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Abstract

Reliable environment perception is critical for advanced driver assistance sys-
tems (ADAS) and automated driving systems, which rely heavily on sensor
data from cameras, LiDARs, and radars. This dissertation focuses on the
promising yet under-researched area of radar-camera fusion via deep neural
networks. Radars and cameras complement each other well, with radars pro-
viding robust measurements in challenging conditions and cameras offering
high-resolution visual data for object classification and accurate localization.

Radar-camera fusion presents significant challenges due to the difference in
semantic level. Integrating sparse radar point clouds with detailed images
raises questions about the optimal fusion point within the neural network.
This thesis introduces Fusion Point Pruning, a technique that identifies ideal
fusion points during training. Additionally, a novel projection method maps
enriched radar data onto the image plane that increases data density based on
azimuth uncertainty, which improves 2D object detection.

Another challenge is the different measurement coordinates of radars and
cameras. Traditional fusion methods either lose radar’s geometric informa-
tion when merged on the image plane or require high computational resources
to fuse in 3D space. This thesis proposes RC-BEVFusion, a new approach
that merges radar and camera data in the bird’s eye view plane, leverag-
ing camera-based object detection advancements. This method utilizes two
radar encoders and integrates seamlessly with existing image-only detection
networks, significantly enhancing 3D object detection performance.

An additional cross-dataset study on sensor quality and scale indicates that
image networks benefit from large-scale, varied visual inputs, while radar net-
works rely more on resolution than volume.

To showcase the real-world applicability of the proposed algorithms, a data
processing pipeline for a test vehicle equipped with multiple sensors was devel-
oped. This includes extensive data pre-processing, calibration, and real-time
data management. A new dataset was generated using a proposed automated
labeling pipeline based on LiDAR data. Domain adaptation techniques were
employed to enhance network performance on the generated dataset. The op-
timized networks were then tested in real-time on an Edge Al device, balanc-
ing computational efficiency and detection accuracy. The findings contribute
valuable insights into sensor fusion and automotive object detection.
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Chapter

Introduction

Imagine a world with autonomous vehicles. A world, in which the elderly
and the impaired re-gained their mobility. A world, in which up to 94 % of
accidents formerly caused by human error could be avoided [1]. A world, in
which cities could use space formerly occupied by parked vehicles to realize
new qualities of urban life [2].

i
LEVELO LEVEL1 LEVEL2iLEVEL3 LEVEL4 LEVELS5

Driver Off
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No System \ 7
3] .

[Advanced Driving Assistance System(ADAS). Autonomous Driving(AD)
1

No Driver Partial Conditional High Full
Automation Assistance Automation Automation Automation Automation

Figure 1.1.: SAE taxonomy describing the levels of automation [3].

While the potentials of autonomous vehicles seem endless, so do the chal-
lenges. The automotive industry has been working on them for many years.
According to the SAE taxonomy depicted in Figure there are five levels of
automation that can be achieved. Most cars produced today include at least
some form of advanced driver assistant system (ADAS) like adaptive cruise
control or lane keeping assistant, but are limited to Level 1 or 2, where the
driver has to remain fully engaged. Although there are first regulatory ap-
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proved Level 3 systems for traffic jam chauffeurs up to 60 km/h and even a
Level 4 parking assistant, there is still a long way to achieve extensive Level 4
or fully autonomous Level 5 systems [3], [4]. In addition to the technical diffi-
culties, many challenges like safety validation, regulation, liability and societal
acceptance have to be solved.

In this thesis, we aim to contribute towards this development in the realm
of environment perception, which plays a key role in the automated driving
pipeline shown in Figure We choose the sub-task of object detection to
research the potential of radar-camera fusion systems, aiming for more reliable
perception and increasing the overall safety of automated driving systems.

' ~ — -
" ) Lane detection i | Mission planning
Camera Object detection Behavior planning
‘B ;
\ Object tracking i | Motion planning
&R e

Millimeter-wave
Path Speed
3D map Matching controller controller
generation

radar
maps | Steering || Gas | |Brake |

Localization Control

[
| |
| |
| |

|
|

|
|
| |
| I

|
|

|
|

|
|

|
| |
I - : selection
|
| : Perception Planning
| |

|
|

|
|

|
|

|
|

|
|

!
|
| |
| |

|
|

|
|

|
[

Commands

~
T aan

Actuator

Figure 1.2.: Overview of an automated driving system [5]. This thesis works on
object detection, a sub-task of environment perception.

1.1. Motivation

The reason for combining radar and camera systems is based on their different
strengths and weaknesses. Cameras provide detailed visual information, which
is crucial for recognizing objects, seeing colors, and reading traffic signs. How-
ever, cameras do not perform well in bad weather or low light. On the other
hand, radar is reliable in these difficult conditions and is good at measuring
the distance and speed of objects, but it cannot classify objects as accurately
as cameras [6]. The combination of the detailed images from cameras and the
reliable measurements from radar promises more robust object detection in a
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wide range of conditions. The goal of radar-camera fusion is to gain a result
that offers more than just the sum of two systems by leveraging the inherent
synergies.

Given the potential of radar-camera fusion, there has been surprisingly little
research in the field. Looking at recent surveys on automotive object detection,
radar is, if mentioned at all, merely addressed as a side-note [3], [4], [7]. This
is partially due to a lack of public datasets covering radar and camera data,
which has only been addressed in recent years and was soon followed by a
surge of publications in the field. Another reason is that a lot of research
focus on sensor fusion lies in the combination of LiDAR and camera. While
this combination can offer good detection performance in many conditions, it
can fail for adverse weather conditions and is less suited for automotive series
integration. In this thesis, we aim to close this research gap by exploring
various approaches to radar-camera fusion and demonstrate their real-world
applicability by integrating them into our own AI Sensing test vehicle. The
aim is to provide a clear and thorough understanding of the technical details,
challenges and practical applicability of the technology and to contribute to
its advancement in making cars safer and smarter.

1.2. Data-based perception

The field of automotive environment perception has undergone a significant
change, moving away from traditional rule-based perception systems to mod-
ern data-driven techniques. Rule-based perception systems were initially pop-
ular because they use clear, predefined rules and models to detect objects.
These systems depend heavily on the expertise of the people who program
them, applying specific algorithms designed to interpret sensor data within de-
fined parameters. While effective in controlled settings, these systems struggle
with the unpredictability and complexity of real-world driving environments,
leading to limitations in their flexibility and performance [8, p. 3].

The landscape began to change with the introduction of deep neural net-
works (DNNs), a development that started making waves with the creation of
AlexNet [9]. Unlike their rule-based predecessors, DNNs learn to identify fea-
tures and patterns directly from data, without needing explicit instructions.
Their ability to learn and improve from examples has made them particularly
powerful for detecting objects in the varied and dynamic scenarios encountered
on the roads.

DNNs for environment perception are typically trained using supervised
learning [8, p. 163], which relies on large amounts of labeled data. The perfor-
mance of these networks is closely tied to the volume and quality of data they
are trained on. The more accurate and diverse the training data, the better the
network can learn to detect objects under different conditions. Thus, research
of DNNSs for automotive environment perception depends on the availability of
public datasets. However, the need for extensive datasets introduces its own
set of challenges, including the efforts required to collect and label this data
accurately.
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1.3. Sensor fusion topology

Sensor fusion involves combining data from multiple sensors to improve the
accuracy, robustness, and reliability of systems. As shown in Figure sensor
fusion with DNNs can be broadly categorized into three types: early fusion,
deep fusion, and late fusion [6], [10].

NN NN

() G ofl o Dl
< G e G

(a) Early fusion (b) Deep fusion (C) Late fusion

Figure 1.3.: Sensor fusion topology.

Early fusion refers to the combination of raw sensor data, like pixels from
cameras or point clouds from radar or LiDAR sensors, before applying detec-
tion algorithms. The main advantage of early fusion is its theoretical ability
to fully utilize the synergies when combining the strengths of different sen-
sor types. However, it faces several challenges: Merging data from sensors
with inherently different coordinate systems poses a significant challenge and
early fusion can suffer from temporal misalignments and calibration errors.
Additionally, there is a challenge in combining data with different semantic
levels, such as raw camera pixels with very low-level information and radar
point clouds, which are closer to object level. Finally, validating early fu-
sion systems can be problematic because the full pipeline depends on various
modalities, which makes it difficult to exchange components [10].

In contrast, late fusion involves combining data after applying detection
algorithms, usually at the final regression layer or at the object level. This
method is more modular and therefore has the advantage of being easier to
validate because each sensor’s data is processed separately. The downside
is that late fusion may not fully utilize the potential strengths of combining
different sensors. Objects that are missed by each sensor individually will also
be missed by the sensor fusion system [6].

Deep fusion provides a balance, combining data within the layers of a deep
neural network, using features extracted from each sensor. This approach
allows for more flexibility in adjusting the semantic level of features for fu-
sion, while still utilizing the synergies of the different sensors after the fusion.
However, deep fusion still poses challenges in validation because the network
partially relies on inputs from multiple sensors. Empirically, deep fusion tends
to yield the best performance, which is why most recent research has focused
on deep sensor fusion [6].

1.4. Scope

In this thesis, we research how to ideally fuse radar and camera data with
deep neural networks for automotive object detection. Because of the poten-
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tial synergies when combining the complementary strengths of cameras and
radars, we focus on fusing these two sensor modalities and exclude fusion with
other modalities like LiDAR or ultrasound. Further, we focus on radar data
from typical automotive millimeter-wave radars. We therefore use radar point
cloud data as provided by most automotive radars and exclude raw radar
data formats. Similarly, we focus on monocular cameras and exclude stereo
or thermal cameras.

While automated driving functions ultimately require 3D information, much
of the research in image-based automotive object detection deals with the task
of 2D object detection on the image plane. We therefore decide to add a
contribution on 2D object detection with radar-camera fusion, before focusing
the remainder of the thesis on 3D object detection. We research solely sensor
fusion methods utilizing deep neural networks, as they provide state-of-the-
art results for object detection. Consequently, we exclude late or object level
fusion approaches, which do not use neural networks to leverage the synergies
of the sensor modalities. Instead, we focus on deep fusion techniques.

In some aspects of this thesis, we use techniques that extend the scope of
radar-camera fusion with deep neural networks. This includes the data pro-
cessing pipeline of our experimental Al Sensing test vehicle and an automated
labeling technique using LiDAR-based object detection with subsequent track-
ing and post-processing. We note that we use these techniques merely as a
tool that ultimately allows us to research the practicability and generalization
capabilities of our proposed radar-camera fusion algorithms.

1.5. Outline

This thesis is organized as follows: In Chapter |2, we introduce the founda-
tional knowledge required to understand the contributions of our work. We
give an overview on the sensor modalities, deep learning and object tracking
techniques as well as the recent related work in the field of object detec-
tion with cameras, radars and sensor fusion. In Chapter [3| we present the
Fusion Point Pruning (FPP) technique, our contribution to enhance the per-
formance of 2D object detection models with radar-camera fusion. We further
propose a novel projection technique of radar points onto the image plane,
which takes azimuth angle uncertainty into account. Chapter |4 deals with
our contributions in the realm of 3D object detection. We present a novel
radar-camera fusion network architecture based on Bird’s Eye View (BEV)
features and propose two novel radar encoder branches that can be used as
a plug-in system in various state-of-the-art image-only object detection algo-
rithms. We further use the proposed architecture for a study on generalization
capabilities across two datasets with different sensor setups including a recent
high-performance radar sensor. In Chapter [5, we present our Al Sensing test
vehicle along with the data preparation steps and the real-time data process-
ing pipeline. Chapter [6] presents and evaluates an automized labeling pipeline
using a LiDAR-based 3D object detection network and subsequent tracking
and post-processing steps. This technique is used in Chapter |7| to create an
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automatically labeled dataset with data from our AI Sensing vehicle. We con-
duct a study on algorithm deployment on an Edge Al system in the vehicle,
which we use to evaluate the performance of our proposed algorithms in terms
of their generalization capability and real-world applicability. In Chapter
we conclude the findings of this thesis.

To summarize, the main contributions of this dissertation include:

e Fusion Point Pruning: a technique to automatically find the best fusion
points in a neural network.

o RC-BEVFusion: A flexible radar-camera fusion architecture based on
BEYV features.

e The AT Sensing test vehicle setup.
e An automized labeling algorithm.

e A case study on network deployment and domain adaptation in real
world conditions.

1.6. Publications

Most of the work presented in this thesis has been accepted and presented in
peer-reviewed conferences or journals. In the following, we provide a list of
the publications derived from this work in the order they appear in the thesis:

1. F. Engels, P. Heidenreich, M. Wintermantel, L. Stacker, M. Al Kadi,
and A. M. Zoubir, “Automotive Radar Signal Processing: Research Di-
rections and Practical Challenges,” IFEFE Journal of Selected Topics in
Signal Processing, vol. 15, no. 4, 2021, pp. 865-878 |11].

2. L. Stacker, P. Heidenreich, J. Rambach, and D. Stricker, “Fusion Point
Pruning for Optimized 2D Object Detection with Radar-Camera Fu-
sion,” in Proceedings of the IEEE/CVF Winter Conference on Applica-
tions of Computer Vision, 2022, pp. 3087-3094 [12].

3. L. Stacker, S. Mishra, P. Heidenreich, J. Rambach, and D. Stricker,
“RC- BEVFusion: A Plug-In Module for Radar-Camera Bird’s Eye View
Feature Fusion,” in DAGM German Conference on Pattern Recognition,
Springer, 2023, pp. 178-194 [13].

4. L. Stacker, P. Heidenreich, J. Rambach, and D. Stricker, “Cross-
Dataset Experimental Study of Radar-Camera Fusion in Bird’s-Eye
View,” in 31st European Signal Processing Conference, IEEE, 2023, pp.
810-814 [14].

5. L. Stacker, J. Fei, P. Heidenreich, F. Bonarens, J. Rambach, D.
Stricker, and C. Stiller, “Deployment of Deep Neural Networks for Ob-
ject Detection on Edge Al Devices with Runtime Optimization,” in Pro-
ceedings of the IEEE/CVF International Conference on Computer Vi-
sion, 2021, pp. 1015-1022 [15].
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In this chapter, we cover the technical foundations as well as recent related
work in research needed to understand the contributions of this thesis. We
start by introducing the three sensor modalities used in this thesis: camera,
radar and LiDAR. In the following, we describe the basic principles of deep
learning as well as the components of modern deep convolutional networks,
followed by a short introduction of object tracking. We continue by giving an
overview of the recent research results in object detection using images, radar
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data as well as sensor fusion approaches. Finally, we list and categorize public
datasets that can be used for object detection with radar-camera fusion. Some

contents of Sections and have been published in [11],
and .

2.1. Sensor modalities

For automotive environment perception, several sensor modalities with differ-
ent physical properties as well as their inherent advantages and disadvantages
are used. In this chapter, we give an overview of the three most widely used
sensors for automotive object perception, that are also relevant to this thesis:
Cameras, Radars, and LiDARs . Figureshows the different advantages
and disadvantages of each of these sensors. While cameras are cheap and well
suited for object classification and precise localization within the image, radar
sensors are more robust in adverse wheather and lighting conditions and di-
rectly measure depth and velocity of objects. Note that the characteristics
of radar and camera complement each other well, indicating that sensor fu-
sion with radar and camera has high potential. LiDARs on the other hand
provide the most accurate 3D perception and are robust to different lighting
conditions, but compared to radar they are less robust to adverse weather con-

ditions. Also, at the time of writing, LiDARs are more expensive and therefore
less enited for antomative cerieq inteoratinn

Weather Robustness

Size & Cost Lighting Robustness

Camera

Semantic Info. Depth Info. Radar

——LiDAR

Velocity Resolution

Detection Range

Figure 2.1.: Sensor characteristics for automotive perception based on @ Radar-
Camera fusion has high potential due to complementary characteris-
tics.

2.1.1. Camera

Cameras are passive, optical sensors that capture light from a scene. In a
digital camera, a lens is used to focus light onto a photosensitive surface,
typically a Charge-Coupled Device (CCD) or Complementary Metal-Oxide-
Semiconductor (CMOS) image sensor, which converts the light rays into elec-




2.1. Sensor modalities

trons. These electrons are transformed into voltage, amplified, and converted
to a digital image using an Analog-Digital-Converter (ADC) p. 80].

Real lenses introduce distortion onto images as shown in Figure Note
how the buildings on the left side and the poles on the right side of the image
appear bent. It is necessary to calibrate cameras in order to rectify such
distorted images as shown in Figure Calibration further serves as a
prerequisite for accurately projecting 3D points onto an image or fusing data
from depth sensors with image features. Camera calibration can be divided
into extrinsic and intrinsic calibration.

(a) Distorted image (b) Rectified image

Figure 2.2.: Example of a distorted image being rectified.

The extrinsic calibration matrix R, . is needed to project a point from
the world coordinate system p,, into the camera coordinate system p.. Using
homogeneous coordinates, the rotation and translation can be described in a
single matrix multiplication as:

T T

Pc = Ye =R, Y = Ry_cPw (2'1)
Ze Zw
1 1

In order to project the point to 2D image coordinates, an intrinsic calibration
matrix R..img is needed. The underlying camera model is the widely used
pinhole camera model p. 55] shown in Figure For an ideal, distortion-
free lens, a point in the camera coordinate system p. is mapped onto the image
plane as pimg as:

Tc

Reimg ZC = ReoimgPe (2:2)

C

1

Here, simg is a scalar factor and R._img is the intrinsic camera calibration
matrix that maps the point from camera to pixel coordinates and can be
described as:

SimgPimg = Simg

— e

fz 5 ¢
Rc—»img =10 fy Cy (2.3)
0 0 1
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Figure 2.3.: Pinhole camera model .

