fast Fourier Trans-
form (FFT) is considered as the primary method for the computations.

For range FFT, the overall process of the received signals from different objects is
shown as Figure 2.2. Since the raw ADC signals from our FMCW radar are already

FIGURE 2.2: Top: FMCW signals from different receivers. Bottom: The
frequency differences between the transmitted and received signals, also

called Intermediate Frequencies (IF).

presented as the mixtures between the transmitted and received signals, the outputs of
range FFT are directly interpreted as the frequency differences ∆ f , which is also known
as Intermediate Frequencies (IF). Combined with Equation 2.3, the distance between
the object and the radar is thus formulated as Equation 2.4.

R =
Fr · Tc · c

2B
(2.4)

Where, Fr is the IF; c is the speed of light. It is a fact that the frequency resolution of the
mixed signal is bounded by the chirp frequency [70]. Therefore, IF Fr, which is the mixed
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signal from the transmitted and received signals, is bounded by the chirp frequency 1
Tc

.
Combined with Equation 2.4, a lower bound of range detections can be computed as

c
2B . This lower bound is also called range resolution. It indicates the minimum range
required for distinguishing two different objects in the same radar frame. On the other
hand, since the input ADC signals of FFT are digitized, the frequency outputs are also
discretized. According to the property of FFT, the output IF bandwidth is limited to
the sampling frequency of the ADC signals. This IF bandwidth limitation also indicates
radar’s maximum detection range. Factors such as sampling rate and frequency slope
are often pre-configured in order to constrain the maximum detection range.

For doppler FFT, calculations are done by accumulating a certain number of con-
secutive chirps due to several reasons. First, unlike range FFT that the computation is
conducted with intermediate frequencies, the calculation of doppler FFT is based on the
phase shifts between the transmitted and received signals, shown in Figure 2.1. Sec-
ond, even by accumulating chirps, the total time duration is measured in the unit of
µsec. Thus, the speed of the object can be viewed as a constant, which makes it feasi-
ble for the velocity calculations. Two major properties of doppler FFT, doppler/velocity
resolution and maximum detection velocity, are determined by the total number of
accumulated chirps and sweep time Tc respectively.

Angle FFT, unlike others, is determined by the on-board hardware setups of the
radar. The number of transmitters and receivers directly decides the output quality
of angle FFT. Based on the physical arrangement of transmitters and receivers, the re-
ceived signals are usually arranged into an array, which is called virtual antennas. For
most FMCW radars, the distance arrangements of transmitters and receivers are always
proportional to the transmitted signal wavelength. Therefore, virtual antennas array
is usually formed by concatenating all the received signals from different transmitters.
This array is then processed by FFT and the output is interpreted as angles represented
in polar coordinates. The process is also known as Direction of Arrival (DOA). There
are two types of angles that can be extracted from angle FFT, namely azimuth angle
and elevation angle. Azimuth angle describes the horizontal position of the object and
elevation angle indicates the vertical position. In our research, we only consider the az-
imuth angle due to the hardware limitation of the radar. Thus, in the following sections,
we will call the angle FFT as Azimuth FFT.

2.1.2 Range-Azimuth-Doppler

As introduced above, different arrangements of the ADC signals are required for range
FFT, doppler FFT and azimuth FFT. Therefore, it is reasonable to arrange the raw sig-
nals into the desired format. In practice, a preferable way is to formulate a 3D tensor
with each dimension illustrating the number of digital signals within one chirp, number
of chirps per frame and number of virtual antennas respectively. Figure 2.3 shows the
pipeline of such data formatting. The formatted data are then directly fed into 3D FFT
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FIGURE 2.3: Data formatting for the raw ADC signals.

process for extracting the information on range, doppler and azimuth. The output is of-
ten called Range-Azimuth-Doppler (RAD). As such format provides convenience for
processing and interpreting radar data, it gradually becomes the main data format for
both academic and industrial usages. Two sub-category formats, Range-Azimuth (RA)
format and Range-Doppler (RD) format, can be extracted from RAD tensors by sum-
mating along the doppler axis and the azimuth axis respectively. Figure 2.4 shows the
RA and RD representations. As RAD format is represented in a 3D tensor, it is always

FIGURE 2.4: Left: Range-Doppler format. Middle: Range-Azimuth for-
mat. Right: Range-Azimuth representation in Cartesian coordinate

transformed into RA and RD formats for visualization. Similar to polar representation,
RA format, shown in Figure 2.4, contains the information of range and angle. Thus, it is
always transformed into Cartesian representation for higher readability.

A variance of signal processing algorithms on azimuth dimension exists as MU-
SIC [64]. This algorithm is able to provide angle detections with higher precision. How-
ever, due to the high computational power consumption, it is less popular than FFT in
this field. In our research, we employ FFT as our radar DSP method in order to study
the general performance of deep learning models on FMCW radar data.
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2.1.3 Constant False Alarm Rate

Background noise is a common issue of FMCW radars. Various algorithms have been
developed over the years to overcome this issue. Among them, Constant False Alarm
Rate (CFAR) has gained certain popularity during recent years due to its robustness
against various noise signals.

Figure 2.5 shows the data flow of CFAR algorithms. This type of algorithms uses

FIGURE 2.5: The illustration of CFAR algorithms in general. CUT is the
Cell Under Test. Cells C1 to CN are for generating the CFAR threshold.

G1 to GM are the guard cells.

sliding-window techniques for noise filtering. Each input cell from the RAD data is
processed by this technique individually during the denoising process. The cell to be
processed by the algorithm is often called Cell Under Test (CUT). At each CUT, a fixed-
size window is defined with CUT centered, shown as all the cells in Figure 2.5. A set of
guard cells is defined as the neighbouring cells of CUT, shown as G1 to GM in Figure 2.5.
These cells are not considered for the computation during the process due to the reason
that they usually belong to the same detection target as CUT. Cells that do not belong
to either CUT or guard cells, shown as C1 to CN in Figure 2.5, are then passed into a
predefined function f for computing a threshold. Afterwards, a tunable coefficient α is
added for adjusting the threshold levels. The value of CUT is then evaluated against
this threshold to define detections.

Based on different predefined functions, the implementations of CFAR algorithm
vary from each other. Two CFAR sub-categories, namely Cell-Averaging CFAR (CA-
CFAR) and Ordered-Statistic CFAR (OS-CFAR), have been widely employed to various
applications. The function f of CA-CFAR is to take average over all input values. For
OS-CFAR, inputs are sorted and the cell from a predefined location of the sorted input
array is selected for defining the threshold. Algorithm 1 shows the detailed implemen-
tation of OS-CFAR algorithm. Practically, OS-CFAR provides higher performance but
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much slower than CA-CFAR. Therefore, OS-CFAR is more preferable for academic us-
ages while CA-CFAR has been seen more in the industry.

Algorithm 1: OS-CFAR Algorithm [81]

Initialize window cells size M + N;
Initialize guard cells size M;
Initialize the ordered statistic number j;
Set all cells to be detected as a set CUTset;
for CUT ∈ CUTset do

Initialize all measurement cells C = {C1, C2, ..., CN} w.r.t CUT;
Sort cells C and extract the j− th element as Cj;
if CUT ≥ α · Cj then

The current CUT is marked as detection.
else

Continue for loop.
end

end

2.2 Stereo Vision

Stereo vision, also known as binocular stereopsis, uses the perspective difference be-
tween two cameras for depth estimation. In our research, we use stereo vision along
with Mask-RCNN [24] for instance-wise point-cloud generation. The following sec-
tions are separated into calibration, disparity estimation and triangulation to briefly
introduce the general process of stereo depth estimation.

2.2.1 Intrinsic and Extrinsic Calibration

Modern cameras are developed based on the poin-hole camera techniques. The general
process is to project the objects from 3D world coordinates onto a 2D image plane. For
different cameras, different hardware setups normally lead to different Field of Views
(FOVs) and distortion levels. Camera intrinsic matrix is defined to describe these prop-
erties. Equation 2.5 shows the mathematical model of real-world objects projected onto
the image plane.Ximage

Yimage

Zimage

 = P

X
Y
Z

 = K[I|0]
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Z
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
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Y
Z

 (2.5)

where, [Ximage, Yimage, Zimage] are the coordinates presented in the image plane and [X, Y, Z]
are the locations of objects in the world coordinates. P is the projection matrix from
world coordinates to the image plane. The matrix K is the Camera Intrinsic Matrix. The
formal mathematical description of the camera intrinsic matrix is shown as Equation 2.6.
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FIGURE 2.6: Examples of the chessboard image pairs taken from the
stereo cameras for the calibration.

K =

 f s cx

0 f cy

0 0 1

 (2.6)

In stereo vision, in order to accurately estimate the distances between the sensors
and the objects, the first step is to align the images taken from the two cameras. To do
so, the projection matrices of both cameras P1 and P2 need to be computed. Equation 2.7
and 2.8 shows the definitions of those matrices.

P1 = K1[I 0] = [I 0] (2.7)

P2 = K2[R T ] = [R T ] (2.8)

Where R is called Rotation Matrix and T is Translation Matrix. The combination of
these two matrices is called Homogeneous Transformation Matrix with the form shown
in Equation 2.9.

H =

[
R3×3 T3×1

0 1

]
=


r11 r12 r13 t1

r21 r22 r23 t2

r31 r32 r33 t3

0 0 0 1

 (2.9)

Since this matrix indicates the physical relationships between two image planes, it is
often referred to as Extrinsic Matrix of the stereo cameras.

In our research, the calibration of the stereo cameras and the computations of their
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intrinsic and extrinsic matrices are implemented with OpenCV2. Several sets of chess-
board images are taken from both cameras during the calibration process, shown as
Figure 2.6. Manual selections of the calibration images are also conducted to optimize
the intrinsic and extrinsic matrices.

2.2.2 Disparity Estimation

After the derivations of the intrinsic and extrinsic matrices, the images taken from the
left and right cameras are transformed onto the same 2D plane for the alignment. The
process is also known as Stereo Rectification. As a result, the pixels of the same object
on both images will be horizontally aligned. Due to the physical distance between the
two cameras, a pixel gap can also be found between the projections of the same object
on both images. This gap is known as disparity. Such disparity often indicates the
distance between the sensor and the object. Therefore, a disparity map is preferable for
illustrating the depth information of all the objects in the images. Figure 2.7 shows a
sample of generated disparity maps.

FIGURE 2.7: A sample of generated disparity maps. Left: images taken
from both stereo cameras. Right: disparity map. Darker the color, further

the object.

One intensively studied area of the generation of disparity maps is stereo matching.
The general understanding of stereo matching is to search for the pixel in the right im-
age that most likely contains the same object as the target pixel in the left image. Typical
window-based searching algorithms, such as line search and Global Block Matching al-
gorithm, have been widely researched in recent years due to their high performance
and fast processing speeds. In our research, we employed the implementation of Semi-
Global Block Matching (SGBM) algorithm from OpenCV for the stereo matching. Equa-
tion 2.10 mathematically explains the SGBM algorithm [27].

CA
r = C(p, d) + min


CA

r (p− r, d)
CA

r (p− r, d− 1) + P1

CA
r (p− r, d + 1) + P1

mini CA
r (p− r, i) + P2

(2.10)

2https://opencv.org/
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Where, p stands for target pixels in the left image; d stands for the maximum searching
disparity channels; r is an array that consists of all the desired searching directions;
P1, P2, P3 are tunable parameters for confinements; C means cost function. For SGBM,
the array r is always defined with 16 different directions, and the cost function C can
be either sum of absolute difference or sum of square difference. Techniques, such as
Weighted Least Square (WLS) filter and disparity normalization, are also applied after
SGBM in order to improve the quality of disparity maps.

2.2.3 Triangulation

With the derived disparity maps and other information above, the pixel-wise depth
estimation can be done by using triangulation geometry shown in Figure 2.8. The formal

FIGURE 2.8: Triangulation geometry. xL is the pixel location of point p on
the left image; xR is the location on the right image.

mathematical explanation is formed as Equation 2.11.

zp =
BL · f

xL − xR
(2.11)

Where, zp stands for the depth of the target; BL stands for the baseline distance between
the two cameras; f means local length; xL − xR is the disparity found by SGBM.