Here, f, and f, are the focal lengths, ¢, and ¢, are the principal point or
optical center, and s is a skew coefficient, which can be discarded for modern
CCD cameras, where the image axes are perpendicular p. 45]. Using these
factors, the mapping from camera to pixel coordinates can be re-written as:

ul _ fx:v: + ¢y (2.4)

v fyy' +cy
Here, 2’ = z./2z. and ¢’ = y./2.. When dealing with real lenses, distortion
factors have to be taken into account. In this work, up to twelve distortion
parameters are used: Six radial coefficients k;, two tangential coefficients p;

and four thin prism coefficients s; . Given 72 = 2% + y' 2, these distortion
coefficients are used to extend the model as:

1+kyr2+kort +ksrS s 10 2 2 2 4
|:x//:| | o es e +2pialy +pa(re +22") + 5177 + s91 (2.5)
= | 1+kir2+kort+ksr® s 2 72 I, 2 4 :
Y T s Y +p1(r° +2y"7) + 2poxy’ + 5377 + s4r

Consequently, for real lenses, the undistorted coordinates z'" and y" are
used for the projection to the image plane:

u| | far" + ey
[”] ) [fyy" + Cy] (26)

10



2.1. Sensor modalities

2.1.2. Radar

Radar is an acronym for radio detection and ranging. Radar sensors are ac-
tive electromagnetic sensors that detect, range, and map objects by emitting
radio waves and analyzing the echoes reflected back. The transmit antenna
emits a burst of radio or microwave frequency waves, which, upon hitting an
object, reflect back to the sensor. The time taken for these waves to return
is precisely measured, enabling the calculation of the object’s distance based
on the speed of light. Additionally, the direction of the object is determined
by the direction of the reflected waves, and any change in their frequency,
due to the Doppler effect, indicates the object’s relative speed. Automotive
radars use a microwave frequency band of 76 GHz to 81 GHz. Depending on
the application, a trade-off between detection range and azimuth coverage has
to be made, which classifies radars into short range (SRR), mid range (MRR),
and long range radars (LRR) [1§].
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Figure 2.4.: Two examples of MIMO virtual arrays based on [11]. Note how the
lower configuration can be used with approximately half of the physical
space.

In current state-of-the-art automotive radar processing, Frequency Mod-
ulated Continuous Wave (FMCW) radars, particularly employing chirp se-
quence modulation with stretch processing, have emerged as a standard due
to their hardware efficiency and cost-effectiveness [18]. Notably, the integra-
tion of Multiple-Input Multiple-Output (MIMO) antenna designs enhances
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the number of effective receive antennas, facilitating larger array apertures
[19]. An exemplary virtual array achievable with 12 transmit and 16 receive
antennas is shown in Figure Note that the same array can be achieved
with different physical configurations, the lower being preferable due to its
approximately 50 % lower space requirement [11].

The processing chain in these advanced radar systems is depicted in Figure
First, a MIMO signal model is used to mix the transmit signal with the
receive signal and convert it to baseband samples. Due to the high likelihood
of interference with automotive radar signals from other cars in the environ-
ment, an important part of the radar processing is interference mitigation [20)].
Next, several pre-processing steps are used to convert the samples into a 4D
radar cube with dimensions range, relative radial velocity, azimuth angle, and
elevation angle. To this end, the Fast-Fourier-Tranform (FFT) algorithm is
employed several times. First, a fast-time FFT is used, corresponding to the
range dimension, before the MIMO signal is demodulated. Then, a slow-time
FFT extracts the relative radial velocity correspondents. Finally, a 2D FFT
along the horizontal and vertical dimensions of the MIMO array is used for
the beamforming, corresponding to the azimuth and elevation angles [11].

Sampling Receive

Environment signal

reflection
Transmit MIMO signal Interference
signal g

model mitigation
Baseband
sample
Pre-processing
Fast-time MIMO Slow-time .
FFT g demodulation > FFT —>{Beamforming
Radar
cube
Target list creation

Peakfinding [€»; Pafame.ter
estimation

Radar
pointcloud
Figure 2.5.: Overview of the radar signal processing chain based on |11.

While the calculated 4D radar data cube is a useful intermediate raw data
interface, it requires a lot of memory, and is generally not feasible to be sent
via network to a processing unit at high frequencies. Therefore, a more com-
pact target list is typically extracted from the radar data cube using constant
false alarm rate (CFAR) power detection. This is often combined with peak
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finding and sidelobe thresholding, to exclude artifacts from strong targets .
Using the identified peaks, the parameters of the targets can be estimated. In
addition to estimating the four dimensions of the radar cube, its power val-
ues are used to estimate the radar cross section (RCS), a measure indicating
how detectable an object is by radar, which depends on a target’s size, shape
and material. The parameter estimation finally results in the target list, also
referred to as the radar point cloud. The radar point cloud is often used
for further processing steps such as grid mapping or object detection, and is
a useful interface for data fusion with data from other sensor modalities as
performed in this thesis.

2.1.3. LiDAR

LiDAR is an acronym for Light Detection and Ranging. LiDARs are active
optical sensors that emit near-infrared laser pulses and receive their reflections
from the environment. A LiDAR sensor can be broadly separated into two
parts: a laser rangefinder and a scanning system.

Laser return

Tilting
Mirror ~

Azimuth
Rotation e Laser
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Receiver
optics

- Laser retum
Receiver

Optical diffuser

(a) Mechanical spinning LiDAR (b) MEMS LiDAR

of Receiver

ay
25}&'::“& % optics

Laser
Transmitter

Optical diffuser

(¢) Flash LiDAR (d) Optical Phased Array

Figure 2.6.: Different types of LiDAR scanning systems , (©) 2020, IEEE.

The laser rangefinder consists of a laser transmitter, optics, a photodetector,
and signal processing electronics. Most automotive LiDARs use a pulsed laser
transmitter and measure the time-of-flight of the pulse reflections. Recent
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LiDAR variants emit an FMCW signal, which can be used to simultaneously
measure distance and relative radial velocity based on the Doppler effect.
The optics are designed to collimate the emitted laser and focus the reflected
photons. The photodetector captures them and performs optical processing
and photoelectric conversion to generate an electronic signal. Finally, fast
signal processing electronics estimate the distance between the sensor and the
reflected target |21].

The scanning system is used to steer laser beams along different azimuth
and elevation angles. As shown in Figure there are different types of
scanning systems, which can be grouped into mechanical spinning and solid
state [21]. Mechanical spinning systems use a rotating element like a mirror or
prism, which is controlled by a motor to re-direct laser beams and increase the
field of view [22]. While mechanical spinning LiDARs are popular due to their
high signal to noise ratio in combination with 360° horizontal field of view,
they cannot be seamlessly integrated into the vehicle and are too fragile for
automotive. In contrast, solid state LIDARs are more robust, but typically
have a lower field of view. Different variants of solid state LiDARs include
Micro-Electro-Mechanical Systems (MEMS) [23], which are miniature mirrors
embedded on a chip, flash LiDARs [24], which illuminate the scene with an
optically diffused laser and then act as a camera, and Optical Phased Arrays
(OPA) [25], which use phase modulators to steer the laser beams.

2.2. Deep Learning

Deep learning describes a set of modern machine learning algorithms, that
are based on deep neural networks. As shown in Figure computer vision
processing pipelines have evolved from traditional, hand-crafted feature and
algorithm design to more data-based methods. In classic machine learning
pipelines, a set of hand-crafted features was used to train a machine learning
algorithm. In deep learning techniques, all components including intermedi-
ate feature representations are learned from data [16, p. 238]. Deep learning
has become an essential technique for state-of-the-art environment perception
algorithms. In this section, we give an overview on the basics of convolutional
neural networks (CNNs) and introduce examples of common components of
a modern deep neural network in the realm of computer vision: backbones,
necks and detection heads. Further, we describe loss functions, optimizers and
metrics used to train and evaluate the neural networks.

2.2.1. Convolutional neural networks

A CNN is a neural network that has one or more convolutional layers and is
used mainly for image processing but can also be used for other auto-correlated
data. Typically, modern CNNs are deep neural networks with many layers of

different types. In the following, we present the most common components of
CNNs.
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« | Hand-crafted | Hand-crafted N
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(C) Deep learning pipeline

Figure 2.7.: Evolution of computer vision processing pipelines based on [16, p. 238].

Convolutional layer The convolutional layer is the core building block of a
CNN. The layer’s parameters consist of a set of learnable filters or kernels,
which have a small receptive field but extend through the full depth of the
input volume. As illustrated in Figure [2.8] each filter is convolved across the
width and height of the input volume, computing the dot product between
the filter and the input, and producing an activation map of that filter. As a
result, the network learns filters that activate when they see specific types of
features at some spatial position in the input |16} p. 292].

ololo|1]1]1]0
0[0[1[L1[1[0]64--__ o |1]4]3]4]1
of1|1]|1]{0]0|0 1{0]1 3|4]2(1
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Figure 2.8.: Convolution operation. The element-wise multiplication and summa-
tion between the filter K convolved over the input map I produces
the activation map A.

A 2D convolution can be mathematically described using 3D tensors for
input I € R¥r*h1xer and activation map A € R¥A*Pa*ea with width w, height
h and feature channels ¢y and cga, respectively, as well as a 4D tensor for
the kernel weights K € R¥*¥*¢r*¢a with uneven kernel size k. For a stride of

Sconv = 1 and same padding p = %, an element of A at row m, column n and
channel a can be calculated by:
o ko k k+1 k+1
A[m,n,a]zz ZK[u,v,i,a]-I[m+u— N+ v - i) (2.7)
i=1u=1v=1 2 2
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Activation function Activation functions are crucial in CNNs as they in-
troduce non-linear properties to the network. The most common activation
function in CNNs is the Rectified Linear Unit (ReLU). ReLU is defined as
f(z) =max(0,2). In comparison with the traditionally popular sigmoid acti-
vation function, ReLLU has two key advantages when used in deep neural net-
works: It solves the vanishing gradient problem that occurs when multiplying
gradients with absolute values < 1 across many layers and it is computation-
ally cheap which speeds up training. Variants of ReLU, like Leaky ReLLU and
Parametric ReLU, also exist to address specific issues like the dying ReLU
problem [16, p. 273].

Pooling layer Pooling layers are used to reduce the spatial dimensions of the
input volume for the layers that follow. The most common form of pooling
is max pooling, where the maximum element from a region of the input is
selected. Pooling helps in making the representation approximately invariant
to small translations of the input. It also reduces the number of parameters
and computation in the network [16, p. 295].

Fully connected layer In fully connected layers, neurons have full connec-
tions to all activations in the previous layer, as seen in multi-layer perceptrons
(MLPs). Typically, fully connected layers are placed at the end of CNN archi-
tectures. Their purpose is to use the calculated high-level features for the final
task of e.g. image classification, object detection, or semantic segmentation
[16] p. 271].

2.2.2. Backbones

A backbone architecture is a part of a deep neural network that is used to
encode high-level features from the raw input data. Due to the need of ex-
tracting many different semantic cues from the raw data, a common practice
involves pretraining backbones on extensive datasets like ImageNet [9] before
fine-tuning them for the respective task. In this section, we introduce two of
the most common backbone architectures, which are also used in this work:
ResNet [26] and SwinTransformer [27].

ResNet The most common backbone in computer vision is ResNet [26], short
for residual network. It belongs to the family of convolutional backbones
along with VGG [28], efficient models like MobileNet [29] and EfficientNet
[30], as well as the more recent ConvNeXt [31]. This architecture emerged as
a key innovation, particularly in computer vision, by enabling the training of
networks with unprecedented depth. At the heart of ResNet’s innovation is
the concept of residual learning as shown in Figure which fundamentally
alters the approach of training deep networks. Traditional CNNs attempted to
learn direct mappings from inputs to outputs, but ResNet layers are designed
to learn residual functions with reference to the layer inputs. This change is
operationalized through the introduction of skip connections, which effectively
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allow the output of one layer to bypass one or more layers by being added to
the output of a later layer. Mathematically, this translates to approximating
the residual function F(z) = H(z) — x, thereby reformulating the original
function as F'(x) +x. These skip connections play a critical role in addressing
the vanishing gradient problem, as they provide an alternate route for the
gradient to flow through during backpropagation, thus aiding in the training
of deep networks.

X
| weight layer |
F(x) l relu N
| weight layer | identity
F(x) +x

Figure 2.9.: ResNet building block with residual connection |26], (€) 2016, IEEE.

ResNet’s architecture is characterized by a series of residual blocks, each
comprising several convolutional layers followed by batch normalization and
ReLU activation. The block’s output is combined with its input through
element-wise addition before undergoing the subsequent ReLLU activation. De-
pending on the amount of residual blocks, the architecture comes in various
configurations between 18 and 152 layers, which allows a trade-off between per-
formance and computational requirements. A more modern version of ResNet
is ResNeXt [32].

SwinTransformer SwinTransformers [27] represent a novel architectural de-
velopment in the field of deep learning. This architecture, along with the
VisionTransformer (ViT) [33], integrates the principles of transformers, tra-
ditionally used in natural language processing [34], into the realm of com-
puter vision. Unlike standard transformers that operate on sequences of text
tokens, SwinTransformers handle 2D images by partitioning them into non-
overlapping patches and treating each patch as a token. These patches are then
processed through a series of transformer blocks, which involve self-attention
mechanisms and MLPs.

A unique aspect of the SwinTransformer is its use of shifted windows illus-
trated in Figure In each successive layer of the network, the partitioning
of patches into windows is shifted, allowing for cross-window connections and
enhancing the ability of the model to capture relationships across different
parts of the image. This approach addresses one of the key limitations of ap-
plying transformers to vision tasks: the computational complexity associated
with global self-attention. By focusing on local windows and then gradually
shifting these windows, SwinTransformers efficiently manage computational
resources while still capturing the global context of the image.
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Figure 2.10.: Shifted window approach utilized in the SwinTransformer ,
©) 2021, IEEE.

In contrast to previous approaches which apply transformers to vision like
ViT , SwinTransformers are designed to produce hierarchical feature
representations, much like traditional CNNs. As shown in Figure this
hierarchical structure is achieved by progressively merging patches and reduc-
ing their number, effectively increasing the receptive field as the network gets
deeper. Such a design allows SwinTransformers to maintain high-resolution
feature maps in the initial layers, which are crucial for detailed feature ex-
traction, while also capturing more abstract and global features in the deeper
layers.
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Figure 2.11.: SwinTransformer makes use of hierarchical feature maps, which al-
lows it to extract both high-resolution feature maps as well as ab-
stract, global features in deeper layers M’ ©) 2021, IEEE.

2.2.3. Necks

Neck structures in deep CNNs are used to bridge between the backbone used
for feature extraction and the head used to produce the final outputs. Typi-
cally, necks are used to aggregate multi-scale feature maps and their architec-
ture follows Feature Pyramid Networks (FPNs) [35].
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Backbone architectures often produce feature maps at different levels, each
corresponding to different scales of the input image. However, these feature
maps diminish in resolution as the network gets deeper, making them less
effective for detecting small objects. As shown in Figure FPNs tackle
this issue by augmenting the standard CNN architecture with a top-down
pathway and lateral connections. The top-down pathway upsamples spatially
coarser, semantically stronger features from higher levels of the network. These
are then enhanced with spatially finer, but semantically weaker, features from
lower levels through lateral connections. The result is a set of feature maps
at multiple levels, each combining deep, semantically rich information with
high-resolution details.

/

Figure 2.12.: FPNs aggregate multi-scale feature maps produced from a backbone
structure [3_51], (©) 2017, IEEE.

2.2.4. Detection Heads

The detection head is a component of the network architecture that specifically
focuses on interpreting the encoded features obtained from backbone and neck
to predict the outputs needed to solve the respective task of e.g. semantic
segmentation or object detection. Depending on the specific requirements of
the task and the overall architecture of the network, detection heads generally
consist of a series of convolutional layers, sometimes accompanied by fully
connected layers. In the following, we focus on the most important detection
heads used for object detection.

R-CNN [36] was among the first to introduce the concept of a dedicated
detection head in CNNs. This architecture utilizes region proposal methods to
identify areas of interest in an image and applies a detection head to classify
and refine the bounding boxes around these proposed regions. Single Shot
MultiBox Detector (SSD) streamlined the detection process by eliminating
the need for separate region proposals, integrating the detection head directly
into the backbone network. This allowed for real-time detection performances,
making the process more efficient. An approach that scales better for 3D
detection was introduced in CenterNet . Unlike the previous methods
that focus on bounding box predictions, CenterNet adopts a keypoint-based
approach. As shown in Figure [2.13] it detects objects as keypoint peaks in a
heatmap, and regresses to all other object properties, such as size, depth, and
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orientation. This approach simplifies the detection pipeline and has shown
effectiveness in improving detection accuracy, especially in crowded scenes.

keypoint heatmap [C] local offset [2]

3D size [3] depth [1] orientation [8]

Figure 2.13.: CenterNet treats objects as points and regresses to all other at-
tributes needed to decode bounding boxes 1{3_81]

2.2.5. Loss functions

The primary role of a loss function in CNN training is to measure the dis-
crepancy between the predicted outputs of the network and the actual target
values. This measure of error is used by optimization algorithms, like gradient
descent, to update the network’s weights in a direction that minimizes this
error. The choice of an appropriate loss function is crucial as it directly influ-
ences how the weights of the network are adjusted during the training process.
Therefore, the design of a loss function must reflect the specific objectives of
the task at hand, such as penalizing incorrect classifications or inaccuracies in
the localization of objects [16] p. 280].

A widely used loss function in classification tasks is the cross-entropy loss,
which measures the performance of a classification model whose output is a
probability value between 0 and 1. It is effective in cases where the model
needs to output the probability of a class label being true and is particularly
useful for training multi-class classification problems. For regression tasks,
when the model needs to predict continuous values, L1 loss or L2 loss are
commonly used, which correspond to the sum of all absolute or squared errors,
respectively.

In the context of object detection, a frequent problem is the imbalance of
classes in the training dataset. To address this, Focal Loss was introduced .
Focal Loss modifies the standard cross-entropy criterion by adding a factor
that reduces the loss contribution from easy examples and focuses more on
correcting misclassified examples. This adjustment allows the model to focus
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on learning from the hard, misclassified examples, which is particularly useful
when there is a significant imbalance between the background and foreground
classes.

2.2.6. Optimizers

An optimizer is an algorithm used to change network weights to reduce the
losses. To this end, backpropagation is used to determine the gradients of the
network weights with respect to the loss function [8, p. 180]. Optimizers de-
termine how quickly a network learns from the gradients and how it converges
to minimize the loss function.

One of the foundational optimizers in the field of deep learning is Stochastic
Gradient Descent (SGD). It uses mini-batches of training data to iteratively
move in the direction of the steepest gradient descent. While SGD is simple
and efficient, it can be sensitive to the choice of the learning rate and may
show slow convergence on complex error surfaces common in deep learning
tasks. Variants of SGD, such as SGD with momentum, have been introduced
to overcome these limitations. The momentum term helps to accelerate SGD
in the relevant direction and dampens oscillations, making it more robust to
the choice of hyperparameters [8, p. 260].

A more recent, popular optimizer is Adam [40], which combines the advan-
tages of two other extensions of SGD: Adaptive Gradient Algorithm (Ada-
Grad) |41] and Root Mean Square Propagation (RMSProp) [42]. Adam com-
putes adaptive learning rates for each parameter. It stores an exponentially
decaying average of past squared gradients and an exponentially decaying av-
erage of past gradients. These terms are estimates of the mean and variance
of the gradients, which are corrected by the algorithm to counteract their bias
towards zero. This bias correction helps Adam perform well in practice even
with little tuning of hyperparameters |8, p. 267].

Building upon the success of Adam [40], the AdamW [43] optimizer presents
a refinement that addresses specific shortcomings in the original Adam opti-
mizer, particularly regarding weight decay regularization. Weight decay is a
form of L2 regularization that shrinks weights during the training process to
prevent overfitting, a crucial aspect in training deep neural networks. AdamW
decouples the weight decay from the optimization steps, applying it directly to
the weights similarly to SGD. This subtle yet impactful change allows AdamW
to preserve the benefits of adaptive learning rates from Adam while improving
the effectiveness of weight decay regularization.

2.2.7. Object Detection Metrics

To evaluate the performance of algorithms, metrics are needed that represent
all important aspects of the downstream task. In this section, we introduce
the most relevant metrics in the realm of object detection. A recent study has
shown that these metrics, especially the nuScenes detection score (NDS) [44]
and the mean average precision (mAP), correlate well with the driving score
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and the number of collisions when deploying object detection algorithms in a
driving simulation [45].

The performance of an object detection algorithm is evaluated based on two
sets of bounding boxes: the predictions and the labeled ground truth. The first
important step is to match predictions with ground truth boxes to determine
so called True Positives (TP). Predictions that have no matching ground truth
box are called False Positives (FP). Similarly, ground truth boxes that have
no matching prediction are called False Negatives (FN).

To determine a TP match, many datasets like KITTI [46], and notably for
this work also View-of-Delft [47], utilize the intersection-over-union (IoU) as
a criterion. IoU quantifies the overlap between the predicted bounding box
and the ground truth, offering a direct measure of localization accuracy for a
single pair of boxes. It is calculated by dividing the area of overlap between the
bounding boxes by the area of their union. For 2D or BEV object detection,
the IoU is calculated using 2D areas on the image or BEV plane, respectively.
For 3D object detection, it is calculated based on 3D overlaps and unions. IoU
values range from 0 to 1, where 1 signifies perfect overlap and 0 denotes no
overlap. In order to count a prediction as TP, its loU with one of the ground
truth bounding boxes has to exceed an IoU threshold. Typical values are 0.7
for Cars and 0.5 for smaller objects like Bicycles or Pedestrians.

A problem with 3D IoU arises for distant, small objects. An average pedes-
trian bounding box is approximately 70 cm long and wide. Assuming perfect
size estimation as well as horizontal and vertical positioning, the depth estima-
tion error still has to be lower than 23 cm to achieve an IoU greater than 0.5.
For the maximum pedestrian detection distance of 40 m in nuScenes [44], this
corresponds to less than 1% relative error, which is very difficult to achieve
with image-based object detection. Therefore, nuScenes [44] instead relies on
BEV center distance to determine TPs. It uses several distance thresholds of
[0.5, 1, 2, 4] m and the results are averaged at a later stage.

Using the gathered TP, FP and FN statistics, we can calculate precision
and recall. Precision measures the accuracy of the positive predictions as:

precision = TP/(TP + FP) (2.8)

In contrast, recall assesses the algorithm’s completeness as:

recall = TP/(TP + FN) (2.9)

A trade-off between precision and recall can be achieved by varying the
confidence threshold, which indicates the minimum confidence score needed
to count a network prediction. A low score threshold leads to high recall but
low precision, whereas a high score threshold leads to high precision but low
recall.

To extract a single number that captures this trade-off that is achievable
with a given algorithm, we calculate the Average Precision (AP). First, we
plot precision as a function of recall at different confidence thresholds, known
as the precision-recall curve shown in Figure The AP is defined as the
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area under the curve and takes values between 0 and 1. For nuScenes [44], the
AP is calculated for each distance threshold separately and then averaged.

1.0

0.8
o
9 0.6 .: 0.5, AP: 37.0
L Dist. : 1.0, AP: 64.2
O —— Dist. : 2.0, AP: 69.7
E —— Dist. : 4.0, AP: 72.3
o 0.4 !
0.2
0'8.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 2.14.: The AP is defined as the area under the Precision-Recall curve and
is often averaged over multiple distance or IoU thresholds.

The mAP extends the concept of AP to a broader scale by averaging the
AP scores across n; different classes as:

ny
mAP = 1 > AP (2.10)

=1
This metric is particularly useful for assessing performance in multi-class
object detection scenarios, offering a holistic view of an algorithm’s effective-
ness. It is therefore widely regarded as the gold standard for comparing the
performance of object detection algorithms, encapsulating both detection ac-
curacy in terms of the achievable trade-off between precision and recall as well
as class-wide detection capabilities in a single number between 0 and 1. For
datasets with heavy class imbalances, the mAP can be strongly influenced by
small deviations in classes with few objects. Therefore, it can be more fair to
use a weighted mean Average Precision (wmAP), which assigns each AP, of
class [ a weight depending on the objects per class n,;. It is then normalized

by the total number of objects n, as:

2
wmAP = 1 > nepAP; (2.11)

0 c=1
To get a more detailed view on the performance in several sub-tasks of
object detection, nuScenes [44] additionally defines TP metrics, which are
average errors calculated for each TP match: The Average Translation Error
(ATE) calculates the Euclidian ground center distance in meters, the Average
Scale Error (ASE) is calculated as 1-IoU after alignment of the object center
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and rotation, the Average Orientation Error (AOE) is the yaw angle difference
in radians, the Average Velocity Error (AVE) is the absolute velocity error in
m/s and the Average Attribute Error (AAE) is calculated as 1 — acc, where
acc is the classification accuracy of the nuScenes attribute, a sub-classification
task for some of the classes indicating their movement status. Each of the
TP metrics can, similar as for the mAP, be further aggregated across multiple
classes, yielding the mean TP metrics: mATE, mASE, mAOE, mAVE and
mAAE.

Finally, the NDS is used as an aggregated metric to encapsulate the mAP
and the mean TP metrics in a single number between 0 and 1. First, it
calculates scores for the mean TP metrics defined as:

mean_TP _score = maz(1 — mean_TP _error, 0) (2.12)

It then assigns a weight of 5 to the mAP and 1 to each of the mean TP
scores and calculates a weighted average.

In summary, object detection is a multi-faceted problem, which requires
complex and nuanced metrics to capture all necessary aspects. The mAP
yields a good overview of the object detection performance, while the TP
metrics allow more detailed understanding of the strengths and weaknesses of
different algorithms, which can be especially useful when comparing algorithms
based on different sensor modalities. The NDS is a final aggregated measure
which has the highest correlation with the downstream driving task [45].

2.3. Object Tracking

Object tracking, a fundamental domain in the field of sensor data analysis,
refers to the continuous observation and determination of an object’s state
over time. It can be realized through various sensor modalities, including
cameras, radars and LiDARs. Based on a series of noisy object detections,
the aim of a tracking filter is to estimate the object’s trajectory. The task be-
comes more complicated when dealing with multi-object tracking, as required
in automotive environment perception. In addition to the state updates and
predictions required for each track, new detections have to be associated to
the right tracks. This is especially challenging because detections are noisy
and objects can be temporarily occluded [48]. In the following, we present
an overview on track management, the commonly used Kalman filter [49],
which can be used for probabilistic state updates and predictions, as well as
approaches to associate new detections with tracks.

2.3.1. Track management

Track management deals with the problem that it is unknown how many
objects need to be tracked at a given point in time. New detections can belong
to an already identified track, a new track, or correspond to false positives or
noise. Further, objects can be temporarily not detected due to occlusion or
false negatives. Therefore, it is needed to manage the track list and decide
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when to start a new track and when to remove an old track, as well as how to
update existing tracks.

2.3.2. Kalman Filter

The Kalman filter [49] is a powerful recursive algorithm used in a wide range of
engineering and scientific applications for estimating the states of a dynamic
system based on a series of noisy measurements. If the noise is Gaussian and
the model is linear, the Kalman filter is the optimal estimator.

For the linear Kalman filter, the dynamic system is modeled using linear
state space equations. Given the state transition matrix F', the control input
matrix B, an optional control input vector uw; and a random process noise
w; ~ N (0,Q;), the current state vector @ at iteration ¢ is modeled as:

Tt = Fmt,l + But + we (213)

In addition, given the observation matrix H and a random measurement
noise v; ~ N'(0,V;), the measurement z; is modeled as:

zZt = Ha:t + Ut (214)

Given initial estimates of the object state xg and state covariance Py, the
Kalman filter iterates between prediction steps and measurement updates.
The prediction extrapolates the state as:

':Ut|t—]_ = Fmt—lhf—l + B’U;t,I (215)

Further, the state covariance is predicted as:
Py = FPt—1|t—1FT + Q1 (2.16)

Given a new measurement, the filter is updated to correct the predicted
estimate. First, the Kalman gain is computed as:

K= Py H (HPy  H" +V,)"! (2.17)
Then, the new measurements are used to update the state:
Ty = Tyjg-1 + Ki(z - Hth|t71) (2.18)

Finally, the state covariance is updated taking the measurement noise into
account:

Py =(I-KH)Py_, (2.19)

2.3.3. Association

Track association deals with the problem that a set of new detections needs to
be assigned to a set of existing tracks. A common assumption is that each new
detection belongs to at most one existing track, and each existing track leads
to at most one new detection [48]. In this case, the detections can be greedily
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associated to the existing tracks, based on a distance metric which needs to
be lower than a pre-defined threshold. The distance metric is calculated based
on the detection’s parameters as well as the predicted state of the tracks.

State spaces generally cover attributes of different units and scales, such as
an object’s position, velocity, size or orientation. In order to account for these
different scales as well as the correlations of variables in the state space, we
can normalize the innovation term z; — Hx;_; with its covariance matrix S,
which can be derived as:

S;=HPy H" + R, (2.20)

The normalized and squared innovation yields the resulting distance metric,
known as the Mahalanobis distance:

dmahalanobis = (zt - Hmt|t—1)T(St)_1(zt - Hmt|t—1) (221)

2.4. Image-based object detection

The use of deep neural networks for object detection in images has lead to a
significant increase in detection accuracy. The early methods are characterized
by a two-stage approach: First, a region proposal network (RPN) is used to
identify regions of interest (Rols) in the image. Second, an image classification
network is used to classify the object in each Rol. An exemplary algorithm
using this approach is Faster R-CNN [50]. To reduce the computational cost of
these approaches, one-stage object detectors were introduced. They eliminate
the need for a RPN by replacing the Rols with pre-defined anchor boxes.
Examples of this technique include SSD [37] and RetinaNet |39]. More recent
approaches use transformers instead of purely convolutional networks [51]—
[54]. In Chapter[3.1]of this thesis, we build an architecture based on a modified
variant of the RetinaNet architecture.

Image-based 3D object detection is a difficult task in the field of computer
vision because it involves identifying and localizing objects in 3D space using
only a single camera as a sensor. This is in contrast to LIDAR and radar sys-
tems, which provide depth measurements and can more accurately determine
the 3D location of objects. Early approaches to image-based 3D object detec-
tion focused on using known geometric information to estimate 3D bounding
boxes from 2D detections [55]. More recent techniques have extended existing
2D object detection models with additional detection heads specifically de-
signed for 3D object detection [38], [56]-[58]. Some approaches have also used
predicted depth maps as auxiliary features |59 or to create a pseudo-LiDAR
point cloud, which is then processed using LiDAR-based object detectors [60].

The most recent research in this area has mainly followed two directions.
The first is the use of transformer-based techniques, which leverage the ability
of transformer models to process sequences of data and perform self-attention
to learn more complex relationships between features [61]-[64]. The second
direction is the development of BEV-based object detectors. To this end, the
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features need to be transformed from the image plane to the BEV plane. A
pioneering work uses orthographic feature transform , where a voxel grid
is projected to the image to extract features. To reduce memory consump-
tion, the voxel grid is then collapsed along the vertical axis to create BEV
features. More recent methods are based on the Lift-Splat-Shoot (LSS) view
transformer or similar work . As shown in Figure LSS lifts image
features into a 3D pseudo point cloud via dense depth prediction, before again
collapsing the vertical dimension to create BEV features. A recent review on
BEV-based perception is given in . The idea is first incorporated into a 3D
object detection network in the BEVDet series —, and later refined with
LiDAR-based depth supervision and temporal stereo , . In , a
more efficient view transformer in terms of memory and computations is intro-
duced by formulating LSS into matrix operations with decomposed ring and
ray matrices, and compressing image features and the estimated depth map
along the vertical dimension. Another approach to BEV-based object detec-
tion is the BEVFormer series , , which uses spatio-temporal transform-
ers to create BEV features from multiple images. Both of these approaches
are finally combined in recent work . In Chapter of this work, we build
upon these BEV-based object detectors and integrate our radar-camera fusion
as a plug-in module.
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Figure 2.15.: In the LSS view transformer, image features are lifted into 3D via
dense depth prediction, before the vertical dimension is collapsed to
create BEV features m, (©) 2020, Springer Nature Switzerland AG.

2.5. Radar-based object detection

Automotive radars are a common sensor used in autonomous vehicles for de-
tecting objects in the environment. These radars typically provide a pre-
processed list of detections, but the sparsity and lack of semantic information
make it difficult to use the data for stand-alone 3D object detection. As a
result, much of the research in this area has focused on either semantic seg-
mentation of radar point clouds or experimental setups using the raw
radar cube , .

Recently, there have been some point cloud-based techniques for object de-
tection as well. These can be broadly divided into convolutional and graph-
based approaches. Some convolutional approaches assign each point in the
point cloud to a cell in a BEV grid and include feature layers such as the
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maximum RCS and Doppler values [82], [83]. Since the BEV grid is similar
in structure to an image, traditional convolutional networks can be applied
for object detection. Other convolutional approaches use variants of PointPil-
lars [84] to create a pillar grid automatically from the point cloud [47], [83].
In contrast, graph neural network based approaches perform object detection
directly on the radar point cloud [85], [86]. Recent work combines both ap-
proaches by first extracting features with a graph neural network and then
mapping the features to a BEV grid for further processing [87]. In Chapter
of this work, we examine radar feature encoders inspired by these ideas.

2.6. Sensor fusion for object detection

Sensor fusion aims at leveraging the strengths of a diverse sensor combination.
Most sensor fusion research focuses on LiDAR-camera fusion, as LiDAR pro-
vides accurate 3D information and cameras provide high semantic value, while
sharing the same optical propagation principles. There are several techniques
for fusing LiDAR and camera data. Some approaches are based on unproject-
ing 2D detections from the camera into a frustum and matching them with
LiDAR points to refine the 3D detections [88], [89]. Other techniques augment
the LiDAR points with semantics from the image and use LiDAR-based ob-
ject detectors to perform detection [90|—[92]. The most recent approaches to
LiDAR-camera fusion involve extracting BEV features from both the LiDAR
and camera data and fusing them on the BEV plane before applying a joint
BEV encoder to perform object detection [76], [93], [94].

When compared to LiDAR, automotive radar uses a different wavelength
and measurement principle. As a consequence, radar typically shows strong
RCS fluctuations and reduced resolution in range and angle, resulting in less
dense point clouds. Moreover, whereas modern radars also measure elevation,
many conventional radars only provide detections on the BEV plane. These
differences make the fusion especially challenging and prevent the simple re-
placement of LiDAR, with radar processing.