The maximum detection depth and the accuracy of depth estimation are determined
by two major factors, namely image resolution and baseline length. The image resolu-
tion of the cameras used in this research is 1440× 1080. However, such resolution was
found problematic due to the reason that the noise levels of the generated disparity
maps are considerably high, especially when objects are too far away from the sensors.
To solve this issue, we experimented with different image resolutions along with differ-
ent parameters for both SGBM algorithms and WLS filters. After several trials, we fi-
nally decided to use 800× 600 as the input resolution. For baseline length, a large length
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is always able to improve the accuracy of the detections for distant objects. Meanwhile,
it also reduces the Field of View (FOV) of the stereo sensor. Since the maximum detec-
tion range of our radar is set to 50m, the baseline length of the stereo is adjusted to fit
the radar configurations in our research.

As the disparity maps are derived from the left and right images, image-based ob-
ject detection algorithms [55, 41] and instance segmentation algorithms [24] can be em-
ployed for instance-wise depth estimation. In our search, we use Mask-RCNN [24] for
instance-wise point-cloud generation. The generated point-clouds are then used for an-
notating the radar instances. Details are introduced in Chapter 4.

2.3 Deep Learning

Deep Learning (DL) is a thriving research topic in recent years. Its perspective is to use
a dataset to learn a series of parameters that can perform a specific task without hard-
coded rules or human understandings [63]. The formal mathematical description is as
follow, given a dataset X that consists of inputs {x1, x2, ..., xn}, a deep learning algorithm
is defined as Equation 2.12 [63],

g(X, θ) = Wnσn(Wn−1...σ2(W2σ1(W1X))), θ = W1, W2, ..., Wn (2.12)

where, σ = σn, ..., σ2, σ1 is a set of pre-defined functions called activation functions; θ is
a set of learnable parameters. The function g is also known as model in many research
papers and applications.

The recent development of deep Learning has shown its incredible power in many
research areas, such as Computer Vision (CV) and Natural Language Processing (NLP).
In some specific tasks such as image recognition, it even exceeds human ability on the
task performance.

It was not until the appearance of large datasets such as ImageNet [60] and COCO [39]
that the deep learning development started to thrill. In ImageNet [60], Feifei Li et al.first
revealed the super power of deep learning to the world. Since then, the development
of deep learning models such as VGG [68], ResNet [25] and the development of task-
targeted datasets such as KITTI [17] have attracted more and more researchers to dive
into this field. Meanwhile, sequential data processing models such as Recurrent Neural
Networks [86], Long Short Term Memory [28] and Transformer [76] have dramatically
pushed the performance of deep learning on language processing.

This new trend of study is attributed to the development of several key DL com-
ponents. First, the discovery of backpropagation enabled the gradient calculation in a
computational efficient way. Second, optimization methods such as Stochastic Gradi-
ent Descent (SGD) [32] made the training achievable. The development of activation
functions such as rectified linear unit further improved the models’ ability to filter
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noise signals. The discovery of Multilayer Perceptron (MLP) demonstrated the poten-
tial of very deep models and various loss functions have been introduced to target dif-
ferent tasks. Finally, with Graphic Processing Unit (GPU) acceleration, the fast training
and inference speeds make the deployment of deep learning models feasible.

Based on different learning processes, deep learning is normally divided into super-
vised learning, unsupervised learning and reinforcement learning. Supervised learn-
ing is a learning process that relies on human inspections. Both ground truth labels and
inputs are required in dataset X in order to enable the training. On the other hand,
unsupervised learning is to learn the parameters θ with only inputs from dataset X.
Reinforcement learning, unlike the other two, is to predict an action based on the given
state in order to achieve the most rewarded outcome. This type of learning is usually
seen in the tasks such as gaming, robotics and other decision-making related tasks.

Deep learning can also be categorized based on different types of tasks, such as
Computer Vision (CV) and Natural Language Processing (NLP). In CV, a special type
of deep learning model, Convolutional Neural Networks (CNN), is widely used in
various applications. The architectures such as VGG [68] and ResNet [25] mentioned
above are all CNN-based models.

FIGURE 2.9: Data flow of convolutional layers.

Convolutional Neural Networks, also known as CNNs, are a specialized kind of
neural networks for processing data that has a known grid-like topology [21]. There are
two major components of CNN models, namely convolutional layer and pooling layer.
Convolutional layer is developed under the inspiration of traditional kernel-based im-
age processing algorithms. It defines a kernel and parameterizes all elements inside that
kernel. The kernel is then slided through the entire input with convolution operation
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described in Equation 2.13.

O(i, j) = (K ∗ I)(i, j) = ∑
m

∑
n

I(i + m, j + n)K(m, n) (2.13)

Where, O is the output, which is also called feature maps; K is the kernel with (m, n)
standing for a specific location inside it; I is the input with (i, j) illustrating the location
inside the input. Figure 2.9 shows the data processing of convolutional layers. Hyper-
parameters are defined to illustrate the behaviour of different types of convolutional
layers. Kernel size defines the size of the shared parameters in each kernel; Filters
shows the total number of output feature channels; Stride defines the output scale with
respect to the input size; Zero-padding indicates the focus of the processing areas. Other
types of convolutional layers such as atrous convolutional layers [7] are developed for
the specific tasks. Pooling layer, as another basic component of CNNs, is a kernel-based
operation without any parameterization. There are two popular types of pooling lay-
ers among computer vision researches, namely max-pooling layers and mean-pooling
layers. Similar to the convolutional layer, pooling layer also defines a kernel for the op-
eration. However, instead of filling the kernel with learnable parameters, it extracts the
maximum or mean value from the kernel into the output feature maps. This operation
can not only reduce the model size but also filter non-important features from the input.

Various tasks such as object detection, instance segmentation and semantic segmen-
tation, have been explored with CNN-based models. The focus of our research is object
detection. Since the dataset generation of our research is based on an instance segmen-
tation algorithm, the background information of instance segmentation is also required
for the process. In the following sections, the introductions of these two specific tasks
are discussed.

2.3.1 Object Detection

In real world applications, the images often contain more than one object. Therefore,
models that are designed for image recognition are not enough to identify and localize
all the objects. As a result, a new task, object detection, is designed for targeting such
problems.

Based on the applications, object detection algorithms are split into two categories:
Generic object detection and Salient object detection [90]. Sub-categories of generic ob-
ject detection are defined as face detection, pedestrian detection, and etc. As our re-
search belongs to generic object detection, the characteristics of salient object detection
are not discussed in this research.

Generic object detection is an instance-wise object-based task. It is usually classified
into two sub-tasks based on different functionalities, namely localization and classifica-
tion. The localization is realized through bounding box regression. Pixels that contain
the information of the targeted object are included inside a bounding box and then used
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for classification. The development of object detection algorithms is generally divided
into two categories according to their architectures, namely one-stage detectors and
multi-stage detectors.

R-CNN family [20, 19, 56, 24] is one of the keystones in object detection develop-
ment. It is also the first two-stage detector. This type of model usually consists of two
parts: a region proposal networks and a classification networks. The region proposal
networks extract the regions that most likely contain the objects and feed them indi-
vidually into the classification networks to identify those objects. The recent researches
of multi-stage object detection have shown the highly achievable performance and the
potential for more complicated tasks such as instance segmentation. However, the high
computational consumption makes it difficult to apply those algorithms to edge devices
and mobile devices.

One-stage detectors, on the other hand, are specifically designed for the high in-
ference speed. They usually go through the input once and summarize all necessary
information into the outputs. The interpretations of those outputs are then performed
based on different models. YOLO [54] and SSD [41] are the two most famous one-stage
detectors. Although they stand for two different detection methods, the mechanisms
are similar. They both encode localization and classification information into one final
output before decoding it. Figure 2.10 shows some examples of one-stage detectors.
Recent development in this area has further improved both the runtime speeds and

FIGURE 2.10: Samples generated from YOLOv4 [2].

the precision of one-stage detectors , and the performance gap between one-stage and
multi-stage detectors is gradually decreasing.
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FIGURE 2.11: Samples generated from Mask-RCNN [24].

2.3.2 Instance Segmentation

Instance segmentation is also an instance-wise task but more complex than object de-
tection. It can simultaneously predict the object class-label and the pixel-specific object
instance-mask, and localize different classes of object instances present in various im-
ages [23]. Figure 2.11 shows some samples of instance segmentation.

Mask-RCNN, as a keystone in this field, first introduced the high-precision localiza-
tion that can be achieved with instance segmentation. Since then, more researches such
as YOLACT [3] and SOLO [80] have been conducted and results show that it has the po-
tential for higher performance with much faster speed. However, due to the reason that
it is still computationally expensive, the applications are still limited to certain devices.

In our research, Mask-RCNN [24] with implementations from Detectron2 [84] is ap-
plied to stereo images for instance-wise point-cloud generation. Details are introduced
in Chapter 4.
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Chapter 3

Related Work

The recent development of image-based deep learning algorithms has shown its domi-
nant power in various tasks such as object detection, instance segmentation, super res-
olution and etc. Influenced by that, the development of autonomous radar is gradually
turning into deep learning domain. However, its potential has not been researched to
the full-extent due to various reasons. In this chapter, the recent radar studies are first
introduced along with the problems they are facing. Then, the state-of-the-art object
detection algorithms are introduced to provide an insight into the recent image-based
deep learning development.

3.1 Deep Learning development of FMCW Radar

Rapid improvement of FMCW radar-based deep learning research has been witnessed
during recent years. Tasks such as classification [51], object detection [11, 50, 43] and
point-cloud segmentation [5] have been widely studied and experimented. One com-
mon issue of radar-based deep learning researches is the lack of proper public dataset.
Thus, researchers tend to build their own datasets. Based on different types of radar
inputs and outputs, these studies are split into different categories. In the following
sections, we first introduce the techniques that have been used for generating radar
datasets. Then, various researches are introduced based on different input formats.

3.1.1 Dataset

Unlike image-based deep learning development that public datasets such as COCO [39],
ImageNet [60] and KITTI [17] can benchmark to various researches, the shortage of
public radar datasets is caused by radar hardware variance and its highly configurable
property. As introduced before, different FMCW chirp profiles such as frequency slops
and digital sampling rates significantly impact the maximum detection range and range
resolution of the radar. In addition, since the azimuth FFT is based on the total num-
ber of on-board transmitters and receivers, the angle resolution varies from radar to
radar. As a result, various types of datasets have been built for different radar research
purposes. On the other hand, issues like high noise level and low readability of radar
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data make the dataset building process relatively difficult. In order to tackle this, other
sensors such as Lidars and cameras are employed in various applications.

Camera, as the most intensively researched machine vision sensor, has been widely
applied to radar researches [22, 5, 87, 36, 48] for building radar datasets. Brodeski et al. [5]
use camera view for radar point-cloud segmentation. Lim et al. [36] employ camera In-
verse Projection Mapping (IPM) for bird-eye-view transformation to match the radar
sensor. Other researches [22, 87] transform the radar outputs onto camera frames for
annotation. In addition, Nowruzi et al. [48] use monocular 3D reconstruction to build
3D maps for annotating radar data.

3D sensors such as stereo cameras and Lidar are also seen in radar researches for
high-quality radar dataset generation. Palffy et al. [50] use a pair of stereo cameras for
radar ground truth labelling. In [43, 11], Lidar is applied along with 3D object detection
algorithms for generating decent ground truth boxes. Research [45] even uses multi-
ple high-precision sensors such as Lidar, Synthetic Aperture Radar (SAR) and various
cameras for annotating radar data.

Among all the researches above, different input data formats have been seen in
different radar datasets. The focuses of those researches are thus split between these
formats. Two major categories can be summarized from all the different radar input
formats, namely cluster-based input format and spectrum-based input format. In the
following sections, the radar researches are categorized and discussed based on these
two types of formats.

3.1.2 Cluster-based Input Format

Cluster-based input format, as its name indicates, is the data format that contains a clus-
ter of points with each point illustrating the location of the object. Figure 3.1 shows an
example of this format. To generate such format, CFAR algorithm is first applied to the

FIGURE 3.1: A sample of cluster-based input format.

radar data after 3D-FFT. Other traditional cluster-based processing algorithms such as
K-means Clustering [1] and DBSCAN [15] are also required for the further noise filter-
ing. For example, in [65], Schumann et al.use DBSCAN [15] to differentiate and extract
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all the instances in the radar frames, then annotate each instance with the correspond-
ing object in the camera frames. Afterwards, Long Short-Term Memory (LSTM) [28] and
Random Forest [4] classifiers are compared for the classification task. Researches [62]
and [61] , whose contributions are based on the work of [65], use the same data annota-
tion algorithms but improve the performance of deep learning models furthermore.

One challenge of the cluster-based methods is that data could be mistakenly merged
or separated due to the limited range resolution and the high noise level. This could not
only increase the difficulties of the dataset generation but also potentially impact the
performance of deep learning models. Details of the challenge are well stated in [50].
In order to solve this problem, the authors employ cropped spectrum-based data along
with cluster-based data for radar object detection. As described in [50], this method
effectively resolves the issues mentioned above.

Since the cluster-based input type is represented in a point-cloud manner, many
Lidar-based deep learning algorithms are explored in the related cluster-based radar re-
searches. Apart from LSTM and Random Forest mentioned above, Schumann et al. [66]
employ multi-scale grouping module (MSG) with PointNet++ [52] for point-cloud based
segmentation.

3.1.3 Spectrum-based Input Format

Spectrum-based input format, known as Range-Doppler (RD) spectrum, Range-Azimuth
(RA) spectrum, Range-Azimuth-Doppler (RAD) spectrum and etc, keeps the consis-
tency of the input data without any discretization. This will result in a performance
boost for most deep learning algorithms. For example, Palffy et al. [50] successfully im-
prove the performance of cluster-based algorithms by adding partial spectrum-based
data. Meanwhile, it also increases the complexity of the input data, which could poten-
tially impact the runtime speeds of those algorithms.

FIGURE 3.2: Range-Azimuth-Doppler (RAD) spectrum format.
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In previous work, Brodeski et al. [5] take full-size information as Range-Doppler-
Angles spectrum format from raw radar data for cluster-wise instance segmentation
and pose estimation, where angels stand for a combination of azimuth and elevation
angles. This full-size format requires high-resolution radar hardware that contains mul-
tiple transmitters and receivers aligned in both horizontal and vertical directions. To
improve the generalization of spectrum-based radar research, Nowruzi et al. [48] and
Major et al. [43] both decide to use Range-Azimuth-Doppler (RAD) spectrum as the
input format for free space segmentation and vehicle detection. Figure 3.2 shows an
example of this type of format.

2D formats such as Range-Doppler (RD) spectrum and Range-Azimuth (RA) spec-
trum are also widely researched in order to improve the runtime speed. Zhang et al. [87]

FIGURE 3.3: Samples of RD spectrum data received from 8 different vir-
tual antennas.

use RD spectrum data received from each on-board receiver and rearrange them to form
the input data for object detection. Figure 3.3 shows an example of this type of input.
On the other hand, RA spectrum is a more popular input format due to the reason that
it directly indicates the location of the object and can also be transformed into Cartesian
coordinates for higher readability. Lim et al. [36] use RA spectrum as their input for-
mat for vehicle detection. Patel et al. [51] employ RA spectrum for classification task. As
mentioned before, a variance of radar DSP on Azimuth dimension exists as MUSIC [64].
Therefore, RA spectrum format can also be classified into two sub-categories. The RA
inputs of the above researches are computed by applying FFT. In [11], Dong et al.use
the RA input format processed by MUSIC [64] for oriented box predictions. The differ-
ence between FFT and MUSIC is also discussed in [11]. Their results show that MUSIC
provides higher quality outputs than FFT. However, as a computationally expensive al-
gorithm, MUSIC also impacts the runtime speed of processing raw ADC signals. There-
fore, in our research, FFT is selected as the major processing algorithm on Azimuth
dimension.

One advantage of spectrum-based input format is the data continuity and coher-
ence. Therefore, image-based deep learning algorithms such as convolutional layers are
encouraged to apply to such input formats. For example, Patel et al. [51] use VGG [68]
as its backbone architecture. Average-pooling layers are added after each convolutional
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layer and the outputs are fed into a Multilayer Perceptron for the classification task.
Brodeski et al. [5] build their high-level architecture based on a well-known two-stage
networks, Faster-RCNN [56]. Inside their architecture, the region proposal networks
“RD-Net” is developed with the same structure as U-Net[58]. FCN [67] and U-Net[58],
two typical image-based deep learning architectures, are the most popular selections
for recent radar researches [11, 87, 16, 48]. Apart from employing the state-of-the-art
image-based models, some researchers build their architectures based on their own un-
derstandings of FMCW radars. In [43], the authors separate the RAD inputs along 3 axes
and feed them into convolutional layers individually. The 3 types of outputs are then
integrated and processed by additional layers for vehicle detections. Palffy et al. [50]
directly use 3D convolution for processing input RAD data.

3.2 Image-based One-stage Object Detection

Modern one-stage object detection models [2, 37, 35, 13, 74] normally consist of 3 parts:
a backbone, a neck and a detection head. Other techniques such as activation func-
tions, regularization methods and data augmentation are researched and selected based
on the specific tasks. Under the influence of the development in NLP [76], extra lay-
ers such as self-attention layers start to draw more attention. Researches [88, 49, 12,
53] show that self-attention layers can effectively boost the performance of deep learn-
ing models in Computer Vision domain. In this section, the classic and state-of-the-art
backbones are first introduced. Neck layers are then briefly discussed before the intro-
duction of anchor-based and anchor-free detection heads. Other techniques including
batch normalization and self-attention layers are introduced at the end of this section.

3.2.1 Backbone

AlexNet [34], as one of the most influential backbones, was first brought into public in
2012. Since then, Convolutional Networks have been intensively studied with Com-
puter Vision related tasks. Rectified Linear Unit (ReLU) and Max-pooling, which are
also popularized from AlexNet, have also been brought to various applications. Under
the inspiration of AlexNet, Simonyan et al. [68] pushed the performance of CNNs on im-
age recognition much further with an architecture called VGG [68]. This backbone has
been applied to various applications in later researches and it is still one of the most pop-
ular backbones till today. Table 3.1 shows the overall architecture of VGG [68]. Incep-
tion[71], invented after VGG, processes the inputs with multiple convolutional layers
and max-pooling layers simultaneously before integrating them. As a result, consider-
ably higher performance was achieved when compared to VGG. In addition, Inception
also popularized the parallel processing of CNNs.

ResNet [25], another keystone backbone discovery, has pushed the performance of
object detection algorithms towards the state-of-the-art level. Its simple yet reasonable



Chapter 3. Related Work 27

Blocks Structure

Block 1 Conv2D(3, 64) + Conv2D(3, 64) + MaxPool(2, 2)

Block 2 Conv2D(3, 128) + Conv2D(3, 128) + MaxPool(2, 2)

Block 3 Conv2D(3, 256) + Conv2D(3, 256) + MaxPool(2, 2)

Block 4 Conv2D(3, 512) + Conv2D(3, 512) + MaxPool(2, 2)

Block 5 Conv2D(3, 512) + Conv2D(3, 512) + MaxPool(2, 2)

Fully Connected (FC) Block FC(4096) + FC(4096) + FC(Nclass)

Activation SoftMax

TABLE 3.1: The architecture of VGG [68].

block-based architecture has been tensely researched and deployed for both academic
and industrial usages up till now. The original ResNet [25] consists of two types of
blocks, basic residual block and bottleneck residual block shown in Figure 3.4. In
each block, the input is convolved with sequential convolutional layers and the output
feature maps are concatenated back with the input. The process not only makes the most
of convolutional layers for feature extractions but also emphasizes the original input
signals. This way, the feature details from the original input images can be reserved.
Further improvements of ResNet-based researches such as CSPResNeXt [79] normally
choose to keep the residual block structure but change the convolutional layers to other
more advanced techniques.

MobileNet [29], as a hardware aware backbone, is designed for the deployment of
deep learning models on edge devices and mobile devices. Its light-weight yet highly-
efficient properties have encouraged the development of many applications on mobile
devices.

Due to the recent popularity of Neural Architecture Search (NAS) [91], modern back-
bones such as EfficientNet [72] are designed by deep learning itself. As a direct result,
the targeted backbones can not only outperform previously human designed backbones
on the specific tasks but also provide more optimized runtime speed. For example, Effi-
cientDet [73] outperforms most existing object detection models with both accuracy and
speed by using EfficientNet [72] as the backbone.
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FIGURE 3.4: Residual blocks from ResNet [25]. Left: basic residual block.
Right: bottleneck residual block. The numbers in “()” stand for kernel

size and number of filters respectively.

3.2.2 Neck

The discovery of hierarchical-features based structure from RetinaNet [37] initiated a
new trend of study in object detection, neck layers. Since then, an exponentially in-
creasing number of related researches have been published in a very short period of
time. Based on the functionalities, neck layers are generally split into two categories:
additional blocks and path-aggregation blocks [2].

Additional blocks, as its name indicates, is to add additional layers on top of the
output from the backbones. For example, Spatial Pyramid Pooling (SPP) [26] uses mul-
tiple pooling layers with different strides simultaneously on the output feature maps
from the backbone. This way, it effectively relieves the problem that objects have vari-
ous scales in the images due to perspective geometry. Atrous Spatial Pyramid Pooling
(ASPP) [8] and Convolutional Block Attention Module (CBAM) [83] further improve
the performance of SPP on various applications by using atrous pooling layers and self-
attention layers respectively

Path-aggregation blocks take multiple feature maps from the backbones with differ-
ent feature resolutions for the aggregation process. Feature Pyramid Networks (FPN) [38]
and Path Aggregation Networks (PAN) [40], as two major keystones of this type, have
been widely studied and employed in diverse tasks, such as object detection and in-
stance segmentation. Further improvements such as NAS-FPN [18] and BiFPN [73]
have also been studied with more advanced techniques such as NAS [91]. One advan-
tage of path-aggregation blocks is that the multi-resolution output features can be fed
into detection heads individually for improving the detections of small size objects.
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3.2.3 Detection Head

Recent studies of one-stage detection head are generally split into two categories: anchor-
based detection head and anchor-free detection head. Although anchor boxes have been
considered as a crucial method for high precision detections, recent anchor-free devel-
opment has shown an incredible performance improvement and the gap between these
two methods is becoming less significant.

Starting from Region Proposal Networks (RPN) [56], the anchor-based detection
head has shown its dominant power in the field of object detection. This type of de-
tection head predicts the bounding boxes based on several predefined fixed-size boxes,
which are also called anchor boxes. Normally, anchor boxes are defined by applying
K-means Clustering [1] through the entire dataset. Therefore, they are able to present
the overall box distributions of all the objects. During the process, the detection head
finds the most suitable anchor boxes for the targeted objects and adjusts them with the
correct scales. Figure 3.5 shows a sample of this method. Classic anchor-based detection

FIGURE 3.5: The general process of anchor-based one-stage detection
heads.

heads such as SSD [41], YOLO [54] and RetinaNet [37], have been heavily researched re-
cently and the various applications have shown their capability of being adapted into
different tasks. Among them, YOLOv2 [6] defines the anchor boxes with fixed sizes,
and introduces an “objectness” for identifying the existence of the objects. Equation 3.1
to Equation 3.4 show the box decoding process of YOLO [6].

x = σ(xr) + cx (3.1)

y = σ(yr) + cy (3.2)

w = pwewr (3.3)

h = phehr (3.4)

where, σ means Sigmoid function; [x, y, w, h] are box centers (x, y) and sizes (w, h);
[xr, yr, wr, hr] are raw box centers and sizes; [cx, cy] are grid locations and [pw, ph] are
anchor box sizes. On the other hand, SSD [41] uses multi-resolution feature maps as the
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inputs and thus outperforms YOLOv2 on the detections of small objects. In addition, it
also introduces the aspect ratios as anchor boxes instead of fixed sizes. RetinaNet [37]
further improves the structure of SSD with FPN neck layers. However, recent YOLO
related studies, YOLOv3 [55] and YOLOv4 [2], show that with more advanced tech-
niques such as neck layers and self-attention layers, both accuracy and speed can be
significantly improved with much higher performance than SSD and RetinaNet.

The development of anchor-free detection heads, on the other hand, is still under
intensive explorations. However, its increasing popularity has been seen in the most re-
cent researches. Various methods have been explored during these years. For example,
CornerNet [35] learns the positions of the top-left and bottom-right corners from the
ground truth boxes, while CenterNet [13] predicts the bounding boxes as center points
and offsets to the corners. FCOS [74], as a keystone in the anchor-free detection head
development, interprets the output as a center and 4 offsets to the corresponding box
boundaries. Zhang et al. [89] even show that with proper data mining, the performance
of FCOS has no difference with anchor-based methods.