A recent review of automotive radar-camera fusion is given in [95]. Most
of the early radar-camera fusion approaches for 2D object detection use a
modified image-only detection network that is enhanced by the integration of
the radar. To enhance two-stage image-based object detectors, the radar is
often used to find Rols in the image, which can then be used for further image
processing. In [96], the radar is used to determine square Rols in the image,
which are then classified by a custom CNN with a contrastive loss function.
In [97], the authors show that the RPN can be replaced by a radar-based
region proposal to reduce computational cost and obtain better results on the
nuScenes dataset [44]. One of their key ideas is to generate multiple anchor
boxes per radar detection, which have different sizes, scales and alignments
with the radar point either in the center, to the left, right or bottom of the
box. In 98], the authors further develop this idea by generating 3D proposals
for each radar detection, mapping them to the image and refining them using
radar and image features to generate 2D radar proposals. These are then fused
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with 2D image proposals created by a RPN and used as input for the detection
stage of the algorithm. A limitation of these sequential approaches is that the
performance at each stage is limited by the corresponding sensor, rather than
exploiting the synergies of multiple sensor inputs used at the same stage.

For the improvement of one-stage image-based 2D object detectors with
radar-camera fusion, most algorithms first create additional image channels
by projecting the radar points onto the image. The idea is to enable the
network to learn how to make the best use of the complementary inputs.
John & Mita [99] introduce the RVNet, a 2D object detection algorithm with
two input and two output branches. The input branches are for the radar
and camera input, respectively. The radar detections are transformed to the
image plane to form a three channel radar image using the measured depth
and the lateral and longitudinal velocity. The two output branches are used
to detect small and large obstacles. The authors also develop the SO-Net
[100], which extends the RVNet by adding another output branch for semantic
segmentation, making it a multi-task learning algorithm. Chadwick et al.
[101] show that the radar is especially useful for the detection of distant, small
vehicles. They project the radar detections as small circles to reflect their
uncertainty and use the range and the range-rate as channels of the radar
image. In contrast, Nobis et al. [102] argue that the radar detections should
rather be projected as a vertical line, since the radar is mainly uncertain in
terms of the object’s elevation. They assume a fixed height for each object
and use the distance and RCS as the radar channels. They also introduce
a new training technique BlackIn, which blacks out the camera inputs at a
fraction of the training steps, to encourage the network to rely more heavily
on radar data. All of the above methods fuse radar and camera features by
concatenation. In contrast, spatial attention fusion [103] creates an attention
matrix by applying convolutional filters on the radar features, which is then
multiplied with the image features. Thus, the network can learn which parts
of the image are most relevant based on the radar detections. In Chapter
we improve upon above mentioned techniques by incorporating azimuth
uncertainty in the radar projection and introducing a method to automatically
find the best fusion points in the network architecture.

More recent methods have moved away from this 2D approach and instead
focus on fusing based on 3D information. One approach is to refine image-
based 3D detections with associated radar data |104], [L05]. This can be sub-
optimal because it discards the possibility of radar-only detections. Another
approach is to project 3D Rols to the image and BEV plane to extract fea-
tures from each sensor [106]. Finally, many recent papers use cross-attention
between image and radar features to align and fuse the features in 3D. Cram-
Net use cross-attention to assist camera-based depth estimation with radar
features [107], while CRAFT [108] uses it to exchange spatio-contextual in-
formation between camera and radar. MVFusion |109] injects semantic image
features into the radar encoder to generate semantic-aligned radar features,
before using these in a cross-attention fusion with the image features. In
TransCAR [110], a transformer architecture with multiple cross-attention fu-
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sion layers enables a soft association of radar and camera features which is
arguably more beneficial than the hard association via geometric fusion. In
contrast, FUTR3D[111] projects 3D query points into the native coordinate
systems of radar, camera and LiDAR to retrieve features for a fusion trans-
former. In Chapter we propose a novel type of radar-camera fusion using
joint BEV features. This BEV-based radar-camera fusion scheme has been
adopted in several subsequent works, confirming its effectiveness [112]-[115].

2.7. Radar-camera datasets

The training and evaluation of a machine learning based algorithm requires
a well suited dataset. In the past, many radar algorithms were evaluated on
private datasets, which leads to less reproducible and comparable results. To
combat this trend, a number of publicly available datasets, some including
benchmarks and leaderboards, have been introduced in the recent years |116].
In this section, we give an overview on publicly available datasets in Table
We focus on datasets which contain radar and camera data in an automotive
setting as well as bounding box labels required for object detection.

We group the datasets by the type of radar data they cover. First, there
are datasets with conventional, 2+1D (range, azimuth and Doppler) sparse
radar point cloud data, as they are built for automotive series production.
In this category, the nuScenes dataset [44] is the largest and most popular
dataset. It covers data from five low resolution radars mounted on the four
corners and the front of the vehicle, as well as 6 cameras for full surround view
coverage, and a LiDAR sensor on the rooftop. It has 3D bounding box labels
for 40000 annotated frames from mostly urban scenes with diverse weather
and lighting conditions, recorded in Boston and Singapore. The nuScenes [44]
benchmark for 3D object detection is used in many research papers to compare
the performance of camera-based, LiDAR-based, radar-based and sensor fusion
algorithms. Other datasets with conventional radar data include PixSet |117]
and Pointillism [118]. The main focus of PixSet [117] is to showcase a novel
type of solid-state LiDAR, but it also has a front-facing radar and camera, so
it can be used to evaluate sensor fusion algorithms for 3D object detection.
Pointillism [118] has a unique setup with two front facing radars to improve
the resolution, as well as a front camera and a LiDAR. It further provides 3D
bounding box annotations for scenes in different weather conditions. Recently,
aiMotive |119] was introduced, which covers front and back facing radars as
well as a mix of fisheye and pinhole cameras and a LiDAR.

In the second group, there are datasets with raw radar data recorded before
the radar target list is created. The datasets CARRADA [120] and RAD-
Det [121] both use a stationary radar in short range mode to provide raw
Range-Azimuth-Doppler (RAD) tensors covering the near field up to 50m
distance. CARRADA [120] captures sequences on an empty test track with
only two objects and provides 2D annotations for the Range-Azimuth (RA)
and Range-Doppler (RD) representations of the data, respectively. On the
other hand, RADDet [121] captures sequences from main roads and provides
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Table 2.1.: Radar-camera datasets for object detection, adapted from [116]. LR =
Low Resolution Radar, HR = High Resolution Radar, SP = Spinning
Radar. PC = Point cloud, RA[E][D] = Range, Azimuth[, Elevation]],
Doppler] Pre-CFAR tensor, ADC = Analog Digital Converter raw data.
BB = Bounding Box.

Category Dataset Radar Data Type Camera Type Annotation Size
nuScenes [ LR, 5x 1600900 3DBB, |
Sparse PC 70°/110°, 5x TrackID
Conventional PixSet [117] S;{:}Ir{sjell):{’(} ;g;lfgol?ii %Exc]i?]ﬁ M
Radar Pointillism [118)] S;Ijs’jl);c 19285 11?(80 SDBB M
aiMotive [119] S g:éj; o 28F92 Egj{j’% X2X 3DBB M
CARRADA [120] L&é’( 12381028 %chffﬁ M
Prg;sz RADDet [121] Lé{[&]l)x 1440211080 3DBB M
Mo (@ e e PR T
Astyx HiRes [123] DI:II:;; o 20018 3DBB S
o Vewerpan fr ple e BT ean M
T B - I T
R KR papp s Twam P
Spinning RADIATE [126) S%Alx 67222376 %[E;ilgg’ M
Radar BOREAS [127] SPF;’ Alx 24;?5 3248 3DBB L

3D annotations for the RAD tensors, and is therefore more realistic. Data
from even further up the processing chain is provided in the RaDICaL dataset
[122]. In indoor, highway, parking lot and moving pedestrian scenes, raw radar
data from the ADC is recorded along with RGB-Depth images.

The third group of datasets cover the recent developments of high perfor-
mance radars, which have more transmit and receive antennas than conven-
tional radars and therefore allow for higher resolution 34+1D radar data with
measurements of the elevation angle. A first sample of this data was provided
in the Astyx HiRes [123] dataset. However, it only covers 500 annotated
frames, which is very small. Recently, several larger datasets with high per-
formance radars were introduced. The View-of-Delft [47] dataset covers urban
scenes with 3+1D dense radar point clouds, as well as front camera images,
LiDAR data and 3D bounding box annotations. TJ4DRadSet |[124] has a sim-
ilar setup, but unfortunately, at the time of writing, the camera images could
not yet be released due to data privacy restrictions. K-Radar [125] is the first
dataset to provide raw radar cube data for a high performance 3+1D radar
along with four wide-angle stereo cameras for surround view, LiDAR data and
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3D bounding box annotations. It is a large-scale dataset that covers adverse
weather conditions and various road types.

Finally, the datasets RADIATE [126] and BOREAS [127] include data from
special spinning radars that provide RA scans. RADIATE provides BEV an-
notations directly on the RA maps and focuses on scenes with varying weather
conditions. BOREAS on the other hand covers seasonal variations of the same
route driven over the course of a year and provides 3D bounding boxes along
with a pose ground truth for the localization task.

In this thesis, we focus on radar point cloud data and the task of object
detection. After careful examination of available datasets, we have selected
the nuScenes dataset [44] from the conventional radar datasets for most of our
experiments due to it’s large scale, high data variety and complete sensor suite
with full surround view coverage. Further, we have selected the View-of-Delft
[47] dataset for a study on high-performance radar point clouds because it is
currently the largest dataset in its category that provides 3+1D radar point
cloud data and camera images.
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One of the main challenges of radar-camera fusion is to handle the hetero-
geneity of the data sources. While the camera provides raw sensor information
in the form of RGB images, the radar typically provides a pre-processed list
of detections, containing measurements of the distance, relative velocity, az-
imuth angle, and RCS. Note that the information from the radar is sparse
when compared with the dense camera images. For the task of 2D object
detection on the image plane, most radar-camera fusion techniques fuse the
different representations by projecting the radar point cloud onto the image
plane to construct additional channels with parameters of the radar detec-
tions. The radar detections can be represented in the form of a small pixel
area around the projected image location [101], or a vertical line of fixed height
[102] to reflect the elevation uncertainty of the radar measurement. In this
chapter, we propose novel projection techniques that additionally incorporate
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the azimuth uncertainty when constructing the radar channels. In particular,
we assume that the measured azimuth angle follows a Gaussian distribution
around the actual measurement, where the standard deviation corresponds to
the accuracy value from the sensor’s technical data sheet. Thereby, we are
able to effectively use the additional uncertainty information and create vi-
sually denser radar channels. An example of the obtained representation is
shown in Figure

When designing a neural network to process both radar and camera chan-
nels, it is challenging to determine the ideal method for how and when to fuse
the branches of radar and camera. In the literature, fusion strategies are often
categorized into early, deep and late fusion [10], [99], [103]. When choosing
one of these fusion strategies, the main concerns are that fusing too early may
not be ideal considering the heterogeneity of the data sources, while fusing
too late may not enable the network to take advantage of potential synergies.
To solve this problem, the CRF-Net [102] uses a network architecture that
concatenates radar and camera features at multiple early, deep and late stages
in the network, to which we refer as fusion points. The idea is to enable the
network to adjust its weights for each fusion point during training and thereby
to implicitly find the ideal fusion points. However, this approach does not lead
to significant performance improvements compared to an image-only baseline,
which shows that the network is not able to fully leverage the advantages of
the added radar modality. In contrast to [102], we show that, surprisingly, too
many fusion points can limit the performance of the network. We introduce
a technique that is inspired by network pruning and automatically selects the
ideal fusion points during training, effectively optimizing the network archi-
tecture and performance.

The contents of this chapter have been published in [12]. To summarize,
the main contributions of this chapter are:

e Two new projection techniques to create dense radar channels by incor-
porating elevation and azimuth uncertainty.

e A fusion point pruning technique to automatically optimize the network
architecture.

e An overall radar-camera fusion pipeline that achieved state-of-the-art
performance in 2D object detection evaluated using the nuScenes [44]
dataset.

3.1. Network architecture

The model architecture is shown in Figure It is based on a RetinaNet [39)
architecture with a ResNet [26] backbone, a subsequent FPN [35] neck and
classification and regression detection heads that produce the 2D bounding
boxes. Additionally, we use a radar branch with max pooling layers to adjust
the shape of the radar inputs according to the different stages in the network,
similar to the CRF-Net introduced by [102]. The radar features are fed into
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the network on several different fusion points at early, deep and late stages of
the network. The fusion operation is a concatenation of the respective feature
tensors. The network is thereby expected to learn the ideal stages for the
radar fusion.

In contrast to the CRF-Net , we add flexibility to the network architec-
ture by introducing binary hyperparameters to enable or disable each of the
fusion points. We can use these hyperparameters to experimentally examine
the effectiveness of each fusion point. Also, we can dynamically change the
network architecture during training. We use pretrained weights from Ima-
geNet [@] for each layer that is identical with the RetinaNet architecture. The
layers after each fusion point have additional input channels, whose weights are
randomly initialized and get discarded when the corresponding fusion point is
eliminated.
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Figure 3.1.: Model architecture showing the fusion points as concatenations of
radar and image features. Dashed lines indicate that the connections
are optional depending on the fusion point hyperparameters 1L2V

3.2. Radar input generation

We project each radar detection onto the image plane using the measured
azimuth angle and range, as well as the camera’s extrinsic and intrinsic cali-
bration parameters. The corresponding entries in the resulting radar channels
can be filled with information from the detections like the measured distance,
relative velocity, or RCS. To reflect the measurement uncertainty of the radar,
we model the elevation and azimuth uncertainty in our projection technique.
We follow ﬂ@] in the generation of vertical lines assuming a height of 3m for
each detection to represent the elevation uncertainty. Additionally, we intro-
duce new techniques to further reflect the detection azimuth uncertainty. We
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propose the following two techniques which have been experimentally evalu-
ated in this work.

3.2.1. Uncertainty channel

The first method is an additional radar channel that contains information on
the azimuth uncertainty of each detection. We assume a Gaussian distribution
for the measurement of the azimuth angle and calculate the density values
using the measured azimuth angle as mean and the accuracy from the technical
data sheet as standard deviation. Instead of a vertical line with a width of one
pixel, we now generate a visually denser radar input where the corresponding
entries of each detection are horizontally spread across several pixels, according
to the Gaussian density curve. In the case of overlapping entries, we keep the
highest value.

3.2.2. Uncertainty weighted RCS channel

The second method makes use of the idea of the first method but further
enriches the radar input channel by its RCS information. To this end, we
calculate the uncertainty channel as described in the previous section and
multiply the density values of each detection with its measured RCS value.
Since the RCS is a measure that represents object reflectivity and is often used
for object size classification, we expect this to be a meaningful weighting. A
visualization of the camera image, augmented with the uncertainty weighted
RCS channel values highlighted in red, is given in Figure

Figure 3.2.: Visualization of the camera image from nuScenes , augmented with
the uncertainty weighted RCS channel values highlighted in red 1{1_2]/
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3.3. Fusion point pruning

We propose a novel network pruning technique to improve the capability of
the network to find the best fusion points. We note that this technique is not
limited to radar-camera fusion as shown in this chapter and can be applied to
other fusion problems as well. After several epochs of training, we evaluate
the relative importance of each fusion point to decide if it should be kept in
the architecture.

As shown in Section a 2D convolution can be described using 3D
tensors for input I and activation map A with channels ¢; and c4, respectively,
and a 4D tensor for the kernel weights K with uneven kernel size k.

For regular network pruning, the importance of neuron connections is usu-
ally determined by examining the magnitude of their corresponding weights
[128], [129]. However, since we are dealing with heterogeneous data sources of
different magnitude, this does not appear meaningful to us. Instead, we cal-
culate the relative importance of the input channels at our fusion points using
their impact on the next layer’s activation map A. To this end, we separately
calculate the activations A; for each of the input channels ¢ in the first layer
after a fusion point:

k+1 k+1

, M+ v -

k k
Ailm,n,a]l = > > Klu,v,i,a] - I[m + u - 4] (3.1)
u=1v=1
We then take the magnitude in terms of the Ll-norm of each channel’s
activation and normalize it to determine the relative impact; of each input
layer i in the feature tensor at a fusion point:

| A1
il 1Al

We sum up the relative impacts of the radar channels that were concate-
nated at each fusion point to measure the importance of fusion taking place
at this point in the network. We iteratively eliminate the least effective fusion
points and their corresponding weights in the following layer after a predefined
number of training epochs and save the corresponding model checkpoint. This
is repeated until a single fusion point remains. Finally, we use the model check-
points to evaluate the performance and select the best performing model with
the optimal set of fusion points.

(3.2)

impact; =

3.4. Results

As discussed in Section the nuScenes dataset [44] is used to train and
evaluate our network. It is currently the largest dataset for autonomous driv-
ing which has conventional automotive radar sensors. The nuScenes dataset
contains 3D bounding box annotations of 27 classes. As in [102]| and [98|, we
obtain 2D bounding box annotations by projecting the 3D bounding boxes
onto the image plane, and apply a similar class mapping to obtain five high-
level classes: Car, Pedestrian, Bicycle, Motorcycle and Truck. We note that
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Table 3.1.: Quantitative evaluation with aggregated metrics.
Camera Radar mAP wmAP Night wmAP Runtime?