3.2.4 Choices of Operations

Other techniques including activations, regularizations, normalizations, and etc, have
also been studied intensively. In our research, we call them choices of operations. Since
the differences of them are involved in the specific implementations, we summarized a
list of the currently popular operations for the choices in our experiments.

• Activation Function(s): ReLU, Leaky-ReLU, Mish [44], TanH, SoftMax, Sigmoid;

• Regularization(s): L1-regularizer, L2-regularizer, DropOut, Spatial DropOut [75];

• Normalization(s): BatchNormalization (BN) [30];

• Loss Function(s) for Classification: CrossEntropy (CE) [46], FocalLoss [37];

• Loss Function(s) for Box Regression: MSE, IoU, GIoU [57], Dice [69];

3.2.5 Extras: Self-attention Layers

Self-attention layers are developed based on the attention mechanism that consists of 3
parts: keys, queries and input values. However, instead of manually defining the keys
and queries, self-attention layers parameterize them by using modern deep learning
approaches. As a result, the output attention map can be learned automatically from
the input features. Such a method has been widely applied to the NLP domain due to
its ability of processing sequential data.

Since the success of Transformer [76] in NLP, researchers have been seeking the pos-
sibilities for self-attention layers bringing another revolution to the image-based mod-
els. The most recent research [12] even shows the Transformer itself can entirely sub-
stitute convolutional layers in the image recognition task. Other researches such as
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[53] are also trying to develop a convolution-based self-attention method to substitute
traditional convolutional layers in the tasks such as object detection and instance seg-
mentation.

With the researches such as SAGAN [88] and SAUNet [49], different solutions for
self-attention layers being deployed into traditional CNNs have been formed. In SAUnet
[49], the authors propose a type of self-attention layers that uses two levels feature maps
as the base to generate keys, queries and values. All the processes are done by convo-
lutional layers. As a result, it shows a significant improvement in the semantic segmen-
tation task. SAGAN [88], on the other hand, uses matrix multiplication in the proposed
self-attention layers for generating the attention map. The results also show that this
type of self-attention layers is able to improve the performance of image-based genera-
tive models.

In our research, both methods are applied to our models in order to study the general
impact of self-attention layers on radar object detection.
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Chapter 4

Dataset Generation

In our research, the radar dataset is built with an FMCW radar and a pair of stereo cam-
eras. A novel auto-annotation algorithm is proposed for generating the ground truth
labels. After that, manual corrections are conducted for further quality improvement.
Our dataset is set as publicly available1 for future research in this field. In this chapter,
we first introduce the hardware setups and sensors registration. Then, the proposed
auto-annotation algorithm is presented along with the instance extraction methods for
both radar and stereo cameras. Finally, an overview of the radar dataset and the corre-
sponding statistical analysis are introduced at the end of this chapter.

4.1 Hardware Setup and Sensor Registration

4.1.1 Hardware Setup

The sensors used in data collection consist of a Texas Instrument AWR1843-BOOST2

and a pair of DFK 33UX2733 stereo cameras from The Imaging Source. Both sensors are
mounted onto a tripod as shown in Figure 4.1. The heights of the sensors are adjusted
based on their Field of Views (FOVs).

As the radar is a highly configurable sensor, several experiments were conducted
with different configurations in order to optimize the runtime speed and the capture
frequency. Table 4.1 shows the radar and stereo configurations for the data capture in
our research. Due to the limited resolution of elevation angle of the radar, we opt to only
extract the information of range, doppler and azimuth angle. As introduced before, the
raw ADC signals are normally formulated into 3D data with the dimensions indicating
the number of samples within one chirp, the number of virtual antennas and the number
of chips per frame. Therefore, the captured ADC data from our FMCW radar are sized
(256, 8, 64). For the stereo cameras, the baseline length of the two cameras, shown in
Table 4.1, is defined with the considerations of both radar maximum detection range
and the cameras’ FOVs. Experiments show that such baseline length can lead to decent
stereo depth estimation which ensures high-quality radar data annotations.

1http://www.site.uottawa.ca/research/viva/projects/raddet/index.html
2https://www.ti.com/
3https://www.theimagingsource.com/
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FIGURE 4.1: Sensors setup: Stereo camera DFK 33UX273 is fixed at the
top of the tripod; AWR1843Boost radar is installed in a yellow box which

is attached to the middle of the tripod.

Some Parameters Setting
Stereo Camera

Parameter Value
Image Resolution 1440× 1080

Maximum Capturing Frequency 60 f ps
Capturing Frequency 10 f ps

Baseline Length 20 cm
Radar

Parameter Value
Maximum Range 50 m
Range Resolution 0.1953125 m

Maximum Velocity 13.4297698 m/s
Velocity Resolution 0.41968 m/s

Transmitters Enabled 2
Receivers Enabled 4

ADC Samples Per Chirp 256
Chirps Per Frame 64

Chirp Frequency Slope 30 MHz/µsec
Capturing Frequency 10 Hz

TABLE 4.1: Configurations of the sensors in this research.

The data synchronization is implemented with the Robotics Operating System (ROS).
Timestamps are manually added to the received ADC data in order to synchronize with
the cameras. During the data capture sessions, we also manually calibrated the recorded
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timestamps from both sensors. As a result, the time difference between the two sensors
is approximately 2ms. We thus consider the data synchronization as durable for the next
step.

The sensor registration in our research is implemented with a self-made trihedral
corner reflector. As proven in many researches [10, 59], the detection rate of trihedral
corner reflector is much higher than other objects due to its large Radar Cross Section
(RCS), where RCS defines the object’s ability to reflect the transmitted signals [14]. Fig-
ure 4.2 shows the setup of our calibration target. The colored styrofoam that attached

FIGURE 4.2: Calibration target: a triangle shape styrofoam attached to a
trihedral corner reflector.

to the corner reflector is to ensure that the target can be easily extracted from the cam-
eras by using traditional image process techniques such as color thresholding. Since
styrofoam is mostly made out of the air, its impact on the radar can be neglected.

4.1.2 Sensors Registration

The goal of sensors registration is to find a projection matrix that can project the de-
tections from one sensor frame to another. This projection matrix normally contains a
Homogeneous Transformation Matrix. The mathematical description of the Homoge-
neous Transformation Matrix is shown as Equation 4.1.

H =

[
R T
0 1

]
=


r11 r12 r13 tx

r21 r22 r23 ty

r31 r32 r33 tz

0 0 0 1

 (4.1)
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Where, H is the Homogeneous Transformation Matrix; R is called rotation matrix and
T as translation matrix. This Homogeneous Transformation Matrix describes the geom-
etry relationships between two different frames in a form of 6 degrees of freedom.

In our research, since the elevation angle is not considered, the positioning informa-
tion derived from the radar is presented in the 2D birds-eye-view format. On the other
hand, the output of the stereo cameras is normally formulated in the 3D point-cloud
format. Therefore, the projection geometry in our research is set from the stereo frame
to the radar frame. Similar setups have been seen in [47]. Inspired by this research,
we formulated the geometry relationship between the stereo cameras and the radar as
Equation 4.2.

hradar(xworld) = P3D→2D Hradar
stereohstereo(xworld) (4.2)

Where, xworld means the coordinates of the object in the world frame; hradar stands for
the location of the object in the radar frame; hstereo indicates the location of the object
in the stereo frame; P3D→2D is the projection matrix from a 3D point (x, y, z) to a 2D
point (x, z); Hradar

stereo is the homogeneous transformation matrix from the stereo frame to
the radar frame. Combined with Equation 4.1, Equation 4.2 can also be expanded as
Equation 4.3.

hradar(xworld) =

1 0 0 0
0 0 1 0
0 0 0 1




r11 r12 r13 t1

r21 r22 r23 t2

r31 r32 r33 t3

0 0 0 1

 · hstereo(xworld) (4.3)

hradar(xworld) =

r11 r12 r13 t1

r31 r32 r33 t3

0 0 0 1

 · hstereo(xworld) (4.4)

Therefore, the final form of our projection matrix Pradar
stereo is formulated as Equation 4.5

Pradar
stereo = P3D→2D Hradar

stereo =

r11 r12 r13 t1

r31 r32 r33 t3

0 0 0 1

 (4.5)

Since this projection matrix contains 8 parameters. a minimum number of 8 calibration
locations need to be set up in order to conduct the sensors registration.

In real world applications, signals received from different sensors always contain
noises, which are normally considered as zero-mean white noises. Therefore, the sensor
measurements hradar and hstereo in our research are assumed as Equation 4.6 and Equa-
tion 4.7.

hradar(xworld) = xradar + ωradar, ωradar ∼ N (0, Qradar) (4.6)

hstereo(xworld) = xstereo + ωstereo, ωstereo ∼ N (0, Qstereo) (4.7)
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Where, xradar = [xradar, zradar]
T is the ground truth position of the object in the radar

frame; xstereo = [xstereo, ystereo, zstereo]T is the true position of the object in the stereo frame;
xworld = [xworld, yworld, zworld]

T indicates the location of the object in the world frame;
ωradar and ωstereo are the noise distributions of both sensors. The descriptions of covari-
ance matrices Qstereo ∈ R3 and Qradar ∈ R2 are shown as Equation 4.8 and Equation 4.9.

Qradar =

[
σ2

xradar
σxradar σzradar

σxradar σzradar σ2
zradar

]
(4.8)

Qstereo =

 σ2
xstereo

σxstereo σystereo σxstereo σzstereo

σxstereo σystereo σ2
ystereo

σystereo σzstereo

σxstereo σzstereo σystereo σzstereo σ2
zstereo

 (4.9)

Where, σ means standard deviation.
In our research, the noise distributions of the sensors are computed with Gaussian

regressions. The implementation details are described as follow: For each sensor at
each calibration location, multiple frames of the calibration target are captured. The
positioning detections of those frames are then concatenated and processed by Gaussian
regression. The output mean value and covariance matrix are considered as the true
position of the calibration target and the sensor’s noise distribution.

With the derivations of the sensor measurements and noise distributions, Equation
4.2 is then re-written to Equation 4.10.

xradar + ωradar = P3D→2D Hradar
stereo

(
xstereo + ωstereo

)
(4.10)

(xradar − P3D→2D Hradar
stereo · xstereo) + (ωradar − P3D→2D Hradar

stereo ·ωstereo) = 0 (4.11)

(xradar − Pradar
stereo · xstereo) + (ωradar − Pradar

stereo ·ωstereo) = 0 (4.12)

As introduced before, minimum 8 calibration locations are required for the sensors reg-
istration. Therefore, the points xradar, xstereo and the noises ωradar, ωstereo in Equation 4.12
are substituted with the sets Xradar, Xstereo, Ωradar and Ωstereo.

Xradar = {xradar1, xradar2, xradar3, ...} (4.13)

Xstereo = {xstereo1, xstereo2, xstereo3, ...} (4.14)

Ωradar = {ωradar1, ωradar1, ωradar1, ...} (4.15)

Ωstereo = {ωstereo1, ωstereo1, ωstereo1, ...} (4.16)

In our research, in order to improve the accuracy of the projection matrix Pradar
stereo, more

than 8 calibration locations are defined during the calibration process. Therefore, in-
stead of direct derivation, an optimization method is preferred for the calculation of
the projection matrix. As a result, the derivation of the projection matrix Pradar

stereo in our
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research is defined as Equation 4.17.

Pradar
stereo = arg min

Pradar
stereo

[
(Xradar − Pradar

stereo · Xstereo) + (Ωradar − Pradar
stereo ·Ωstereo)

]2
(4.17)

To implement Equation 4.17, we first chose a parking spot as the experiment area.
10 random calibration locations were selected during the registration process. At each
location, consecutive 50 frames from each sensor were taken for the noise calculations.
The final projection matrix was computed based on the equations introduced above.
Figure 4.3 shows results of the derived projection matrix.

FIGURE 4.3: Samples of sensors registration. Left: points before calibra-
tion. Right: points after calibration. Colored circles describe the covari-

ance of the noise distributions at each calibration location.

As shown in Figure 4.3, not only the centers of the projected stereo clusters overlap
with the centers of the radar clusters, but also the covariances of their distributions
become much similar. This further indicates that the derived projection matrix not only
precisely projects the points from the stereo frame to the radar frame but also increases
the similarities of their noise distributions. However, it also shows that the accuracy
starts to decrease when the object gets too far away from the sensors. This is due to
the reason that the noise distributions of the two sensors change when the distance
between the object and the sensors changes , and the changing rates are not the same.
For example, assume the noise level of the radar changes linearly with the distance to
the object. The noise level of the stereo cameras may not follow the same trend. On the
other hand, Equation 4.17 is derived under the assumption of the sensor noise levels
being Gaussian distributions. This may lead to the false derivation of the true noise
distributions, since the sensors may not behave ideally under various conditions.
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Although the errors can be observed from Figure 4.3, the results still show an overall
high accuracy. Thus, we consider the errors as neglectable and the derived projection
matrix as durable for the data capture and annotation.