Faster R-CNN* [50] v 34.95 43.78 — —
RRPN* [97] v v 35.45 — — —
Nabati & Qi* (98] v v 35.60 44.49 — —
"~ RetinaNet [39] v 34.75 4565 4324 36.4ms
CRF-Net |102] v v 32.93 44.91 (43.95T) 46.42 37.6ms
Ours - UC v Ve 35.64 45.99 49.56 37.1ms
Ours - UwRCS v v 36.16 46.33 48.11 36.8ms
Ours - UC + FPP v v 36.14 46.43 48.56 37.0ms
Ours - UwRCS + FPP v v 36.78 46.73 50.53 36.7ms

" The results in these rows were calculated by Nabati & Qi [98] and use a slightly different
class mapping, which leads to the mAP metric being less comparable.

' Nobis et al. [102] only report this wmAP based on a slightly different class mapping. We
therefore additionally list results that we calculated ourselves with the CRF-Net using our
class mapping.

¥ Average inference runtime per frame was calculated on NVIDIA GeForce RTX 2080.

the projected 2D bounding boxes are generally too wide, which is not ideal.
However, we choose to follow previous work [98], [102] to ensure comparability.

3.4.1. Training and evaluation details

We train and evaluate the algorithms using the front camera and radar with the
official train and val scene splits containing 28130 training and 6019 validation
frames. Additionally, we evaluate them using a subset of the validation scenes
consisting of 608 frames that were taken at night. The networks are trained
using the Adam optimizer [40] with an initial learning rate of 107> that is
reduced by a factor of 10 when the optimization reaches a plateau.

The most common metric to evaluate object detection performance is the
mAP introduced in Chapter which is calculated as the mean of the AP
across each class of the dataset. Working with the nuScenes dataset, many
researchers choose individual class mappings to reduce the 27 classes to a set
of selected classes. A downside of the mAP is its dependency on the class
mapping, where even small changes can lead to substantial differences in the
calculated mAP. Hence, in recent work [102], [98], the wmAP is additionally
reported, which is calculated as a weighted mean of the AP for each class, using
the amount of objects per class as weights and divided by the total amount
of objects. This metric is less dependent on the underlying class mapping. In
turn, the classes with more objects tend to dominate the results of the wmAP.

We calculate the mAP and wmAP using an IoU threshold of 0.5 and re-
port both to ensure the best comparison possible. Additionally, we provide
the night scene wmAP, which highlights the benefits of radar-camera fusion
in adverse conditions for the camera. We list the results of two image-only
networks, RetinaNet [39] and Faster R-CNN [50], which are used as baselines
for three radar-camera fusion algorithms, RRPN [97], Nabati & Qi [98] and
CRF-Net [102], as well as our own results with the uncertainty channel (UC)
and uncertainty weighted RCS channel (UwRCS), with or without FPP. The
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results from Faster R-CNN, RRPN and Nabati & Qi were calculated in [98]
and use a slightly different class mapping. Their mapping includes a Bus class
that we chose to merge with the Truck class in our class mapping. We com-
pute the remaining results with the same training and evaluation settings and
based on the same RetinaNet [39] as core architecture to ensure comparabil-
ity. In our experiments, we choose to work with a small ResNet-18 backbone
due to the real-time requirements in automotive systems. However, the results
should be applicable to larger backbones as well. In the CRF-Net paper, Nobis
et al. [102] only report the wmAP based on a different class mapping, which
we additionally list. They further list results which were produced by filtering
data based on ground truth information that is not available in a real-world
scenario, which we therefore discard.

3.4.2. Quantitative Results

Looking at the results in Table we see that all of our own methods outper-
form the other methods in terms of mAP and wmAP, leading to a new state of
the art in radar-camera fusion for 2D object detection. Our best performing
model is the UwRCS channel in combination with FPP. It should be noted
that the mAP and wmAP of all methods are in a relatively close range. The
best mAP is 3.85 above the lowest, which is a relative increase of 11.7 %, while
the relative increase in terms of the wmAP is even less. We can observe that
the Nabati & Qi [98] model only slightly outperforms its image-only baseline
Faster R-CNN, while the CRF-Net [102] does not outperform its image-only
baseline RetinaNet [39] in our evaluation. From our own experiments, we find
that this is due to the many fusion points in the CRF-Net architecture, which
hinders training and can lead to a suboptimal detection performance.

For our own methods, we started experimenting with the UC and UwRCS
techniques and found that we significantly outperform the original CRF-Net
[102] when reducing the amount of fusion points in the network architecture
experimentally. To reduce the amount of experiments needed to find the op-
timal architecture, we developed the FPP technique. Out of the 11 initial
fusion points shown in the architecture in Figure FPP determined that
the best fusion point for the UC + FPP technique is the concatenation of the
R3 radar feature with the C3 ResNet feature, while for UwRCS + FPP it is
best to have two fusion points at R3 with C3 and at R4 with C4, which are
all located in the center of the neural network. This indicates that a surpris-
ingly strong reduction of fusion points is beneficial for training. The fusion
points late in the network, after the FPN, have been eliminated first in our
experiments, indicating that a regression level fusion is not ideal to exploit
the complementary features. The fusion points early in the network, includ-
ing the direct concatenation of the radar and image input channels, are also
eliminated, indicating that it is beneficial to separately extract some semantic
information before fusing the feature tensors.

To further underline the potential of radar-camera fusion in adverse condi-
tions for the camera, we study the performance for scenes that were recorded
at night. We can observe a more significant increase in detection performance
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of all fusion methods with respect to the RetinaNet [39] baseline, with up
to 16.8 % relative increase in night wmAP for the UwRCS + FPP technique.
Note that the night wmAP can be higher than the overall wmAP due to mostly
Cars present at night which have high AP.

The UwRCS + FPP technique further increases the detection performance
and performs consistently well across all classes as shown in Table It has
the highest AP for Car, Pedestrian and Bicycle and second highest for Truck
and Motorcycle, where it is only outperformed by the RRPN [97]. In fact, the
RRPN [97] performs particularly well for these classes but equally poorly for
the other classes. This method seems to have some particular strengths and
weaknesses that differ from all other methods. It should be noted, that the
wmAP of RRPN was not reported by Nabati & Qi [98] but should be low due
to the weak performance of the Car and Pedestrian classes, which have the
highest number of annotated objects.

Table 3.2.: Quantitative evaluation with class-wise AP.
Camera Radar Car Truck Ped. Bus Bicycle Motorcycle

Faster R-CNN [50] v 51.46 33.26 27.06 47.73 24.27  25.93
RRPN [97] v v’ 41.80 44.70 17.10 57.20 21.40  30.50
Nabati & Qi 98] Vv v 5231 3445 2759 4830 25.00  25.97

"~ RetinaNet [39] v 5569 31.89 37.10 — 21.80  27.27
CRF-Net [102] v v 53.71 33.72 3650 — 18.62  22.09
Ours - UC v v 5540 34.15 3723 — 2327  28.14
Ours - UwRCS v v 5546 3526 37.63 — 2502  27.43
Ours - UC + FPP v v 5569 3542 3736 — 2342  28.78
Ours - UwRCS + FPP v v 55.94 35.60 37.77 — 25.74  28.84

The inference times of RetinaNet [39], CRF-Net [102] and our models are
very similar because the radar branch is inexpensive relative to the rest of the
network. The runtime slightly increases with the amount of fusion points in
the network, so FPP can help to reduce it.

3.4.3. Qualitative Results

In Figure we show some qualitative results of our proposed method with
UwRCS and FPP, compared with the RetinaNet [39] image-only baseline.
The color of the bounding boxes relates to the different classes. In the left
column, we have a very crowded urban scene with multiple Cars, Trucks and
Pedestrians. We can see that the performance is relatively similar and most
of the objects in the scene are correctly detected. The most notable difference
is the detection of the Car and the construction worker Pedestrian below
the road sign on the right side, which both are partially occluded by a road
barrier and thus missed by the RetinaNet [39]. The same happens for the
Car that is to the right of the Truck on the left side of the image. In these
circumstances, the radar can help to detect such occluded objects. Another
example of this observation is shown in the center column, where the radar
can help to detect a Car that is occluded by bushes and would have been
missed by the RetinaNet [39]. In the right column, we have a night scene with
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difficult lighting conditions. There is only one Car on the right of the image
which is hardly visible in the camera image and thus missed by the RetinaNet
. However, our optimized fusion network is able to detect and localize the
Car quite well.

RetinaNet Ours - UwRCS + FPP

Ground truth

Figure 3.3.: Qualitative comparison of detection results for nuScenes . Yellow:
Car, Orange: Truck, Blue: Pedestrian 1L2V

3.5. Conclusion

In this chapter, we presented novel approaches to optimize radar-camera fu-
sion for 2D object detection. First, we presented new projection techniques
that take the radar’s elevation and azimuth uncertainty into account and cre-
ate a visually denser radar input. Second, we developed the FPP technique
that automatically selects the best fusion points in the network architecture,
effectively solving the problem of when to fuse camera and radar data. We
note that this technique can be applied to other fusion problems as well. As
shown in the quantitative evaluation, our contributions outperform previously
published radar-camera fusion systems. While the improvements compared
to image-only algorithms like RetinaNet are still relatively small, we can
demonstrate the potential of radar-camera fusion for night scenes, where the
camera is less reliable. A possible drawback for the performance of the fusion
models is the quality of the radar data in nuScenes. The radar point clouds
are less dense than what can be expected from current automotive radars, so
the full potential of radar can not be demonstrated using this dataset. Also,
the task of 2D object detection on the image plane is less suited for radar,
which can add more value in the field of 3D object detection.
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architecture for radar-camera fusion
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Chapter 4: RC-BEVFusion

Sensor fusion has the potential to overcome limitations of individual sensors.
As discussed in Section[2.1] the combination of radar and camera data arguably
offers the most complementary features. However, a key challenge is how to
associate radar and camera features given that conventional radars provide
data on the BEV plane, whereas cameras provide data on the image plane.
Thus, the data representations only share one common dimension. Projecting
radar points to the image can provide useful augmentations for the task of 2D
object detection on the image plane as shown in Chapter [3. However, for 3D
object detection, the projection discards too much geometric information. In
contrast, projecting camera features to the sparse radar points discards too
much semantic information [76].

Recent advancements in camera-only networks utilizing view transformers
[66], [69] have paved the way for a new form of fusion on the BEV plane,
ideally suited for radar data. In this study, RC-BEVFusion is introduced,
representing a novel radar-camera fusion architecture on the downstream task-
friendly BEV plane [130]. This architecture, influenced by [76], is depicted in
Figure Unlike prior radar-camera fusion techniques [104], [108], [110],
this architecture facilitates equal contribution from both radar and camera
features to the final detections. This balanced contribution empowers the
network to detect obstacles that might be overlooked by a single modality.
Characterized by its flexibility, the architecture inherits several components
from an interchangeable camera-only baseline: a camera encoder, a camera-
to-BEV view transformer, a BEV encoder, and a detection head. In addition
to these modules, two radar encoder branches, namely RadarGridMap and
BEVFeatureNet, are proposed.

We extensively evaluate our models quantitatively and qualitatively on the
nuScenes dataset [44], which indicates that the proposed radar branches can
function as plug-in modules in diverse camera-based architectures, significantly
elevating their performance. We further conduct a study on the performance
of the image-only baseline, a radar-only variant and the radar-camera fusion
model across nuScenes and the View-of-Delft [47] dataset, which has high-
performance radar data. We study generalization capabilities of the models
and outline aspects of each dataset that drive the performance of the network.

The contents of this chapter have been published in [13] and [14]. In sum-
mary, this chapter includes the following contributions:

e A flexible, modular radar-camera fusion architecture based on BEV fea-
tures.

e Two novel radar encoders that can be used as a plug-in system in various
camera-only baseline networks.

e Extensive qualitative and quantitative evaluation of the proposed net-
works on the nuScenes dataset [44].

e A cross-dataset study with nuScenes [44] and View-of-Delft [47] on gener-
alization capabilities and important factors that elevate the performance
of the proposed architectures.
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4.1. Network architecture

4.1. Network architecture

In this study, we introduce a novel radar branch and use it as a plug-in mod-
ule on various camera-based 3D object detection networks to enhance their
performance. The prerequisite for the proposed radar-camera fusion is that
the camera-only network utilizes BEV features as an intermediate representa-
tion. The general architecture is depicted in Figure The block highlighted
in grey is inherited from an exchangeable camera-only baseline, whereas the
block highlighted in blue represents the proposed radar plug-in module.

The modular architecture contains the following components: Initially, BEV
features are extracted from the images and the radar point cloud indepen-
dently. For this purpose, a backbone network is used to extract features from
each image, which are then transformed into joint BEV features using a view
transformer. The radar encoder is designed to produce BEV features that
match the shape and geometric orientation of the camera BEV features. These
features are subsequently fused by concatenation and then processed through a
1x1 convolutional layer, which reduces the embedding dimension to match the
original dimension of the camera BEV features. Following this, the same BEV
encoder and 3D detection heads can be used as in the respective camera-only
network, thus introducing minimal overhead with the fusion.

Radar Point Cloud

‘ Camera Encoder
43§ Camera Features i
‘ Camera-to-BEV View Transform T

Radar Camera Features

Features inBEV

X,
BEV Radar | jn BEV
: Y<—J> : 1| Grid | Back- |[——(CC)

cccccccc bone

1T \ BEV Encoder
3 E o .

‘ Detection Head

50m _50m

50m -50m 50m -50m

Figure 4.1.: Overview of RC-BEVFusion network architecture. The block marked
in gray is inherited from an exchangeable camera-only baseline, while

the block marked in blue shows the proposed radar-camera fusion
plug-in module ME"

4.2. Radar encoders

In this study, we propose two radar encoders, namely RadarGridMap and
BEVFeatureNet. Their structure and functionality is presented in the subse-
quent sections. Both encoders include two main stages: Initially, a regular,
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structured BEV grid is created from the sparse radar point cloud. Subse-
quently, a convolutional backbone is applied to further encode the BEV fea-
tures.

4.2.1. RadarGridMap

Motivated by [82], we design a hand-crafted radar BEV grid. Each detection
is mapped to a cell on the grid, which is then populated with four channels:
the number of detections per cell, the maximum RCS value, and the minimum
and maximum signed compensated Doppler values. We chose this setup as a
good representative choice and note that it is the best setup we found exper-
imentally. We included some ablative studies for the hand-crafted radar grid
in Section

Following the grid mapping, we use a generalized ResNet |26] with 16 lay-
ers, grouped into residual blocks with BatchNorm and ReLU, as the radar
backbone. Two downsampling stages are used, which double the channels but
decrease the resolution of the BEV grid. The BEV grid size is chosen to ensure
that the output of the radar backbone matches the shape of the camera BEV
features.

4.2.2. BEVFeatureNet

The design of BEVFeatureNet, illustrated in Figure is influenced by the
pillar feature encoding of PointPillars [84], but adapted for radar data. Each
radar detection is mapped to a cell in a predefined BEV grid. In the con-
ventional pillar feature encoding, every point in the LiDAR point cloud has
coordinates x, y, and z, along with the measured reflectivity. Additionally,
the point is enriched with distances to the arithmetic mean of all points in
its pillar, denoted as w., y., and z., and the offsets to the pillar center, z,
and y,. The 241D radar point cloud in nuScenes [44] lacks a z-coordinate
and reflectivity, but contains a radial velocity vy, measured via the Doppler
effect, and an RCS value. Consequently, we omit the z-axis and its augmented
feature, substitute the reflectivity with the RCS, and incorporate the radial
velocity values. We further aggregate multiple radar sweeps, appending the
timestamp difference to the latest sweep At to each point. This yields the
9-dimensional feature set:

f = [:CayaRcsvvd)AtaxmyCvl‘puyp] (41)

Following the approach in [84], a set of non-empty BEV grid cells n; with a
predetermined number of points per cell n, is used to create a dense tensor
of dimensions (nyf,ny,ny) with ny = 9. If the count of non-empty BEV grid
cells or the points per cell is lower or higher than the designated number, we
apply zero-padding or random sampling, respectively, to ensure that the dense
tensor has fixed dimensions. Each point is then processed through a simplified
PointNet |131], consisting of a 1x1 convolutional layer followed by BatchNorm
and ReLU. This results in a tensor of shape (c,ny,n,), before applying a
max operation over the points per cell, decreasing its dimensions to (¢, np).
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Subsequently, the c-dimensional features are mapped back to their respective
positions on the BEV grid. Lastly, a convolutional backbone identical to the
one used for RadarGridMap is applied.

Point Augmentation PointNet Feature Feature Remapping

and Restructuring Encoding to BEV grid
Radar points in BEV grid o Encoded BEV Features
€moememeee oo ees >
|_»] xyresvg Atxeyexpsp | A
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Figure 4.2.: BEVFeatureNet radar encoder. The radar detections are mapped to
BEV grid cells for augmentation and restructuring into a dense ten-
sor. After applying a simplified PointNet, the encoded features are
remapped to the BEV grid [13].

4.3. Camera-only baselines

Various camera-only baselines are selected to study the plug-in character of
the radar-camera fusion module. In this section, we list the details regarding
the examined camera baselines. All architectures share the same detection
head and loss, which is detailed separately. We provide a concise overview of
the modules in Table 4.1l

Table 4.1.: Camera-only network configurations. For FPN-LSS, SECOND-FPN
and Generalized ResNet, the number indicates the output channels of
the module. For LSS and MatrixV'T, the numbers indicate the channels
and the resolution of the output BEV feature in meters. MF denotes

multi-frame temporal fusion.