4.2 Data Auto-annotation

Our proposed auto-annotation algorithm is developed on top of traditional radar DSP. It
consists of 3 processes: radar instances extraction, stereo instance-wise depth estimation
and auto labelling. The details are introduced in the following sections.

4.2.1 Radar Data Pre-processing

The radar pre-processing in our research is conducted based on traditional radar DSP.
First, 3D-FFT is performed on the received ADC data. The output RAD tensors are sized
(256, 256, 64) as zero-paddings are applied during the Azimuth FFT. 2D OS-CFAR, as
a robust de-noise algorithm, is then applied to the Range-Doppler dimensions of the
RAD tensors for radar instance extractions. The parameters of 2D OS-CFAR are fine
tuned with multiple experiments, shown in Table 4.2. The entire fine tuning process is

2D OS-CFAR
Parameter Value

Window Size on Range-Doppler (12, 6)
Guard Cell Size on Range-Doppler (4, 2)

Order statistic 0.65
Parameter α 3

TABLE 4.2: Parameter settings of 2D OS-CFAR used in our research.

conducted under the considerations of both accuracy and processing speed. The direct
output from 2D OS-CFAR is a detection mask with the detected points marked as 1 and
background points as 0 on the Range-Doppler spectrum. A sample is shown as the right
images in Figure 4.4. Peak values on Azimuth dimension are then used for finding the
detections. Due to the reason that the detections of dynamic objects on the doppler axis
are normally richer than the static objects, we thus opt to only consider dynamic objects
in our research. As the radar is set stationary, the detections of absolutely stationary
objects are manually filtered out. Only absolutely dynamic objects are considered in the
following experiments.

In order for us to visually inspect the quality of traditional radar DSP, experiments
were conducted with this pre-processing method. After large observations, several
characteristics of the objects on the RD spectrum were found and summarized. First,
the performance of 2D OS-CFAR is unstable. It sometimes ignores the objects with weak
reflected signals, and sometimes false detects the noise signals as the objects. Second,
rigid bodies such as cars and trucks, can be easily detected and the patterns of them
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FIGURE 4.4: Left: RGB image for visualization; right: 3 images with or-
der: range-doppler(RD) spectrum, detection mask from 2D OS-CFAR, ex-

tended mask from morphological extension.

shown on the RD spectrum always appear as linear patterns. Third, due to the lim-
ited range resolution shown in Table 4.1, the complex motions of the human bodies can
hardly be observed in the radar frames. Thus, objects such as pedestrians and bicycles
can also be considered as rigid bodies in our research. Under such assumptions, all
the detected patterns on the RD spectrum can be considered as linear patterns. There-
fore, the discrete patterns shown in Figure 4.4 can be linearly connected to enrich the
detections.

Figure 4.4 also shows a sample of linear extension conducted on a RD mask derived
from 2D OS-CFAR. The process can be easily done with an image processing algorithm
called morphological extension. In our research, the implementation of morphological
extension from OpenCV is employed for the process. By doing this, not only the detec-
tions on the RD dimensions are enriched, but also the small noisy detections are filtered
out. In order to verify our assumptions, Azimuth peak is conducted on both extended
and non-extended masks. The output RA maps are then transformed into Cartesian
coordinates for higher readability. Figure 4.5 shows the final detections of both meth-
ods. The enrichment of the detections on the Cartesian maps proves that such method

FIGURE 4.5: Left: RGB image for visualization; middle: birds-eye-view
detections from non-extended RD mask; right: birds-eye-view detections

from extended RD mask.
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is durable for radar instance extractions. Meanwhile, there are still noise points being
added during the morphological extension process. In order to further improve the de-
tection quality and to distinguish the radar instances, 3D DBSCAN [15] is added after
the process of Azimuth peak. With certain fine-tuned parameters, high-quality radar
instances are extracted from the input RAD tensors.

This proposed radar data pre-processing method is considered as an improvement
of traditional radar DSP. It not only enrichs the detection rate of dynamic objects, but
also filters the noise signals to a certain extent. The whole data pipeline is concluded as
Figure 4.6. The high-quality radar instances are the base in this research for generating

FIGURE 4.6: The data pipeline of the proposed radar data pre-processing
method.

accurate bounding boxes.
In order to generate the radar dataset, all the extracted radar instances need to be

categorized. Due to the low-readable properties of the rada data themselves, other sen-
sors such as Lidars and cameras are needed for the categorization. In our research, the
stereo cameras are used for this purpose. Details are introduced below.

4.2.2 Stereo Depth Estimation

The stereo depth estimation in our research is implemented with OpenCV. Both cam-
eras were calibrated with 30 sets of chessboard images. During the data capture, the
captured frames were rectified and processed by SGBM for generating disparity maps.
A sample of the disparity maps is shown as the right image in Figure 4.7. As the im-
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FIGURE 4.7: Left: instance segmentation from Mask-RCNN [24]. Right:
disparity map from stereo vision.

plementation of SGBM from OpenCV is conducted based on the left image, the pixel
locations of the generated disparity maps are the same as the left images. Based on this
property, Mask-RCNN [24] is applied to the left images for the instance-wise segmen-
tation, shown as the left image in Figure 4.7. The implementation and the pre-trained
weights of Mask-RCNN are downloaded from Detectron2 [84]. The generated masks
are then applied to the disparity maps along with the category predictions. Combined
with the usage of triangulation, instance-wise point clouds along with the predicted
categories are then generated. We call these instances stereo instances.

For each stereo instance, the 3D points are projected onto the radar frame by using
previously derived projection matrix. This way, both locations and categories of the
objects can be transformed onto the radar frame. Figure 4.8 shows a sample of this
process.

FIGURE 4.8: A sample of stereo instances projected onto the radar frame.
The colored points are the projections of the stereo points with the col-
ors illustrating the categories. The green points are the radar detection

points.

Our proposed auto-annotation algorithm is developed based on a combination of
the radar instances and the stereo instances described above. Details are introduced
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below.

4.2.3 Auto-annotation algorithm

Our proposed auto-annotation algorithm is a center-based matching algorithm. With
the radar instances Iradar, the stereo instances Istereo and a predefined hyper-parameter
Dthreshold which stands for the distance threshold for the matching process, the auto-
annotation algorithm is described as Algorithm 2. Where, norm stands for Euclidean

Algorithm 2: Auto-annotation algorithm

Input: Istereo, Iradar, Dthreshold, Pradar
stereo

Output: Annotationradar
Initialize Annotationradar
for Is ∈ Istereo do

Initialize Dmin, Itarget

Cstereo = Pradar
stereo × findCenter(Is[“cluster”])

for Ir ∈ Iradar do
Cradar = findCenter(Ir[“cluster”])
d = norm(Cstereo − Cradar)
if d ≤ Dmin then

Dmin = d
Itarget = Ir

if Dmin ≤ Dthreshold then
class = Is[“class”]
box3D = getBox(Itarget[“RADmask”])
box2D = getBox(Itarget[“cluster”])
Annotationradar ← {class, box3D, box2D}
Iradar.remove(Itarget)

distance; getBox is to extract the bounding box from either the input point cloud or
the input mask; findCenter is to find the centers of the given clusters using Gaussian
regressions; Pradar

stereo is the projection matrix obtained in sensors registration. Figure 4.9
shows a result from our auto-annotation algorithm.

FIGURE 4.9: An example of the annotation result from our proposed
method.
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Various conditions have been tested with this auto-annotation algorithm during the
experiments. Different road types, such as intersections and sidewalks were both tested
during the data capture. As a result, our algorithm shows an overall high accuracy
of annotating radar data. Meanwhile, error annotations were also found during the
experiments. Several reasons are attributed to the issues:

• FOVs: The FOVs of both sensors are quite different. The stereo cameras have a
FOV of approximately 50◦, while the FOV of the radar is almost 180◦. As a result, a
considerable number of radar instances are left un-labelled. An example is shown
as Figure 4.8.

• Mask-RCNN False Detections: The pre-trained Mask-RCNN used in this research
has a mask AP of 39.5%. Both false category predictions and inaccurate segmen-
tations can impact the final quality of the radar annotations.

• Radar Ambiguity: The detection of the radar heavily depends on the reflected
signals from the objects. Either too much noise or too weak the reflected signals
can be resulted when the objects are too close or too far away from the radar, and
thus leads to false detections.

• Stereo Ambiguity: As the data capture sessions were conducted in different en-
vironments, the changing lighting and weather conditions could impact the cam-
eras’ intrinsic properties and thus lead to the noisy stereo depth estimation.

To tackle these issues, manual corrections were conducted after the auto-annotations.
Therefore, high-quality annotations are guaranteed in the final radar dataset. Figure 4.12
shows some samples from our radar dataset.

4.3 Dataset Statistical Analysis

Our radar dataset contains RAD tensors as the inputs and radar annotations as the
ground truth labels. The radar annotations consist of the bounding boxes on both RAD
tensors and the corresponding Cartesian maps for localization, and the categories for
classification. The dataset is publicly available4 for further research in this area. Details
and the corresponding statistical analysis are introduced in the following sections.

4.3.1 Overall Analysis

The dataset contains totally 6 categories, which are “person”, “bicycle”, “car”, “mo-
torcycle”, “bus” and “truck”. The 3D bounding boxes for RAD tensors consist of 3D
center locations [xcenter, ycenter, zcenter] and sizes [w, h, d], where [w, h, d] means width,
height and depth. Similarly, the 2D boxes contain center points and sizes in a format

4http://www.site.uottawa.ca/research/viva/projects/raddet/index.html
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FIGURE 4.10: Left: distribution of the objects over all categories. Right:
maximum number of objects that appear in a single frame.

of [xcenter, ycenter, w, h]. For visualization purpose, the stereo frames are also included in
the dataset with the rectified left and right images.

Over 60800 frames were captured during one week of data capture sessions. Sensors
were set up at random locations on the sidewalks facing the main roads during the
data capture, as samples shown in Figure 4.12. Totally 10158 frames were selected for
building the dataset. Consecutive frames were avoided during the frame selections in
order to improve the dataset generalization. Manual corrections were conducted on
each of the selected frames.

A systematic statistical analysis is conducted on the derived dataset. The distribu-
tions of the objects on all the categories is shown in Figure 4.10. Although class “car”
dominates the entire dataset, there is still a considerable high portion of pedestrian in-
stances included. The analysis of the object intensities within a single frame is also
conducted, results are shown as the right image in Figure 4.10. The high intensities in-
dicate that various conditions are considered in the dataset building process. The major
drawback of our dataset is the data imbalance. As seen in Figure 4.10, the numbers
of the objects on “bus”, “motorcycle” and “bicycle” are significantly smaller than other
classes. This could potentially pose a threat to the deep learning algorithms of achieving
higher performance.

Since the radar is mainly a distance sensor, the range distributions of the objects on
all the categories are also analyzed. Figure 4.11 shows that most objects in our dataset
are distributed in a range of 10m to 45m. This is due to several reasons. First, signals
with high-level noises are seen in the radar frames when the objects are too close to the
radar. They are filtered out during the manual corrections to avoid inaccurate anno-
tations. Second, signals are weakened when the objects reach the maximum detection
range. Thus they are hardly detectable for the radar. Despite all these issues, the range
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FIGURE 4.11: Range distributions of the objects on all the categories.

distributions shown in Figure 4.11 give a relatively reasonable balance over the entire
detectable ranges. Thus, we consider the distributions as tolerable for radar object de-
tection development.

4.3.2 Dataset Split

The dataset is split into train and test sets with the portions 80% and 20% for the de-
velopment of our deep learning models. The splitting process strictly follows the ob-
ject distributions and range distributions in the statistical analysis. Table 4.3 shows an
overview of the object distributions of both train and test sets..

The train set is further split into 90% and 10% for the training and validation pur-
poses during the model exploration and hyper-parameters tuning process. Other details
are introduced in Chapter 6.

Number of Objects Person Bicycle Car Motorcycle Bus Truck

Train set 5210 729 13537 67 176 3042

Test set 1280 204 3377 21 38 720

TABLE 4.3: Numbers of the objects on each class of both train and test
sets.
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FIGURE 4.12: Samples from our proposed radar dataset.
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Chapter 5

Range-Azimuth-Doppler based
Object Detection

Our radar object detection model takes Range-Azimuth-Doppler (RAD) tensors as the
inputs and both annotated 3D RAD instances and 2D Cartesian instances as the ground
truth labels. The model contains a backbone which is developed based on a well-known
architecture ResNet [25] and a dual detection head that consists of a 3D detection head
and a 2D detection head for the detections on the RAD tensors and Cartesian maps
respectively. Both detection heads are built on top of the YOLO [6] detection head.
Figure 5.1 shows the data flow of our proposed model.

FIGURE 5.1: The overall architecture of our radar object detection model.

Unlike modern image-based object detection algorithms, our model does not have
neck layers due to the following reasons. First, issues such as perspective geometry in
photography do not apply to the radar domain, as radars always reveal the true sizes
of the objects no matter how long the distances between the objects and the sensors.
Therefore, Neck layers that are designed for resolving these issues are not necessary.
Second, neck layers normally consist of extra convolutional layers, which could impact
the inference speed of our model. Thus, multi-resolution neck layers are not considered
in the architecture building process.

In the following sections, the input pre-processing method is first introduced before
the introduction of the backbone architecture along with the corresponding operations.
Then, both 3D and 2D detection heads are detailed at the end of the chapter to introduce
our dual detection head.
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5.1 Input

5.1.1 Input Pre-processing

Raw RAD tensors, as the products from 3D-FFT, are represented with complex num-
bers. Magnitude values are first extracted from the raw RAD tensors to transform those
complex numbers into floats. One issue that can be found in the magnitude representa-
tions is their high-level variance. For example, the average magnitude of the detection
signals is 102 times higher than the background signals. Therefore, log values are also
extracted from those magnitude values to form the RAD inputs. The derivation of the
input RAD tensors DRAD from the raw RAD tensors Draw is formulated as Equation 5.1.

IRADi = log(abs(Irawi)), IRADi ∈ DRAD, Irawi ∈ Draw (5.1)

The size of the input RAD tensors is of the same size as the raw RAD tensors, which is
(256, 256, 64).

5.1.2 Global Normalization

A global-wise normalization is also conducted on the input RAD tensors. The mean
value Imean and the variance value Ivariance are searched through the entire dataset. The
normalized RAD tensors Dnorm are then computed as Equation 5.2.

Inormi =
IRADi − Imean

Ivariance
, Inormi ∈ Dnorm, IRADi ∈ DRAD (5.2)

Where, Imean = 3.2438 and Ivariance = 10.0806. The outputs are then sent to our backbone
for the feature extractions.

5.2 Backbone

5.2.1 Architecture

The RAD inputs to our backbone are quite different from the images. Each input dimen-
sion stands for a unique property of the received signals from the radar. To adapt such
inputs to 2D convolutional layers, one dimension has to be set as input channels. In our
research, both RD-A and RA-D formats were tested during the experiments and the re-
sults show that RA-D format has slightly higher performance than RD-A. Therefore, we
set Range-Azimuth dimensions as the input dimensions and Doppler axis as the input
channels. This input arrangement also helps us to build our 2D detection head since the
Cartesian maps are transformed from the RA spectrums.

For the size of the output feature maps, it directly decides the final output resolutions
of the detection heads. Either too much compression or too shallow the model can
impact the task performance. Experiments were conducted with multiple output sizes



Chapter 5. Range-Azimuth-Doppler based Object Detection 49

and size (16, 16, 256) outperformed all other tested sizes. We thus set the output size of
our model as (16, 16, 256).

With fixed input size and output size, the total numbers of feature-map downsam-
plings and channel expansions are computed as 4 and 2 respectively. Popular image-
based backbones such as VGG [68] and ResNet [25] were tested along with various
feature downsampling methods during the model exploration. As the numbers of the
feature downsamplings and the channel expansions of the original image-based back-
bones are different from our research, modifications were applied to those backbones.
For example, in VGG, we set the channel expansion rates as 1 for the first three blocks
and removed the first pooling layer. Shown in Figure 5.1, our proposed backbone is
formed with a similar architecture as ResNet. For convenience, we named our back-
bone RadarResNet.

The RadarResNet contains two types of blocks, namely residual block and down-
sampling block. The residual block has a similar structure as the basic residual block
from ResNet [25]. Figure 5.2 shows the structure of our residual block. The channel
expansion rates of the last residual blocks in “Residual Block ×8” and “Residual Block
×16” are set to 2 for expanding feature channels. The downsampling block consists of a

FIGURE 5.2: An example of the residual block in our model, with a similar
structure as the basic residual block in ResNet [25]. The values in the

brackets stand for kernel size and output channels respectively.

single max-pooling layer. It is experimentally proven that max-pooling layers can lead
to higher performance than stride two convolutional layers in our research, details are
introduced in Chapter 6.

Figure 5.3 shows some output feature map samples of our RadarResNet from a spe-
cific input RAD tensor. From the figure, most generated feature maps show the ability
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FIGURE 5.3: Output feature map samples from our backbone with top-
left image illustrating the final predictions.

to identify and highlight the locations and roughly the sizes of the targeted objects on
the RAD spectrum. Some feature maps, shown as the last image in Figure 5.3, even
have the capacity of extracting background noise signals. This proves that our back-
bone, RadarResNet, is able to distinguish the objects from the background noises, and
extract the features and sizes of the detected objects.

5.2.2 Operations

In the RadarResNet, bias is added to each convolutional layer in the residual blocks.
Zero-padding is set to “same” for ensuring that the output size is the same as the in-
put size for each convolutional layer. Batch Normalization (BN) [30] is added to the
convolutional layers for the normalization and Rectified Linear Unit (ReLU) is set as
the activation functions. In addition, L2 regularizers are added during the training to
relieve the overfitting.

5.3 Dual Detection Head

Our dual detection head consists of a 3D detection head that performs object detection
on the RAD tensors and a 2D detection head for the predictions on the Cartesian maps.
Both detection heads are developed based on a classic one-stage anchor-based detec-
tion head, YOLO [6]. The anchor boxes of both detection heads are defined by applying
K-means Clustering [1] through all the instances in our dataset. Figure 5.4 shows the
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details of the anchor box finding process. The error rate threshold of the K-means Clus-
tering algorithms was set to 10% during the experiments.

FIGURE 5.4: Left: RAD 3D anchor boxes finding process. Right: Cartesian
2D anchor boxes finding process.

As a result, six 3D anchor boxes and six 2D anchor boxes are defined as Table 5.1.
Aspect ratios are not defined in our research due to the reason that the box decoding
process of YOLO [6] head relies on box sizes only.

Anchor box number 3D anchor box ([w, h, d]) 2D anchor box ([w, h])

Anchor box 1 [6, 9, 5] [11, 15]

Anchor box 2 [19, 36, 60] [28, 24]

Anchor box 3 [20, 28, 19] [6, 8]

Anchor box 4 [26, 75, 61] [43, 41]

Anchor box 5 [22, 45, 28] [17, 27]

Anchor box 6 [19, 17, 8] [21, 18]

TABLE 5.1: Sizes of both 3D and 2D anchor boxes. w, h, d stand for width,
height, depth respectively.

5.3.1 3D Detection Head

The 3D detection head generates low-resolution 3D grid maps with the information
illustrating box locations and categories. Similar to YOLO head which transforms the
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input feature maps to the format [Gridwidth, Gridheight, Numanchors × (Numclasses + 5)] [6],
our 3D detection head processes the raw feature maps as described below,

FeatureMaps→ [Gridwidth, Gridheight, Griddepth × Numanchors × (Numclasses + 7)] (5.3)

where, Gridwidth, Gridheight and Griddepth stand for the grid sizes on the Range, Azimuth
and Doppler dimensions respectively. Among them, Gridwidth and Gridheight are kept
the same sizes as the raw feature maps and Griddepth is calculated with the same grid
strides as the other two dimensions. In our case, the value of Griddepth is computed as
4. Numanchors and Numclasses indicate the total number of anchor boxes and the number
of all the categories respectively. 7 stands for an “objectness” and the raw box informa-
tion, where the raw box information consists of the raw center locations [xr, yr, zr] and
raw sizes [wr, hr, dr]. The output of our 3D detection head is then reshaped and split
according to different tasks.

The decoding process of our 3D detection head is the same as YOLO [6] head. The
output is first split into objectness, raw categories and raw boxes. Then, the raw box
center locations [xr, yr, zr] and sizes [wr, hr, dr] are interpreted as Equation 5.4 to Equa-
tion 5.9.

x = σ(xr) + cx (5.4)

y = σ(yr) + cy (5.5)

z = σ(zr) + cz (5.6)

w = pw · ewr (5.7)

h = ph · ehr (5.8)

d = pd · edr (5.9)

Where, cx, cy, cz stand for the grid map locations; [x, y, z] and [w, h, d] are the decoded
box centers and sizes; pw, ph, pd are the anchor box sizes. The raw categories are pro-
cessed by SoftMax function and decoded by one-hot function. As for the objectness,
Sigmoid function is used for the interpretation.

During the training, all ground truth boxes and categories are transformed to the
output format described in Equation 5.3. At each grid point, the objectness is labelled as
1 if the corresponding anchor box has an Intersection of Union (IoU) over 50% with the
ground truth boxes. Background grids are marked as 0. Box information and categories
are then filled in to form the training labels.

As our 3D detection head is developed based on YOLO [6] head, we named it RAD
YOLO Head for convenience.
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5.3.2 2D Detection Head

The 2D detection head consists of a Coordinate Transformation Layer and a YOLO [6]
detection head due to the reason that the Cartesian maps are generated from the RA
features by using non-linear transformation.

Traditionally, the transformation of range-angle representations [r, θ] from the Polar
frame to width-depth representations [x, z] from the Cartesian frame is described as
Equation 5.10 and Equation 5.11.

x = r · cos θ (5.10)

z = r · sin θ (5.11)

θ ∈ [−π/2, π/2]

One property of this highly non-linearly transformation is that the output Cartesian
maps double-size the width dimension of the input Polar maps.

Our Coordinate Transformation Layer is developed under the inspiration of the
traditional transformation method. As introduced before, the raw feature maps from
our backbone are sized (16, 16, 256). Another interpretation of these feature maps can
be seen as 256 RA maps that are sized (16, 16) with the polar representations [r, θ].
Therefore, the output Cartesian representations of the Coordinate Transformation Layer
should be sized (32, 16). For non-linear transformation, matrix multiplication is con-
sidered as the most effective way. In our research, each (16, 16) RA map is flattened
before being processed by the fully connected layers for the non-linear transformation.
The double-sized outputs are then reshaped into the desired size (32, 16) for the Carte-
sian interpretations. Figure 5.5 shows the data pipeline of our proposed Coordinate
Transformation Layer. The multiple (32, 16) output maps are then concatenated into

FIGURE 5.5: Coordinate Transformation Layer that consists of channel-
wise MLP for non-linear transformation and a residual block for summa-

rizing low-level features.

the feature maps with size (32, 16, 256). Since these feature maps represent low-level
features, a residual block, with the structure shown in Figure 5.2, is added to the end of
the Coordinate Transformation Layer for the feature summarization.
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Finally, a classic YOLO [6] Head is added for 2D object detection on the Cartesian
maps.

5.4 Loss Functions

Based on different tasks split from YOLO [6] detection head, different loss functions are
applied for the training process. Details are introduced below.

For the box regression, various loss functions have been explored over the recent
years. Among them, MSE and GIoU [57] are the most popular ones. In our research,
the MSE-based loss function from YOLOv2 [6] is applied for the box regressions of both
RAD YOLO Head and 2D YOLO Head. The details of this function Lbox is described as
Equation 5.12.

Lbox = λ
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(5.12)

Where, xi, yi and zi are the box center predictions; x̂i, ŷi and ẑi are the ground truth box
center locations; wi, hi and di are the box size predictions; ŵi, ĥi and d̂i are the ground
truth box sizes; G stands for the set of all grid locations; B is the set of all anchor boxes;
1

obj
ij is the object mask with the objects as 1 and background as 0; the hyper-parameter λ

is set to 1 in our research.
For the objectness, Focal Loss [37] is set as the loss function. As proven in the ex-

periments, this type of function can accelerate the training process with much smoother
convergence. The formal description of the objectness loss function Lobj is as Equa-
tion 5.13

Lobj = (1− α)
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Where, 1
obj
ij and 1

nonobj
ij stand for object and non-object masks; pobj means the prediction

probability of the objectness; CE is Cross Entropy [46]; hyper-parameters γ and α are set
to 2 and 0.01 respectively.