Model ]Sr?él(l)((eirei TYar\l/;lfov:mer Er]?c]iiifer I]?:ata Iﬁzs.t MF
BEVDe [ oot se0w0d  FONASSZH  Pemt 7002
BEVDepth [72] SEC(P){le\Isg-ebEglgl-m 80-%230.8 SECPé)elfll\];e-tb:llj\I-64 C;cl)lfr(:‘: 704x256
BEVStereo 73] SEC(P){IG\ISS-GBE;?IJQS 80-%230.8 SECPé)elfll\];e-tb:llj\I-64 Cf(j(r)lfr(:‘: 704x256
MatrixVT [75] ResNet-50 MatrixVT ResNet-18 Center- 704x256

SECOND-FPN-128

80-0.8-0.8 SECOND-FPN-64 Point

4.3.1. BEVDet

BEVDet [69] is the first image-only network that uses BEV-based features for
object detection on the nuScenes dataset. Initially, high-level features from
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each of the niyg input images, each with a shape of (Rimg, Wimg ), are extracted
independently using a SwinTransformer-Tiny [27] backbone. The resulting
multi-scale feature maps are then processed by the feature pyramid network
(FPN-LSS) from [66], which upscales low-resolution feature maps to align with
high-resolution ones. After concatenating the upscaled multi-scale feature
maps, they are run through a ResNet [26] block, resulting in a feature map of
shape (Nimg, himg/8; Wimg /8, nc) with n. feature channels. Subsequently, a 1x1
convolution paired with a Softmax function is used for a dense depth classifica-
tion into d pre-defined depth bins. An outer product across feature and depth
classification channels yields a large tensor of shape (nimg, Rimg/8, Wimg/8, d, ¢),
which contains the aggregated features and depth classification scores for each
pixel of the feature map. Utilizing the intrinsic and extrinsic calibration ma-
trices for each camera, the feature tensor can be un-projected into a pseudo
point cloud. To reduce the computational demands, the vertical dimension of
the pseudo point cloud is condensed by summing features from all points inside
the same cell of a predetermined BEV grid with shape (hpey, Whey). We follow
the implementation from [76], providing efficient BEV pooling and deploying
a much heavier view transformer for enhanced depth estimation, which is cru-
cial for associating features from radar and camera. The fused BEV features
are further encoded using the generalized ResNet [26] structure from [66] as
a BEV encoder and again processed by FPN-LSS. Finally, the CenterPoint
[132] detection head is used to produce the 3D bounding box outputs.

4.3.2. BEVDepth

BEVDepth [72] uses a similar structure as BEVDet [69], but aims for more
precise depth estimation. To this end, the depth estimation convolutional
layer in BEVDet [69] is substituted with a camera-aware DepthNet module.
This module concatenates and flattens the camera’s intrinsic and extrinsic
calibration parameters, and uses an MLP to rescale them to the dimension of
the image features n.. The calibration vector is then utilized to re-weight the
image features using a Squeeze-and-Excitation module [133]. During train-
ing, BEVDepth [72] uses the depth value from projected LiDAR points on
the image for direct supervision of the depth estimation through binary cross-
entropy loss. The released configuration encodes the images with a ResNet-
50 [26] backbone followed by the feature pyramid net from [134], known as
SECOND-FPN, which upsamples and concatenates the multi-scale feature
maps. The BEV encoder is a ResNet-18 followed by SECOND-FPN. The
view transformer has a lower resolution than the one we use for BEVDet [69].
BEVDepth also uses a multi-frame fusion with one previous keyframe, thus
two images from each camera taken 500 ms apart are used to create the BEV
features, resulting in more accurate velocity estimation.

4.3.3. BEVStereo

BEVStereo [73] builds upon BEVDepth [72] and maintains the same configu-
ration for most modules. Besides monocular depth estimation with DepthNet,
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a temporal stereo depth estimation module is introduced, which is based on
multi-view-stereo techniques [135]. For each pixel in the current image fea-
ture map, depth candidates are predicted and used to retrieve correspond-
ing features from the previous image features through homography warping.
The confidence level of each candidate is evaluated based on the similarity
between current and previous features, contributing to the iterative optimiza-
tion of depth candidates. After three iterations, the depth candidates are used
to construct the stereo depth. A convolutional WeightNet module is neces-
sary for pixels lacking corresponding units in the previous image, combining
the current and previous monocular depth estimations with the stereo depth
estimation to generate the final depth estimates.

4.3.4. MatrixVT

MatrixVT [75] introduces an alternative view transformer that is computa-
tionally more efficient. Initially, the view transformation step of LSS [66] is
generalized into matrix operations, which leads to a large and sparse feature
transportation tensor of shape (Abey, Whev; Nimg, Rimg /8, Wimg /8, d). This tensor
transforms the image feature tensor with depth classification scores to BEV
features. To address its extensive size, the image feature and dense depth
prediction are compressed along the vertical dimension, resulting in prime
feature and prime depth matrices. This step is deemed feasible due to the
low response variance in the image’s height dimension. To further reduce its
sparsity, the feature transportation tensor is decomposed orthogonally into a
ring tensor, encoding distance information, and a ray tensor, encoding direc-
tional information. With efficient mathematical operations, the resulting view
transformer reduces computational cost and memory requirements. We use a
configuration with the same elements as in BEVDepth [72], only substituting
the view transformer with MatrixVT [75] and excluding multi-frame fusion.

4.3.5. Detection Head and Loss

All examined camera baselines use the CenterPoint [132] detection head, so we
can apply the same loss in all architectures. For each class [, CenterPoint |132]
predicts a BEV heatmap with peaks at object center locations. The heatmap
is trained using a ground-truth heatmap M filled with Gaussian distributions
around ground truth object centers. Given the heatmap score ]\Zflij at position
i,j in the BEV grid and the ground truth Mj;;, we can compute the Gaussian
focal loss [136] as:

_ 1 i Pbey Whev {(1 — M) log (Myij) Myij =1

lhm = N - 4.2
b (1 - Mkij)ﬁ(Mkij)a log (1 - Mk”) otherwise ( )

Mo j=1 i=1 j=1
where n, is the number of objects per image, n; is the number of classes, hpey
and wpey are the height and width of the BEV grid, and a and g are hyper-
parameters. In addition, CenterPoint [132] has regression heads that output
all parameters needed to decode 3D bounding boxes: a sub-pixel location re-
finement, a height above ground, the dimensions, the velocity, and the sine
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and cosine of the yaw rotation angle. The regression heads are trained with
L1 loss.

4.4. nuScenes experiments

In this section, we perform extensive experiments on the nuScenes dataset
[44] using the proposed RC-BEVFusion architecture with different compo-
nents. First, we list the training details including important hyperparameters
settings. We then use the validation set to compare the performance of our
radar-camera fusion networks with their respective image-only baselines. Sub-
sequently, we select a model for submission on the nuScenes test benchmark,
so it can be compared with other published radar-camera fusion algorithms.
Finally, we provide ablations regarding our augmentation strategies, which
play a pivotal role for the performance of the networks.

4.4.1. Training and evaluation details

For our radar-camera fusion networks, we adopt the configurations from the
camera-only baselines presented in Table to ensure a fair comparison. We
use a BEV grid of 2,y € [-51.2m, 51.2m] with a cell size of 0.1 m. Furthermore,
we design the radar encoder branch to ensure that the BEV features align in
shape and orientation with the camera BEV features. To enhance point cloud
density while minimizing the reliance on outdated data, we aggregate five radar
sweeps, corresponding to 300 ms of past data. The resulting aggregated radar
point cloud remains sparse relative to LIiDAR data, allowing for a significant
reduction in the number of non-empty grid cells and points per grid cell of the
BEVFeatureNet, especially when compared to the pillar feature encoding in
[84]. We empirically determine that setting nj = 2000, n, = 10, and ¢ = 32 is
sufficient, which minimizes the computational overhead of the BEVFeatureNet
radar encoder. For the Gaussian focal loss, we follow the configuration from
[136], setting « = 2 and 8 = 4. We train for 20 epochs with an AdamW
[43] optimizer, a base learning rate of 2 x 107, and weight decay of 1072 for
batch size 32 and a cyclic learning rate policy. To account for potential class
imbalances, class-balanced grouping and sampling (CBGS) [137] is applied.
For evaluation, we use the official nuScenes [44] metrics introduced in Chapter
the mAP, the true positive metrics for translation, scale, orientation,
velocity and nuScenes attribute, as well as the condensed NDS. Note that the
NDS correlates best with the overall driving task [45].

4.4.2. NuScenes validation results

We show the results for our radar-camera fusion networks with respect to the
camera-only baseline BEVDet on the nuScenes validation split in Table
For both proposed radar encoders, the fusion offers significant performance
increases, with the mAP increasing up to 24 % and the NDS 28 %. The up
to 23 % reduced translation error shows how the direct depth measurements
provided by the radar can lead to more precise location predictions. The most
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significant improvement of 55 % is achieved for the velocity error, which is en-
abled by the direct velocity measurement of the radar. This effect also helps
determining whether an object is currently moving or stopped, thus reduc-
ing the attribute error. The two metrics that remain relatively unaffected by
the fusion are scale and orientation error. This is as expected since the sparse
radar detections do not help to determine an object’s size or orientation. Over-
all, we observe similar results for the RadarGridMap and the BEVFeatureNet
encoder. This demonstrates the effectiveness and modularity of the proposed
BEV-based feature fusion. While the RadarGridMap offers slightly better run-
time, we generally recommend using the BEVFeatureNet because it requires
less hand-crafted input, is more scalable, and achieves slightly better results.
Thus, we focus the remainder of our experiments on BEVFeatureNet.

Table 4.2.: Experimental results for the proposed radar-camera fusion based on
BEVDet with varying radar encoder branches on the nuScenes val split.
The inference latency T is measured on a Nvidia RTX 2080 Ti.

Radar mAP NDS mATE mASE mAOE mAVE mAAE T
3 encoder 1 1 ! } J | } [ms]
169 Nome 0350 0.411 0.660 0275 0532 0918 0260 122
. 0.429 0.525 0.523 0.272 0.507 0.412 0.183 132
(Qurs RadarGridMep s, 3% 8% 2% 1% 5% 5% _ 30%
0.434 0.525 0.511 0.270 0.527 0.421 0.182 139
Ours BEVFeatureNet oo ogyy .23% 9% 1%  -54%  -30%

In Table we use the BEVFeatureNet encoder as a plug-in branch in dif-
ferent camera-only baselines. We observe significant performance increase for
all examined architectures, again confirming the modularity of the proposed
architecture. There are two potential reasons for the difference in relative per-
formance increase between the camera-only baselines. First, BEVDepth and
BEVStereo use temporal fusion and therefore achieve better velocity predic-
tion and overall scores, leading to smaller margins for the radar-camera fusion.
Second, we use a BEVDet variant with a heavier view transformer especially
designed for fusion on the BEV space. This modification may explain the
relatively high performance gains.

Finally, we also measure the inference latency on an Nvidia RTX 2080 Ti
GPU to demonstrate that our fusion approach introduces only small compu-
tational overhead due to the efficient radar encoder design.

In addition to the aggregated metrics in Table we present more de-
tailed, class-wise results in Table To reduce the amount of data, values
of the three most common dynamic classes are listed: Car, Pedestrian, and
Truck. The results show that the average precision for important classes in-
creased across the board, with an even greater increase for the larger classes
that are more easily detectable by radar: Car and especially Truck. Transla-
tion errors decreased most notably for Cars, while scale errors remained rel-
atively unchanged, except for a slight decrease for the proposed model based
on BEVDepth [72], which may be due to statistical effects. Orientation errors
improved for models without temporal fusion, but increased for the proposed
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Chapter 4: RC-BEVFusion

Table 4.3.: Experimental results for the proposed radar-camera fusion with our
BEVFeatureNet radar encoder used in different architectures on the
nuScenes val split. The inference latency T is measured on a Nvidia
RTX 2080 Ti. *The implementation of BEVDet-Tiny with a heavier
view transformer from [76] was used. ' The results are listed as reported
by the authors.

Camera Radar mAP NDS mATE mASE mAOE mAVE mAAE T

B model fusion 1 1 1 1 l { | [ms]
69] _ BEVDet* 0.350 0.411 0.660 0.275 0.532 0918 0.260 122
0.434 0525 0.511 0.270 0.527 _ 0.421  0.182 139
*
Ours - BEVDet VoA, 24% 28% -93% 2% 1%  -54%  -30%
A72]"_BEVDepth 0.359 0.480 0.612 0.269 0.507 0.409 0.201 132
0.405 0521 0.542  0.274 0.512  0.309 _ 0.181 146
Ours BEVDepth " A 4300 9% -11% 2% 1% -24%  -10%
73" _BEVStereo 0.372 0.500 0.598 0.270 0.438 0.367 0.190 308
0.423 0545 0.504  0.268 0.453 0.270 0.174 322
(Ours BEVStereo ' A 14y 9%  -16% 1% 3%  -26% 8%
[75] MatrixVT 0.319 0400 0.669 0.281 0494 0912 0238 54

Ours MatrixVT' " A o1 949 18% 2% 9%  -54%  -19%

model based on BEVDepth, possibly indicating difficulty in estimating the ori-
entation of some additionally detected Cars and Trucks. Velocity errors saw a
significant reduction, especially for Cars and Trucks and for models without
temporal fusion. Even with temporal fusion, there was a considerable decrease
in velocity error. Finally, the attribute error decreased most for Pedestrians,
with radar making it easier to determine if a Pedestrian is moving or standing.

4.4.3. Results for rain and night scenes

In this section, the performance of the proposed RC-BEVFusion is evaluated
in adverse conditions for the camera. To this end, the scenes are filtered ac-
cording to the scene descriptions in the nuScenes [44] validation set for the
terms “rain” and “night”, respectively, to obtain 27 rain and 15 night scenes.
These scenes are then evaluated for BEVDet [69] and the corresponding RC-
BEVFusion algorithm with BEVFeatureNet. Since not all classes are repre-
sented in the rain and night scenes, the averaged metrics across all classes
are less meaningful. Therefore, again class-wise results are presented of the
three most common dynamic classes: Car, Pedestrian, and Truck. The results
in Table show that compared to the overall AP increase across all scenes
listed in Table there were higher improvements for rain and especially for
night scenes. In conclusion, the camera-only model struggles in these adverse
conditions, particularly in detecting Pedestrians and Trucks at night. This is
where the proposed radar-camera fusion can add the most value. Note that
the true positive metrics for Pedestrians and Trucks at night should be treated
with caution due to the low number of matches for the camera-only model. As
discussed above, a significant decrease in translation, velocity, and attribute
errors can be observed, while the scale error remains relatively unchanged.
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4.4. nuScenes experiments

Table 4.4.: Experimental class-wise results for the proposed radar-camera fusion
with our BEVFeatureNet radar encoder used in different architectures
on the three most common dynamic classes of the nuScenes val split.
*The implementation of BEVDet-Tiny with a heavier view transformer
from @ is used. TThe results are listed as reported by the authors.

Camera Radar Class AP ATE ASE AOE AVE AAE
model fusion 1 | | | | |
car 0.538 0.529 0.157 0.128 0.992 0.232
[IEQ] BEVDet* ped 0.377 0.700 0.304 1.383 0.872 0.759
truck 0.290 0.679 0.209 0.165 0.911 0.252

Ours BEVDet* N ped.

truck A 40%  21% 1% -21%  -64%  -20%

car 0559 0475 0.157 0.112 0.370 0.205

[72]"  BEVDepth ped. 0.363 0.690 0.297 0.831 0.491 0.244
truck 0.270 0.659 0.196 0.103 0.356 0.181

Ours BEVDepth v ped.

truck A 930 15% 9%  57%  -20% 9%
car 0567 0457 0.156 0.104 0.343 0.204
[73]'  BEVStereo ped. 0.402 0.653 0.297 0.803 0.479 0.249
truck 0.299 0.650 0.205 0.103 0.321 0.197

Ours BEVStereo v ped.

truck g9 1% 1% 3% -33%  -T%
car 0517 0529 0162 0155 1.049 0221
5] MatrixVT ped. 0.300 0.746 0300 1.204 0.813 0.465
truck 0244 0713 0213 0154 0917 0.219

Ours MatrixVT v ped.

0.320 0.547 0.214 0.133 0.337 0.201
A 31%  -23% 0% -14%  -63%  -8%
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Chapter 4: RC-BEVFusion

This time, there is also a considerable improvement in orientation error. This
finding suggests that the camera-only model struggles to accurately predict
orientation in these adverse conditions, and further emphasizes the potential
of radar-camera fusion in such scenarios.

Table 4.5.: Experimental class-wise results for the proposed radar-camera fusion
based on BEVDet and our BEVFeatureNet radar encoder on the three
most common dynamic classes of the nuScenes val split, filtered by rain
and night scenes, respectively. *The implementation of BEVDet-Tiny
with a heavier view transformer from m is used.

Split Camera Radar Class AP ATE ASE AOE AVE AAE
model fusion 1 | | l l l
car 0.517 0.548 0.158 0.133 0.693 0.151
[IES)] BEVDet* ped. 0.218 0.748 0.360 1.679 1.043 0.725
truck 0.276 0.751 0.216 0.153 0.479 0.120
S T T T T 0723 0.304 0160 0.121 0.277 0.141
Rain A, 40%  45% 1% 9%  -60% -T%

Ours BEVDet* N ped.

truck  \ 6300 98% 7%  22% -51% -10%

car 0.403 0.527 0.137 0.111 1.619 0.485

[69] BEVDet* ped. 0.045 0.664 0.296 1.509 0.675 0.469

truck 0.057 0.630 0.221 0.151 2.795 0.582

777777777777777 C;; © 7 0.611 0.310 0.137 0.092 0.538 0.469

Night A 52% -41% 0% -17% -67% -3%

0.191 0.262 0.283 0.810 0.592 0.037
A 324% -61% 4% -46% -12% -92%
0.265 0.304 0.181 0.127 0.616 0.697
A, 365% -52% -18% -16% -78% 20%

Ours BEVDet* v ped.