For the loss function of classification Lcategory, classic Cross Entropy [46] is used in
our research, shown as Equation 5.14.

Lcategory =
G

∑
i=0

B

∑
j=0

1
obj
ij CE( p̂class, pclass) (5.14)
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Where, p̂class and pclass stand for ground truth and prediction category probabilities.
The total loss function Ltotal is set as a combination of the box regression loss function

Lbox, the objectness loss function Lobj and the category loss function Lcategory. During
the experiments, we found that Lbox can easily dominate the value of Ltotal . Therefore,
another hyper-parameter β is added to Lbox to relieve this issue. The description of the
final total loss function is shown as Equation 5.15.

Ltotal = βLbox + Lobj + Lcategory (5.15)

Where, β is set to 0.1 in our research.
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Chapter 6

Experiments

Our experiments are designed by following the setups of image-based object detection
development. Unit tests are first conducted for the input and output format searching.
Then, the entire train set is used for the backbone architecture searching and hyper-
parameters tuning. In order to investigate the general impacts of modern deep learning
techniques such as self-attention layers on radar object detection, different models are
formulated and tested on the test set for systematic comparisons. In this chapter, the
training parameter setups and the unit tests are introduced first, followed by the back-
bone architecture exploration. Then, additional layers such as self-attention layers and
channel-wise Multilayer Perceptrons (MLP) are introduced and the differences between
all the tested models are reported and analyzed.

6.1 Training Setups

The training parameter setups for the experiments in our research are summarized in
Table 6.1. All parameters are experimentally proven to be the most suitable for the

Parameter Value

Batch Size 3
Warmup Learning Rate 0.000001

Initial Learning Rate 0.0001
Learning Rate Decay 0.96

Warm-up Steps 50K
Learning Rate Decay Steps 10K

Objectness threshold (3D & 2D) 0.5
NMS threshold (3D & 2D) 0.3

Optimizer Adam
Metrics mAP

TABLE 6.1: Training parameter settings in our research.

training process of our model. For example, the Initial Learning Rate in Table 6.1 is de-
rived from the systematic experiments. Such a learning rate can ensure that the training
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process has the fastest convergence speed with least chance of divergence. To further
stabilize the training, a warmup process is also added prior to the formal training. All
the experiments are conducted with an RTX 2080 Ti GPU and TensorFlow API1.

During the experiments, all the backbones are trained and validated along with the
RAD YOLO Head because the 3D detection head is more complex and has a higher
capacity of extracting more detailed features. On the other hand, The training of the
2D detection head is conducted after the backbones are fine-tuned on the 3D detection
head. The weights of the backbones are frozen during the 2D detection head training.

Unit tests are first conducted with some of the backbones before the formal train-
ing process. All the training parameters that are shown in Table 6.1 are defined and
optimized based on the performance of the RAD YOLO Head in the unit tests. The
unit tests are designed and implemented with a considerably small portion of the train
set. All the unit test samples are randomly selected from the train set and overfitted on
the object detection models. Apart from the training parameters, the input format and
the output size are also defined and optimized based on the training behaviour of the
corresponding models in the unit tests.

6.2 Input and Output Data Representations

6.2.1 Input Format Validation

As introduced before, the raw input RAD tensors to our model are represented with
complex numbers. Three different data pre-processing approaches were experimented,
namely magnitude extraction, log function on signal magnitudes, and global normal-
ization on log values. For convenience, we call them RADmag, RADlog and RADnorm.
VGG [68] was chosen as the backbone for the input format search in the unit tests.

The results of the unit tests show that: for RADmag, the training process is relatively
unstable and the loss function diverges most times; for RADlog, the loss function is able
to converge and the result on the validation set shows promising performance after
around 1K steps; for RADnorm, the loss function converges most quickly with the highest
performance on the validation set.

Therefore, the input data format of our object detection model is set to RADnorm, the
globally normalized log values from the magnitudes of raw RAD tensors.

6.2.2 Output Format Validation

For the output format of our dual detection head, the most decisive factor is the size of
the backbone feature maps, which also influences the design of our backbone architec-
ture. Therefore, to search the output format, we first had to find a proper feature map
size. As the feature map size consists of the feature map resolution and the channel size,
two experiments were conducted in order to define these two parameters.

1https://www.tensorflow.org/
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Three resolutions were considered for the feature map resolution during the unit
tests, namely (8, 8), (16, 16) and (32, 32). VGG [68] was employed as the backbone. The
test results indicate that: (8, 8) leads to more false negative predictions due to its low
resolution; (32, 32) results in more false positive predictions as noise signals are mixed
in the detections; (16, 16) shows the highest performance among them. Thus, we first
set the feature map resolution as (16, 16).

For the channel size, four sizes, specifically 128, 256, 512, 1024, were experimented
with the entire train set. Both VGG [68] and ResNet [25] were applied during the exper-
iments. The results on the validation set show that the model starts to overfit when the
channel size is larger than 256. Therefore, 256 is chosen as the final channel size.

Combining the two experiments above, the feature map size of our backbone is set
as (16, 16, 256).

6.3 Model Architecture Search

6.3.1 Backbone Selection

Two image-based backbones, VGG [68] and ResNet [25], were experimented in order to
find a proper base model for the architecture. Since the input and output sizes are fixed
as (256, 256, 64) and (16, 16, 256), modifications were applied to both classic backbones
in order to fit our task.

In the modified VGG, channel expansion rates of the first 3 convolutional blocks are
set to 1. The max-pooling layer after the first block is removed to constrain the total
number of feature downsampling layers. Fully connected layers are not considered for
the reason that only low-level feature maps are required for our task. Table 6.2 shows
the modified version of VGG.

Blocks Structure

Block 1 Conv2D(3, 64) + Conv2D(3, 64)

Block 2 Conv2D(3, 64) + Conv2D(3, 64) + MaxPool(2, 2)

Block 3 Conv2D(3, 64) + Conv2D(3, 64) + MaxPool(2, 2)

Block 4 Conv2D(3, 128) + Conv2D(3, 128) + MaxPool(2, 2)

Block 5 Conv2D(3, 256) + Conv2D(3, 256) + MaxPool(2, 2)

TABLE 6.2: Modified VGG [68] for radar object detection.
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For ResNet, all the residual blocks are modified with the same structure as the ba-
sic residual block from the original ResNet [25]. Four phases are considered and the
residual block repeat times are set to [2, 4, 8, 16] respectively. Feature downsamplings
and channel expansions are implemented into the last residual block of each phase. Fig-
ure 6.1 shows the high-level architecture of the modified ResNet.

FIGURE 6.1: Modified ResNet [25] for radar object detection.

Both modified VGG and ResNet were trained and validated on the entire train set
during the base model search. Since the model size of ResNet is considerably higher
than VGG, different block repeat times of the 4 phases in ResNet were also explored in
order to alleviate the influences of the model size. The results of the tests indicate that
the performance of ResNet-based models is generally higher than VGG as the residual
blocks amplify the original input signals. In order to testify the results, we also switched
the convolutional blocks in VGG to the residual blocks during the experiments. The
corresponding results further proved our findings. Therefore, ResNet is selected as the
base model for the architecture design.

To further improve the performance of ResNet on radar object detection, different
feature downsampling methods and channel expansion methods were also studied and
experimented during the architecture search. Three types of feature downsampling lay-
ers, namely max-pooling layers, mean-pooling layers and stride two convolutional lay-
ers were tested individually during the tests. In addition, different locations of these
downsampling layers in the backbone were also considered. For example, the down-
sampling layers were placed before and after each phase during the experiments in
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order to study different downsampling structures. Similarly, the channel expansions
were also tested with different phase locations in the modified ResNet. The results of
the experiments show that, the model that uses max-pooling layer at the end of each
phase for the feature downsamplings with channel expansions at the last two phases
achieves the highest performance among all the tested models. We thus consider this
model as our backbone architecture and named it RadarResNet, as introduced in the
previous chapters.

6.3.2 Model Size

Model size is another factor that impacts not only the model performance but also the
runtime speed. In our research, The size of RadarResNet is defined by the residual block
repeat times of the four phases. Five sets of the block repeat times were experimented
on the train set in order to optimize the model size. Details are shown in Table 6.3.
As the results on the validation set suggest, the model starts to overfit when the size

Backbone Name AP0.1 AP0.3 AP0.5
Backbone

Params

RadarResNet [1, 2, 4, 8] 0.766 0.554 0.238 3.68M
RadarResNet [2, 4, 4, 8] 0.752 0.555 0.247 3.91M
RadarResNet [4, 8, 8, 8] 0.753 0.557 0.247 4.70M
RadarResNet [2, 4, 8, 16] 0.764 0.563 0.251 6.73M
RadarResNet [4, 8, 8, 16] 0.766 0.563 0.247 7.21M

TABLE 6.3: Backbone size searching samples with numbers inside “[]”
indicating the repeat times of residual blocks before downsampling.

becomes larger than 6.73M. Therefore, we finalized our RadarResNet with the repeat
times of each phase as 2, 4, 8, 16. Totally 6.73M learnable parameters are defined within
our RadarResNet.

6.4 Loss Function Searching

Based on the different tasks extracted from our dual detection head, various loss func-
tions were tested and analyzed during the experiments.

For box regression, popular image-based loss functions such as IoU, GIoU [57] and
Dice [69] were first tested during the unit tests. The test results show that they are not
able to stabilize the convergence of the loss function, especially at the beginning of the
training process. This is due to the reason that the box location on the doppler axis is
shifted when the object is moving faster than the radar’s maximum detection velocity.
As a result, the IoU calculation for the RAD bounding boxes becomes more unstable. In
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addition, at the initial stage of the training, the IoU values of the predicted boxes to the
ground truth boxes are most likely to be 0, which leads to zero gradients. This could also
potentially impact the convergence of the loss function. Thus, MSE-based loss functions
are preferable in our research. After a few tests with different MSE-based loss functions
on the entire train set, we found that the loss function from YOLOv2 [6] leads to the
highest performance. We thus set it as the loss function for the box regression.

For objectness, Cross Entropy (CE) [46] and Focal Loss [37] were tested during the
experiments. As the results indicate, both functions are able to converge the loss values
to the same level. Meanwhile, Focal Loss [37] takes considerably less training steps for
convergence than CE. Therefore, Focal Loss [37] is defined as the loss function for the
objectness.

For classification, Cross Entropy is chosen as the loss function in our research since
its robustness has been proven in various applications.

All the loss function related coefficients and hyper-parameters are tuned on the en-
tire train set. Coefficients that lead to the highest performance on the validation set are
selected for the training process in our research.

6.5 Self-attention Exploration

FIGURE 6.2: Modified version of the self-attention layers in SAGAN [88].

Self-attention layers, as proven in many researches [88, 49, 53, 12], have the potential
to improve the performance of state-of-the-art deep learning models furthermore. The
applications of self-attention layers in various tasks, such as image recognition and in-
stance segmentation, have been studied recently. In order to study the general impacts
of self-attention layers on radar object detection, two CNN-based self-attention layers
from SAGAN [88] and SAUNet [49] were experimented along with our RadarResNet
in this research. As they both are designed for the specific architectures, modifications
were applied to both self-attention layers in order to fit our task.
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6.5.1 SAGAN

For the self-attention layers in the original SAGAN [88], the attention score map is com-
puted with matrix multiplications and the channel sizes of the hidden layers are kept
the same as the size of the input feature maps. In our research, these self-attention lay-
ers were first experimented with RadarResNet in the unit tests. During the tests, we
found that the training process was extremely slow with these additional layers. There-
fore, some modifications were applied to the original SAGAN self-attention layers in
order to improve the runtime speed. As a result, all the channel sizes of the hidden
layers are switched to 25% of the original sizes. Figure 6.2 shows the implementation
of SAGAN self-attention layers in our research. We named this type of self-attention
layers integrated to our RadarRestNet as RadarResNet+SA (SAGAN).

6.5.2 SAUNet

FIGURE 6.3: Modified version of the self-attention layers in SAUNet [49].

The self-attention layers in SAUNet [49], on the other hand, use pure convolutional
layers for the derivation of the attention score map. Since these layers are designed
specifically for the UNet [58]-like architectures, we also modified them for our research
purpose. In the modified version, the input to the “gating” branch is switched to the
same input as other branches and the corresponding upsampling layers are removed
for the consistency of the output sizes. The channel sizes of the hidden layers are also
down-sized to 25% of the original sizes. Other layers and operations are kept the same
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as the original implementations in the SAUNet. Figure 6.3 shows the data pipeline of the
modified version of SAUNet self-attention layers. We named this type of self-attention
layers combined with our RadarRestNet as RadarResNet+SA (SAUNet).

During the experiments, RadarResNet+SA (SAGAN) and RadarResNet+SA (SAUNet)
were tested individually with the self-attention layers prior to both 3D and 2D detection
heads in order to investigate the impacts of them on radar object detection. Details are
given in the following sections.

6.6 Systematic Comparisons

Systematic comparisons are conducted with all the explored models in our research,
including modified VGG, modified ResNet, RadarResNet, RadarResNet+SA (SAGAN)
and RadarResNet+SA (SAUNet). These models were trained on the entire train set and
tested on the test set during the experiments. The corresponding results are compared
and analyzed to provide an insight into the performance of image-based models on
radar object detection. As our 3D and 2D detection heads contain the detections on two
different data representations, they are introduced separately in the following sections.

6.6.1 3D Detection Head

In order to study the impact of channel-wise fully connected layers on the 3D detec-
tion head, we also applied the channel-wise MLP from our Coordinate Transformation
Layer to RadarResNet to form another model. For convenience, we named it RadarRes-
Net+MLP. Therefore, totally 6 models were tested during the experiments. The overall
results and class-wise performances are shown in Table 6.4, Table 6.5 and Figure 6.4

Backbone Name AP0.1 AP0.3 AP0.5 AP0.7
Backbone

Params
Inference
Time(ms)

VGG 0.685 0.499 0.209 0.035 2.10M 10.5
ResNet 0.727 0.538 0.243 0.054 6.81M 75.3

RadarResNet 0.764 0.563 0.251 0.059 6.73M 75.2
RadarResNet+SA(SAGAN [88]) 0.738 0.498 0.219 0.044 4.11M 50.9
RadarResNet+SA(SAUNet [49]) 0.752 0.559 0.251 0.053 7.55M 78.7

RadarResNet+MLP 0.759 0.521 0.217 0.043 6.86M 77.6

TABLE 6.4: Average Precisions of different backbones on RAD YOLO
Head. The parameter size of the head layers is 1.34M.
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Backbone Name APperson APbicycle APcar APmotorcycle APbus APtruck

VGG 0.290 0.232 0.599 0 0.368 0.441
ResNet 0.311 0.322 0.647 0.048 0.342 0.479

RadarResNet 0.344 0.315 0.659 0.095 0.447 0.506
RadarResNet

+SA(SAGAN [88])
0.232 0.171 0.611 0.095 0.316 0.493

RadarResNet
+SA(SAUNet [49])

0.350 0.295 0.653 0.048 0.447 0.512

RadarResNet+MLP 0.286 0.353 0.614 0.095 0.443 0.507

TABLE 6.5: Class-wise Average Precisions of different backbones on RAD
YOLO Head with IoU threshold 0.3.

FIGURE 6.4: Class-wise precision-recall curves of different backbones on
RAD YOLO Head with IoU threshold 0.3.

Among them, VGG shows the highest inference speed with the smallest model size.
The higher AP of ResNet than VGG proves that residual blocks can boost the perfor-
mance on both image object detection and radar object detection, since the input sig-
nals are amplified during the process. For RadarResNet and ResNet, the results show
that max-pooling layers are more effective than stride two convolutional layers for the
feature downsampling. Although RadarResNet+SA (SAGAN) and RadarResNet+SA
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(SAUNet) show their potential of achieving high precision, RadarResNet still domi-
nates the performance. This is due to the reason that the self-attention layers in both
RadarResNet+SA (SAGAN) and RadarResNet+SA (SAUNet) are specifically designed
for image-based tasks and may not be suitable for radar object detection. As for Radar-
ResNet+MLP, the results show that the performance of the channel-wise MLP is very
limited and thus it may not be feasible for the RAD YOLO Head. The low precisions of
all the models on the categories “motorcycle” and “bicycle” indicate that the imbalanced
dataset can impact the model performance.

The overall high performance shows that image-based object detection and radar-
based object detection share many similarities. Thus, more image-based techniques can
be explored in future researches for higher performance and faster speeds.

6.6.2 2D Detection Head

After the experiments on the 3D detection head, we froze the backbone of each model
before training the 2D detection head. As the 2D detection head contains a Coordinate
Transformation Layer, its size is larger than the RAD YOLO Head. And thus, the infer-
ence speed of the 2D detection head is slightly slower than the 3D detection head. In
addition, since the 2D detection head already contains fully connected layers, Radar-
ResNet+MLP was not considered in the 2D detection experiments. Table 6.6, Table 6.7
and Figure 6.5 show the results of the experiments.

Backbone Name AP0.1 AP0.3 AP0.5 AP0.7
Backbone

Params
Inference
Time(ms)

VGG 0.757 0.685 0.484 0.189 2.10M 12.8
ResNet 0.770 0.699 0.502 0.198 6.81M 76.7

RadarResNet 0.796 0.727 0.516 0.205 6.73M 76.8
RadarResNet+SA(SAGAN [88]) 0.787 0.686 0.452 0.145 4.11M 52.6
RadarResNet+SA(SAUNet [49]) 0.801 0.730 0.530 0.202 7.55M 79.1

TABLE 6.6: Average Precisions of different backbones on 2D YOLO Head.
The parameter size of the head layers is 2.86M.

The overall performance of the models on the 2D detection head shows similar
trends with their performance on the 3D detection head. One difference is that the
performance gap between RadarResNet+SA(SAUNet) and RadarResNet becomes much
smaller, and RadarResNet+SA(SAUNet) even outperforms RadarResNet on AP0.1, AP0.3

and AP0.5. This further indicates that self-attention layers have the potential for im-
proving the general performance of deep learning models on radar object detection.
Therefore, task-targeted exploration of self-attention layers can be conducted in future
researches for further improvements.
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Backbone Name APperson APbicycle APcar APmotorcycle APbus APtruck

VGG 0.197 0.204 0.597 0.048 0.395 0.494
ResNet 0.204 0.212 0.622 0 0.553 0.494

RadarResNet 0.245 0.225 0.622 0 0.447 0.560
RadarResNet

+SA(SAGAN [88])
0.146 0.199 0.568 0.048 0.553 0.491

RadarResNet
+SA(SAUNet [49])

0.232 0.254 0.651 0 0.474 0.538

TABLE 6.7: Class-wise Average Precisions of different backbones on 2D
YOLO Head with IoU threshold 0.5.

FIGURE 6.5: Class-wise precision-recall curves of different backbones on
2D YOLO Head with IoU threshold 0.5.

6.7 Discussion

Visual inspections were also conducted during the experiments. RadarResNet was ap-
plied on the entire test set with the predictions and the ground truth labels plotted on
the input data. Figure 6.6 shows some samples of the model performance. Several issues
were found and analyzed during the inspections. They are summarized as below.

• Data Imbalance: The performance of RadarResNet on different categories varies.
For example, it has a very good detection rate of the category “car”, while false
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detections are commonly seen on the class “bicycle” and the class “motorcycle”.
This is caused by the data imbalance of the dataset. As introduced before, the
objects are unevenly distributed over all the categories. 17004 cars are included in
the dataset while the number of motorcycles is only 88.

• Category Confusion: For some classes, RadarResNet can hardly distinguish them
and thus leads to mislabelling. This is caused by the ambiguity of the class as-
signments. For instance, assigning “truck” to small minivans and “car” to large
SUVs can confuse the model due to the fact that there is no significant difference
between the signal tracks of these objects in radar frames.

• Noise Filtering: The model tends to generate false positive detections on the noise
signals. Two potential reasons can lead to this issue. First, background objects
such as traffic signs may exhibit similar signal tracks as some targeted objects such
as pedestrians in radar frames. Second, it also indicates that the model has a lim-
ited ability of noise filtering and thus model improvement in this area should be
considered in the future.

Despite all the issues mentioned above, RadarResNet still has a considerably reason-
able performance on the test set. The durability of our model on radar object detection
shows that similarities can be found between image object detection and radar object
detection. Thus, more advanced image-based algorithms can be explored in the future
for the further improvement of the models on radar object detection.
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FIGURE 6.6: Samples of our model on the test set. Ground truth labels
are plotted with facecolors and predictions are without facecolors.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

In this research, we developed an auto-annotation algorithm for annotating radar Range-
Azimuth-Doppler (RAD) tensors and their corresponding Cartesian representations.
The algorithm takes full advantage of the radar’s range resolution and views all dy-
namic road users as rigid bodies. With the help of the morphological extension, the
detections from the RAD tensor are enriched and instances are extracted from those
detections. Stereo vision is applied for generating class information for those radar in-
stances. Instance-wise point clouds are generated with an instance segmentation algo-
rithm, Mask-RCNN [24], during the process. These point clouds are then transferred to
the radar frame with the projection matrix derived from the sensor registration process.
Finally, all radar instances are annotated with those projected stereo instances.

Our radar dataset has been built with this auto-annotation algorithm and manual
corrections. A total of 10158 frames have been annotated and manually corrected during
the dataset building process. Six categories of dynamic road users were considered,
namely “person”, “bicycle”, “car”, “motorcycle”, “bus” and “truck”. Statistical analysis
has also been conducted on the dataset and the results show relatively acceptable range
distributions of the objects over each class.

The RAD object detection model in this research has been developed with our radar
dataset. It consists of a backbone RadarResNet and a dual detection head. The back-
bone has been designed based on a classic backbone ResNet [25] with systematic model
explorations on various image-based models. The dual detection head contains a 3D
detection head and a 2D detection head. Both detection heads have been developed on
top of YOLO [54] detection head. In addition, the 2D detection head contains a Coor-
dinate Transformation Layer that uses channel-wise fully connected layers to transform
low-level RA features to Cartesian features. Our model achieves 56.3% AP with IoU
of 0.3 on the 3D detection and 51.6% AP with IoU of 0.5 on the 2D detection. To our
best knowledge, our model is the first model that takes RAD tensors as the inputs and
predicts the positions and velocities of dynamic road users on both RAD tensors and
Cartesian representations. Self-attention layer, as another popular image-based deep
learning algorithm, has also been experimented with our model. Results show that this
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type of algorithm has the potential to further improve the performance of our model
on radar object detection. The development of our model also proves the feasibility of
image-based deep learning algorithms adapted to radar object detection. Therefore, we
believe better performance could be obtained in future researches with larger model
explorations.

7.2 Future Work

Despite the high performance of our model, several issues were also identified during
the experiments. Therefore, improvements need to be applied to future radar object
detection development.

One of the biggest issues in our research is data imbalance. This often leads to false
detections on some specific classes such as “bus” and “motorcycle”. Therefore, a class-
targeted dataset development should be conducted in the future to improve the model
performance on those targeted categories. In addition, although the dataset contains a
large number of objects, it still has a limited size when compared to its counterparts in
the image domain. Thus, more data capture and data annotation sessions need to be
done in the future to enlarge the dataset.

As the objective of our research is to explore the potential of radar object detection
models for the applications such as autonomous driving systems, an ego-motion based
dataset development should also be conducted in the future in order to improve the
practicality of our model. Therefore, ego-motion based raw radar observations, such as
radar ADC and RAD data, need to be captured and annotated to build the correspond-
ing dataset. We also believe that such a dataset can make a contribution to the safety
development of self-driving vehicles.

Fast runtime speeds are normally required for the radar related developments. Al-
though our model shows high inference speeds on an RTX 2080ti GPU, it will be slowed
down when transferred to edge devices. Therefore, hardware-aware model exploration
is required in future researches for the runtime speed improvement.

For further performance improvement, image-based models and algorithms need
to be adjusted to target radar object detection. For example, new approaches need to
be explored for computing the attention score maps in self-attention layers, in order to
develop a type of radar-targeted self-attention layers that can boost the accuracy of the
model. On the other hand, In the image domain, the general performance of video-
based object detection algorithms is higher than single-frame based object detection
methods. Therefore, for the radar object detection, sequential-frames based algorithms
should also be explored for the potential performance improvement.
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