4.4.4. NuScenes test results

For the nuScenes test benchmark, the results achieved in this work are com-
pared to other previously published radar-camera fusion models in Table
It should be noted that many methods tune their models for the benchmark
submission by enlarging their network and the input image resolution and by
using test time augmentation. All of these techniques trade off smaller per-
formance gains for large computational cost and are therefore not helpful in

Table 4.6.: Experimental results for published radar-camera fusion models on the
nuScenes test benchmark. Experiment conducted with the model based
on BEVFeatureNet and BEVDet.

mAP NDS mATE mASE mAOE mAVE mAAE
1 1 l i | l y
CenterFusion M 0.326  0.449 0.631 0.261 0.516 0.614 0.115

CRAFT |[108| 0.411 0523 0.467 0.268 0.456 0.519 0.114
[i10

Model

TransCAR 0.422 0.522 0.630 0.260 0.383  0.495 0.121
Ours 0.476 0.567 0.444 0.244 0.461 0.439 0.128
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an automotive application in which fast decisions are required. For instance,
the authors of BEVDet achieve 15.6 frames per second with the tiny configu-
ration similar to the one used in this work, while the base configuration used
for the benchmark achieves only 1.9 frames per second [69]. In this work, we
choose to combat this trend by only retraining the model with scenes from
the training and validation set for the test submission. As shown in Table
the proposed RC-BEVFusion with BEVFeatureNet and BEVDet significantly
outperforms previously published radar-camera fusion networks in all metrics
except the orientation error, even without tuning for the benchmark, while
achieving 7.2 frames per second. A key advantage of this architecture com-
pared to existing methods [104], [108], [110], is that radar and camera features
can equally contribute to the final detections, allowing the model to detect
objects that might be missed by each single modality.

4.4.5. Ablations

In Table we show the impact of different augmentation strategies on the
proposed RC-BEVFusion with BEVFeatureNet and BEVDet. As in [69], we
use a two-stage augmentation. First, 2D augmentation is applied by rotating,
resizing and horizontally flipping the images. In the BEV view transformer,
the 2D augmentations are reversed so that the original orientation is retained.
Then, 3D augmentations are applied to the BEV features, radar points and
ground truth bounding boxes. They include scaling, rotating, as well as hor-
izontal and vertical flipping. The results show that 3D augmentation is very
important, while 2D augmentation helps to improve the results only slightly.
This is due to the camera encoder branch being shared across the six cameras,
leading to more variety in the images than in the BEV plane. Therefore, the

BEV encoder is more prone to overfitting and requires more augmentation
[69].

Table 4.7.: Ablation study for 2D and 3D augmentations. All experiments con-
ducted with the model based on BEVFeatureNet and BEVDet.
mAP NDS mATE mAVE

3D 2D
1 1 4 {
0.380  0.453 0.595 0.676
v 0.419  0.513 0.520 0.478

v v’ 0.434 0.525 0.511 0.421

Further, we examine two potential augmentation strategies for the proposed
RadarGridMap encoder, which have been proposed based on a similar setup
in [83]. To combat the sparsity of the radar grid, a blurring filter spreads
values from the reference cell to neighboring cells depending on the number of
detections per reference cell. Further, the authors find that the distribution
of compensated Doppler values is heavy-sided towards zero and introduce a
Doppler skewing function to spread the distribution for values close to zero.
The results are shown in Table The grid mapping variant without extra
augmentation works quite well, confirming the effectiveness of the approach.
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Chapter 4: RC-BEVFusion

The blurring filter has little impact on the results and thus is not deemed
necessary. The Doppler skewing function leads to higher velocity errors and
should therefore be omitted.

Table 4.8.: Ablation study for augmentation strategies of the RadarGridMap en-
coder: a blurring filter (BF) and a Doppler skewing (DS) technique.
All experiments conducted with the model based on BEVDet.
mAP NDS mATE mAVE

BF DS

1 1 ! !
0.429 0.525  0.523 0.412
v 0.424  0.524 0.517 0.439

v' 0425  0.508 0.523 0.482
v v’ 0423 0487 0.516 0.650

4.4.6. Qualitative Evaluation

To get a better impression of the difference in object detection performance, an
inference example is presented for BEVDet [69] and RC-BEVFusion based on
BEVFeatureNet and BEVDet in Figure[4.3] The camera-only inference results
and radar-camera fusion results are shown in the left and right subfigure,
respectively. Further, the full surround view with all six cameras is given,
the top row shows the front left, center and right camera, while the bottom
row shows the back right, center and left camera. On the bottom, a BEV
perspective is shown with LIDAR points in black for reference and radar points
in red for the fusion network only. Each perspective includes the projected
3D bounding boxes predicted by the networks, where the color indicates the
class: Pedestrians are blue, Cars are yellow and Trucks are orange.

The selected scene is a crowded intersection with lots of Cars and Pedestri-
ans. At first, the visual impression when looking at the camera images is that
most objects are well detected. However, comparing the dashed red ellipses in
the BEV perspective on the right, it can be observed that the radar-camera
fusion enables much more accurate detection of the Pedestrians in the front
and back right area, as well as the Cars in the front left, front right and back
area.

4.5. Cross-dataset study

After evaluating the proposed RC-BEVFusion model on the nuScenes dataset
[44], we conduct an additional study across datasets by additionally using the
View-of-Delft dataset [47]. While nuScenes provides conventional radar and
camera data with full surround view, View-of-Delft includes high-performance
radar data limited to front view. Thus, for better comparability between
the datasets, in this study we use only the front camera and the front-facing
radars in nuScenes as well as the respective 3D bounding box annotations
that fall inside the field-of-view of the front camera. To adapt our models
for the front view, we re-define the BEV grid as z € [0m,51.2m] and y €
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(a) BEVDet (b) Proposed RC-BEVFusion

Figure 4.3.: Inference example from nuScenes at daytime. Predicted 3D
bounding boxes projected to all six cameras (top) and BEV plane
(bottom) with LiDAR points (black) and radar points (red) for ref-
erence. The proposed fusion network more accurately detects Pedes-
trians in the front and back-right area andvehicles in the front-left,
front-right and back area (s. dashed red ellipses) M

[-25.6m,25.6m] with a step size of 0.1 m. Further, the considered classes are
reduced to Pedestrian, Cyclist and Car, since these are the only classes with
sufficient annotations in View-of-Delft.

In addition to the presented radar-camera fusion, the proposed object detec-
tion network is used also in radar-only and camera-only configurations, where
the encoded camera and radar feature inputs are removed, respectively. Since
View-of-Delft has less camera frames and shows a smaller visual variability,
transfer learning of the camera feature encoding is investigated. To this end,
the camera-only network is pretrained with nuScenes before the camera-
only and radar-camera fusion networks are fine-tuned with View-of-Delft to
improve the performance.

4.5.1. Training and evaluation details

The networks are trained and evaluated with the official training and valida-
tion splits of nuScenes and View-of-Delft . Except the dimensions of
the BEV grid, we keep most of the settings as in Section We aggregate 5
sweeps of radar point clouds and train the models with an AdamW opti-
mizer and applying CBGS . Due to the different dataset sizes, the models
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are trained for 20 epochs on nuScenes and for 80 epochs on View-of-Delft, be-
fore the best-performing model on the validation set is selected.

To evaluate the 3D object detection performance, the commonly used AP
and mAP metrics introduced in Chapter are considered, where the latter
corresponds to an average over relevant classes. For reproducibility, the sug-
gested metric implementations of the datasets are used, which approximate
the area under the curve at sampling points. For the association of predicted
and ground truth bounding boxes, the BEV center point distance is used for
nuScenes [44], and the intersection-over-union ratio in 2D, BEV and 3D is
used for View-of-Delft [47]. For nuScenes, some additional metrics are calcu-
lated for the true-positive detections, including translation, scale, orientation,
velocity, and attribute errors.

4.5.2. Quantitative results

Table shows the AP results as well as detailed true positive metrics on
nuScenes [44] for classes Pedestrian, Cyclist, and Car. It can be observed
that the radar-only network is able to detect Cars to a certain degree but
it can barely detect Pedestrians and Cyclists, as these often do not have a
single radar detection and are difficult to distinguish from the environment.
The camera-only network does better across all classes and shows that with a
large dataset like nuScenes, monocular 3D object detection is possible. When
fusing radar and camera, the performance for all classes improves significantly,
demonstrating how well the combination of the semantic value from the camera
and the geometric value from the radar can work together.

Table 4.9.: Experimental validation results for RC-BEVFusion on nuScenes front-
view. All experiments conducted with the model based on BEVFea-
tureNet and BEVDet.

mAP AP ATE ASE AOE AVE AAE
Modalit Cl
odaltty 1 35 | ! | Il Il
ped. 0.031 0.53 0.31 0.71 0.67 0.11
Radar 0.125 cyc. 0.054 0.52 0.34 0.45 0.11 0.02

Radar-camera 0.406 cyc. 0.264 0.45 0.28 093 0.29 0.03

Looking at the true positive metrics, It should be noted that the radar-
only metrics for Pedestrian and Cyclist are not meaningful due to the very
low AP values for these classes. A comparison of radar-only and camera-only
performance for Cars reveals that despite the lower AP, the radar does better
in translation, orientation, velocity, and nuScenes attribute estimation. This is
likely due to the direct distance and velocity measurement. The radar-camera
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fusion further improves all metrics, again showing the synergies of the different
modalities.

Table 4.10.: Experimental validation results for RC-BEVFusion on View-of-Delft
with optional pretraining on nuScenes front-view. All experiments
conducted with the model based on BEVFeatureNet and BEVDet.

. . mAP AP
Modality Pretrain 2D BEV 3D Class 9D BEV 3D
ped. 0.341  0.320 0.294
Radar 0.485  0.491  0.437  cyc. 0.683 0.666  0.654

Radar-Camera 0.531  0.535 0.480 cyc. 0.715 0.677  0.672

Camera v 0.496 0.215 0.169 cyc. 0.585 0.266 0.216

Radar-Camera v 0.582 0.557 0.477 cyc. 0.720 0.692 0.677

For View-of-Delft [47], the AP results in terms of 2D, BEV, and 3D metrics
are shown in Table With the high-performance radar, the radar-only
approach works quite well for all classes, and even achieves the best results
for Cyclists, which were difficult to detect in nuScenes [44]. The camera-only
network performs worse than radar-only for all classes. On the 2D image
plane, the results are more competitive, but the difficulty of the monocular
depth estimation can be observed in the BEV and 3D metrics, given the lim-
ited amount of training data in View-of-Delft. The fusion network once again
outperforms the single-modality networks. To provide more variety in the
training images used for the camera branch, the camera-only network is pre-
trained with nuScenes before fine-tuning the camera-only and radar-camera
fusion networks with View-of-Delft. For camera-only, significant improvements
can be observed in all metrics. The radar-camera fusion network benefits from
the pretraining mostly in the 2D metrics, since the BEV and 3D metrics are
dominated by the high-performance radar in View-of-Delft.

4.5.3. Exemplary qualitative results

To highlight the differences of the datasets and demonstrate the performance of
the best-performing radar-camera fusion models, selected qualitative examples
for each dataset are shown in Figure In each subfigure, the frontal camera
image is shown with the projected radar detections and a BEV representation
of the same frame with radar detections in red and the LiDAR point cloud
in black. Note that the LiDAR point cloud is shown as a geometric reference
only. The colored boxes are the projected 3D bounding boxes, predicted by the
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proposed fusion models, where blue is used for Pedestrians, red for Cyclists,
and yellow for Cars.

/i

P/J/ N e IS @.\3,\\\\\]} ‘ jﬂ/ﬁ t

Figure 4.4.: Qualitative radar-camera fusion results from nuScenes (a)—(c) and
View-of-Delft (d)—(f). The respective upper and lower plots show
the camera image and the BEV grid, including projected radar de-
tections and predicted bounding boxes, blue for Pedestrian, red for
Cyclist, and yellow for Cars. The LiDAR point cloud in the BEV grid
is shown for reference only M

The examples in 4.4c| are from nuScenes , whereas the examples
in are from View-of-Delft . When looking at the raw data, the
strengths and weaknesses of the two datasets can be observed. In particular,
nuScenes offers a large variety in the images, since the scenes are recorded
in two different countries, and at different daytimes and weather conditions.
However, the radar point cloud is very sparse and does not contain elevation
angles. In contrast, View-of-Delft has less variety in the images, but a much
denser radar point cloud with elevation angles.
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All six frames show how well the proposed RC-BEVFusion models perform.
Even though there is dense traffic with many Cars, Pedestrians and some
Cyclists, the network is able to detect and localize all the relevant objects in
the scenes. Especially in the challenging situation for the camera in the
radar can help to accurately localize the Cars.

4.6. Conclusion

In this chapter, we have presented a novel radar-camera fusion architecture on
the BEV plane. We proposed two radar encoders and showed that they can
be integrated into several camera-based architectures that use BEV features.
In our experiments, the proposed radar-camera fusion outperform the camera-
only baselines by a large margin, demonstrating its effectiveness. The NDS
metric, which correlates well with the downstream driving task |45], increases
up to 28 %. Without tuning the model for the test submission to avoid unreal-
istic computational cost, we outperformed previously published radar-camera
fusion networks. Our qualitative evaluation shows improved localization ac-
curacy at daytime and higher recall at nighttime. We have further used the
proposed radar-camera fusion model to study differences in the nuScenes [44]
and View-of-Delft [47] datasets. Our results show that camera-only 3D object
detection requires a large dataset with reasonable visual variability, as it is
available in the nuScenes dataset. In contrast, the radar-only network profits
more from the high-performance radar in View-of-Delft and can cope with a
smaller dataset. Also, it can also classify vulnerable road users like Pedestrians
and Cyclists. We conclude that the full potential of radar-camera fusion could
be achieved when combining the needs for radar and camera perception, with
a dense point cloud and a large visual variability, respectively. Until such a
dataset is publicly available, we have shown that pretraining the camera-only
network with a large dataset like nuScenes can help to improve the perfor-
mance of camera-only and radar-camera fusion networks in smaller datasets

like View-of-Delft.
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In the preceding chapters, the enhancement of object detection through
the development of novel radar-camera fusion algorithms has been demon-
strated, with evaluations conducted using benchmarks from publicly avail-
able datasets. However, for the current development of Al-based perception
methods with public datasets, often impractical computational resources and
excessive dataset tuning are used. It is often overlooked that a perception
method is only practically useful if it can be deployed with limited computa-
tional resources and generalizes well on unseen data in a real-world scenario.
This chapter therefore introduces an experimental vehicle, the AI Sensing test
vehicle, utilized to validate the performance of the previously discussed al-
gorithms. Through this exploration, insights into the nuances of real-world
deployment are highlighted, contributing to a more grounded comprehension
of the intersection between theoretical development and practical application
in the field of radar-camera fusion and object detection.

Initially, the sensor configuration used in the AI Sensing test vehicle is de-
tailed, providing an overview of the integral components. This is followed by
the real-time computation environment in the Robot Operating System (ROS)
designed for data streaming, processing, and recording. Finally, considerations
regarding the synchronization of measurements from different sensors are pre-
sented.
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In summary, this chapter covers:

e An overview of the AI Sensing test vehicle architecture and technical
details.

e The intrinsic and extrinsic sensor calibration.
e The real-time data processing system in ROS.
e Data synchronization efforts.

We note that this chapter covers some collaborative work, which we include
for completeness, but do not claim individual contribution. This includes:

e The mechanical and electrical setup of the components in the Al Sensing
test vehicle.

e The software for camera and camera-to-LiDAR calibration.

5.1. Al Sensing test vehicle

The AT Sensing test vehicle is a Peugeot 3008 equipped with a set of additional
sensors and processing systems. The sensors include 5 cameras, 5 radars, 1
LiDAR and one Global Navigation Satellite System (GNSS) sensor. The sensor
coverage is shown in Figure [5.1

|| Camera

.| Radar
| LiDAR

Figure 5.1.: AI Sensing test vehicle sensor setup and field of view.

The cameras are STURDeCAM20 Gigabit Multimedia Serial Link (GMSL)
cameras from e-con Systems with a resolution of 1920 x 1080 and a horizontal
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field-of-view of 98.5° and a vertical field-of-view of 53.5°. The cameras are
mounted on the rooftop to avoid reflections of the windshield and positioned
to cover 360° surround view. They use an electronic rolling shutter and stream
uncompressed images in the 16 bit UYVY format at 30 Hz.

The radar belt covers 76 GHz FMCW radars from Aptiv, including four
short range SRR5 radars mounted at the corners of the vehicle, as well as
one mid range MRR5 radar mounted at the front center of the vehicle. The
SRR5 radars have 2 x 4 MIMO antennas, a detection range of up to 93m at
an accuracy of + 0.3m, an azimuth angle coverage of + 75° at an accuracy
of + 1° and do not measure the elevation angle. The MRR5 radar has 3 x 4
MIMO antennas, a detection range of up to 200 m at an accuracy of + 0.25 m,
an azimuth angle coverage of + 50° at an accuracy of + 0.5° and has minimal
support for the elevation angle with an accuracy of + 2°. The data from all
radars is pre-processed in an Aptiv radar belt system and streams point cloud
data at 20 Hz.

The LiDAR sensor is a Velodyne VLP-32¢, which is mounted on the rooftop
and rotates around the vertical axis for full 360° azimuth angle coverage at
an resolution of 0.4°. It has 32 non-linearly distributed channels which cover
a vertical field-of-view of 40° with resolution of 0.33° in the central area. The
detection range is up to 200 m with an accuracy of + 3 cm and it streams point
cloud data at 20 Hz.

The GNSS sensor is a ublox EVK-M8N which streams a Global Positioning
System (GPS) signal at a rate of 1 Hz. In addition, the vehicle’s on-board sen-
sors provide measurements of the current vehicle speed and yaw rate at 100 Hz
via Controller Area Network (CAN). The computing platform is a NVIDIA
Jetson AGX, which allows for up to 32 TOPS computing performance.

5.2. ROS environment and data preparation

In order to use the data from the Al Sensing test vehicle, several preparation
steps are needed. First, the sensors need to be calibrated in order to process
their data in a common coordinate system. Then, a real-time environment is
needed to read, pre-process and record the sensor data.

5.2.1. Calibration

The sensors need to be calibrated to enable sensor fusion. First, we follow
the common convention in automotive engineering when defining the vehicle
coordinate system at the center of the rear axis, which is the turning point
of the vehicle in the vehicle model. The x-, y- and z-axes point to the front,
left and up, respectively. The vehicle coordinate system is useful whenever
ego motion of the vehicle has to be subtracted from data points. In order
to find the extrinsic calibration parameters of the sensors with respect to the
vehicle coordinate system, the LiDAR is used as an intermediate step because
its accurate 3D measurements enable a good calibration with the cameras and
radars. In order to determine the extrinsic LIDAR to vehicle transformation,
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the vehicle is placed on a flat plane and the ground plane is estimated in the
LiDAR point cloud to derive the height, pitch and roll angle. The remaining
parameters are measured manually.

Figure 5.3.: Camera calibration setup with truncated pyramid target. The cali-
bration software detects the respective checkerboard patterns.

Intrinsic and extrinsic camera calibration

The next step is the intrinsic and extrinsic calibration of the cameras according
to the model and parameters described in Section which is performed
using the approach and tools provided by . To this end, two different
types of targets are used to calibrate the cameras. The first targets are four
large boards with rectangular checkerboard patterns which are placed stati-
cally in the surroundings of the vehicle as shown in Figure In this setup,
the vehicle is driven around the boards to cover typical positions of traffic
participants around the vehicle. A sequence of 52 images with each camera
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is taken. The second target is a truncated pyramid shape with a total of five
squared checkerboard patterns as shown in Figure This target is moved
around the static vehicle to cover all possible angles of the cameras. In this
setup, another 248 measurements are taken, for each of which the target is
visible in one or two cameras.

Figure shows the results of the intrinsic camera calibration. For each
camera, a circle with a radius of one pixel is used to visualize the re-projection
errors. The vast majority of the re-projection errors is below half a pixel.
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Figure 5.4.: Intrinsic camera calibration results. The visualization shows the re-
projection errors for each of the five cameras. The circle radius is one
pixel.

N

From the overlap in the camera’s fields of view (FoV), the software is able to
further calculate the extrinsic parameters between the cameras. The result is
shown in Figure The position and viewing angle of each of the cameras is
visualized in 3D, along with an exemplary detection of the truncated pyramid
target.

Extrinsic camera-to-LiDAR calibration

The extrinsic camera to LiDAR calibration is performed based on the work
by [139]. The calibration target used is a styrofoam ball in front of a black
flag. This target can easily be detected by both sensor modalities. No matter
which part of the ball is observed in the LiDAR point cloud, the center can
always be estimated from the curvature. The black flag behind the white ball
leads to high contrast, which helps the camera to accurately detect the ball
center via Hough transformation. The detections from LiDAR and camera
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Figure 5.5.: Visualization of the extrinsic camera calibration results. The calibra-
tion software estimates the 3D position and orientation of each camera
and visualizes them including a detected truncated pyramid target.

can then be used as correspondences for the calibration. Figure |5.6|shows the
calibration target and the projected point cloud onto the front camera image
using the estimated calibration parameters. The LiDAR points are colored
according to their distance. Generally, there is a good correspondence between
the sensor modalities, showing the quality of the calibration result. The small
discrepancies can be explained by the parallax effect between the sensors.
It is noted that only the front camera is directly calibrated to the LiDAR,
because the remaining parameters for the other cameras can be inferred from
the extrinsic camera to camera calibration, which is more precise.

Figure 5.6.: Extrinsic camera-to-LiDAR calibration target and results.
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Extrinsic radar-to-LiDAR calibration

For the extrinsic radar to LiDAR calibration, another target with a styrofoam
ball is created, which also has a radar corner reflector inside. For the cali-
bration measurements, the vehicle is parked in a flat, empty area, and the
target is moved in a large ellipsis around the vehicles. During this sequence,
regular measurements of the LIDAR and radar point clouds are taken. The
extrinsic radar to radar calibration was already performed by the supplier. In
addition, an initial guess for the calibration between the radar system and the
LiDAR coordinates is measured manually. Further, the initial position of the
calibration target in the first LIDAR point cloud is estimated. Then, Algo-
rithm [1]is applied to obtain the calibration parameters. Note that the radars
do not measure the elevation, hence the aim of the algorithm is to estimate
a 2D position on the ground plane as well as the yaw angle for each of the
five radar sensors with respect to the LiDAR sensor. To obtain the remaining
parameters, the height is measured manually, while the roll and pitch angles
are set to zero.

Algorithm 1: Radar-to-LiDAR calibration

Data: Set of measurements with corresponding LiDAR and radar
point clouds, initial calibration guess, calibration target radius
and initial target position guess.

for all measurements do

2 Crop the LiDAR point cloud near the calibration target position

[y

guess;

3 Determine the center point of the calibration target by fitting a
spherical model;

4 Improve the center point iteratively by removing outliers;

Transform the center point to the radar coordinate system using
the initial calibration guess;

6 Determine the position of the corresponding radar detection;

Save the corresponding pair of LIDAR and radar positions of the
calibration target;

8 Use tracking to guess the position of the calibration target for the

next iteration;

9 end
10 Create a non-linear equation system from the corresponding pairs;
11 Run an optimization algorithm to obtain the calibration parameters;

Figure shows the results of the radar to LiDAR calibration as a polar
histogram of the re-projection errors for the calibration target. The mean re-
projection error was reduced from 35 cm for the initially measured calibration
to 8cm. Given the angular accuracy of the corner radar sensors of + 1°,
which is about 17 cm for a distance of 10 m, the remaining inaccuracy can be
explained by the inherent technical limitations of the radar sensors.

69



Chapter 5: Data preparation

(a) Initial calibration guess based on radar (b) After applying the described radar-to-
supplier and manual measurements. LiDAR calibration.

Figure 5.7.: Extrinsic radar-to-LiDAR calibration results. The visualization shows
the re-projection error histogram for the calibration target. The circle
radius is 0.5 m.

5.2.2. Real-time environment

In this chapter, the ROS enrivonment needed to process data in real-time is
described. In order to maximize performance, the necessary ROS nodes are
written in C++.

Vehicle CAN and ego vehicle tracking To process sensor data recorded
at different timestamps in a joint coordinate frame, we have to know the
pose of the ego vehicle at each timestamp. The coordinate transformation
between vehicle poses at different timestamps is often referred to as ego motion
compensation. A popular model for tracking the poses of the ego vehicle
is the Constant-Turn-Rate-and-Velocity (CTRV) model, which estimates the
pose based on a series of radial and angular velocity measurements [140]. To
provide these measurements, we need a ROS node that processes Vehicle CAN
messages. The structure of the CAN messages is described in DBC files, thus
a header file is created accordingly to allow the node to interpret the messages
and read the radial and angular velocity values. The node then performs the
CTRV tracking and streams the tracked position and heading angle along with
the measured radial and angular velocity in a custom message.

To verify the estimations, a 1.5 km roundway is driven, after which an error
of about 20 m accumulates, as shown in Figure Since this data is mainly
used to subtract movement within fractions of a second, the achieved accuracy
meets the requirements.

LiDAR streaming The LiDAR manufacturer provides a ROS node, which
reads the raw data packets and streams them into ROS as the commonly
used sensor_msgs/PointCloud2 messages, which is the standard datatype for
point cloud data. The ego-vehicle tracking described above can be used to
eliminate another problem occurring in dynamic scenes. During the recording
of a LIDAR point cloud, the sensor spins 360° within 50 ms and finally assigns
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Figure 5.8.: Ego-vehicle tracking results.

the point cloud the timestamp when the last point was recorded. When the
ego vehicle is in motion, this leads to a misalignment of the LiDAR points
within a point cloud. The effect can be visualized when driving towards a
wall and visualizing the detections on the wall in birds-eye-view as shown in
Figure |5.90 The blue points were recorded at the beginning of the sweep,
the green points at the end of the sweep. In the left plot in Figure the
misalignment due to ego motion during the sweep can be observed. The ego
motion can be compensated by calculating the time offset of each point in
the point cloud and subtracting the movement according to the ego vehicle
tracking. The right plot in Figure shows that the point cloud aligns well
after applying motion compensation.

Camera streaming The camera manufacturer provides a ROS data stream-
ing node, which streams Full HD images in UYVY format at a rate of 30 Hz
in a proprietary image message type. This leads to a significant load on the
network when streaming data from all five cameras. Thus, we change the node
to reduce the stream rate to 10 Hz. Further, the images are directly rectified,
which reduces their size by roughly another 20 %. Finally, the images are orig-
inally in UYVY format and a proprietary image message type. To facilitate
subsequent processing, they are converted to RGB format and the standard
sensor_msgs/Image datatype.
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Figure 5.9.: LiDAR motion compensation results. Detections in the original point
cloud are misaligned due to ego motion during the LIDAR sweep.

Radar streaming The radar manufacturer does not provide a ROS node.
Instead, the raw data packets are sent via Ethernet in User Datagram Protocol
(UDP). To incorporate them into ROS, a data parsing node is written, which
reads data packets from the UDP Socket and converts the point cloud data
into sensor_msgs/PointCloud2 ROS messages, which also ensures consistency
with the LiDAR messages.

GNSS streaming The GNSS manufacturer provides a ROS node that fits all
requirements. It streams messages of type NavSatFix, which is common for
GPS positions.

Data recording tools Data messages in a ROS environment can easily be
recorded in a ROSBAG file which can be used to re-create the scene as if
it was recorded live. However, for deeper analysis of the data and to use it
to train and evaluate neural networks, static frames need to be extracted.
Therefore, a tool is written that extracts images as PNG files, point clouds as
Point Cloud Data (PCD) files and ego vehicle tracking and GPS data into CSV
files. The files are named after the timestamps when the data was recorded, so
that the ego vehicle tracking data can be used to take the ego motion between
two files into account.

5.2.3. Synchronization

To ensure precise fusion of data captured by various sensors, it is important
that the measurements are well synchronized. Ideally, one sensor acts as the
master, dictating timing through trigger signals to coordinate the other sensors
operating in slave mode. Unfortunately, the hardware of the Al Sensing test
vehicle does not allow for this ideal setup because the rolling shutter cameras
can not be triggered.
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Consequently, additional measures must be taken during post-processing
to synchronize the data. To this end, we record data when driving next to
static landmarks like traffic signs or trees. Using the calibration parameters
obtained in Section we project the LiDAR and radar point clouds to
the images while accounting for vehicle ego motion between the timestamps
of each measurement. By observing possible misalignment for the static land-
marks, we can identify timestamp offsets between the sensors. Note that this
approach assumes constant delays between the reported timestamps of each
sensor, which holds well in our manual examination. Using these timestamp
offsets, we can accurately subtract ego motion between measurements from
different sensors, aligning all static objects. However, misalignment of dy-
namic objects like other traffic participants remains an issue. To address this
problem for the training and evaluation of our proposed algorithms using data
from the AI Sensing test vehicle, we select well synchronized keyframes as

described in Section [7.1]

5.3. Conclusion

In this chapter, we have presented our Al Sensing test vehicle used to test the
practicability and real-time applicability of our proposed algorithms. We have
introduced the sensor setup including five radars, five cameras, a LIDAR sensor
and a GNSS sensor. Further, we have outlined our data pre-processing steps
including sensor calibration and have described our real-time data processing
environment with ROS on an Edge Al platform. Finally, we have presented
efforts to synchronize data recorded from various sensors.
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In AI and machine learning, the process of training deep neural networks
strongly depends on the availability of accurately labeled data. However,
the manual process of labeling is not only cumbersome but also cost-intensive,
presenting a considerable bottleneck in the rapid development and deployment
of neural network models. To address this challenge, this chapter introduces
an automated labeling procedure.

Given the task of 3D object detection, LiDAR sensors typically yield the
highest accuracy due their spatial resolution and precision. Therefore, the
proposed automated labeling pipeline is based on LiDAR data. The generated
pseudo-labels can then be used to train and evaluate models using data from
cameras and radars, aiming at bridging the accuracy gap inherent in these
sensing modalities. While the proposed automated labeling procedure may
not fully replace manual labeling, it can improve generalization by leveraging
powerful ground truth sensors and extensive offline processing.

In the following, the automized labeling procedure is described, starting with
the utilization of a LiDAR-based object detector for inference on the dataset
to be labeled. Note that a prerequisite for the labeling procedure is the avail-
ability of a public dataset with similar data as the one to be labeled, so that
the object detector can be trained. The object detection is followed by the ap-
plication of a Kalman filter tracking algorithm and additional post-processing
steps, ensuring the refinement of the pseudo-labels. The effectiveness of the
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proposed labeling technique is evaluated by re-creating the validation labels
of the nuScenes dataset [44]. We note that the generalization capability of the
labeling approach to data from a different domain is investigated at a later
stage stage of this thesis in Chapter

In summary, the contributions of this chapter are:

e A novel automized labeling technique based on object detection and
tracking using LiDAR data

e Post-processing steps which refine the tracks to create pseudo-labels

e Quantitative and qualitative evaluation of the labeling pipeline based on
the nuScenes dataset [44]

6.1. LiDAR-based object detection

In the recent years, LiDAR-based 3D object detection has been a widely stud-
ied field due to the high accuracy that can be achieved. LIDARs typically
provide a 3D point cloud with x, y and z coordinates as well as the measured
intensity of the reflection. Several algorithms are dedicated to processing this
3D point cloud data. Early algorithms voxelize the point cloud into a grid and
apply 3D convolutions [141], [142]. However, these 3D convolutional opera-
tions are computationally intensive and use significant memory. In response to
this, a trend has emerged in research that compresses the voxel grids into BEV
[84] or range view (RV) [143]. Each of these views has its unique advantages
and challenges. In BEV, objects are displayed from a top-down perspective.
This ensures that there are no overlaps between objects and maintains a con-
sistent object size regardless of their distance from the viewpoint. Closer to
the native representation of LiDAR, RV produces compact and dense fea-
tures. However, it also comes with the limitation of potential loss of spatial
information. A recurring theme in current research is the idea of multi-view
fusion [144], [145]. The rationale is that by integrating multiple perspectives,
it becomes possible to achieve a more accurate and robust 3D object detection.

In this work, the state-of-the-art method VISTA (Dual CrossVIew SpaTial
Attention) [146] shown in Figure is used. VISTA uses attention mecha-
nisms to enable multi-view fusion of BEV and RV features. First, a 3D sparse
convolutional backbone is applied to the voxelized input point cloud. This
results in a feature map of shape (b, ¢, h,w,d) with batch size b, ¢ channels,
as well as the height h, width w and depth d of the voxel grid. The feature
map is then collapsed into a BEV of shape (b,c¢ x h,w,d) and a RV of shape
(b,exd, h,w), respectively. The BEV and RV features are further processed us-
ing separate 2D necks similar to UNet [147]. These features are then unrolled
to a sequence of feature vectors and used as queries and keys for the attention
module. In contrast to normal attention modules utilizing a linear layer to
map the feature vector sequence to queries and keys, VISTA uses 3 x 3 con-
volutional kernels to exploit the local context in both views. The subsequent
cross-view attention mechanism allows VISTA to capture global context across
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BEV and RV. The cross-view attention features are then processed by a feed
forward network to obtain the final outputs. VISTA further decouples the at-
tention for semantic and geometric attention modeling by essentially doubling
the attention module and propagating only the loss for object classification
and regression, respectively.

In this work, VISTA [146] is trained on the train split of the nuScenes dataset
[44], before performing inference on the validation split. The point cloud is
voxelized within [-51.2m, 51.2m] for x and y, as well as [-5.0m, 3.0m] for
the z dimension with a resolution of 0.1 m. For training augmentation, the
point clouds are randomly flipped along the x- and y-axes, rotated around the
z-axis between [-0.3925rad, 0.3925rad], scaled with a factor between [0.95,
1.05] and translated within 0.2m in each dimension. CBGS [137] is used to
balance the classes during training.

Since the automized labeling can be performed offline, it is not time-critical.
Therefore, several adjustments are made that allow for higher detection ac-
curacy but lead to more computational cost. First, ten LIDAR sweeps are
aggregated into a single point cloud, increasing the density and thus making
it easier to detect and classify objects, especially if they are partially occluded.
The ego movement is subtracted when aggregating the sweeps, accounting for
the movement of static objects across sweeps. Since the movement of dynamic
objects is unknown a priori, it cannot be subtracted. Instead, the timestamp
difference with respect to the most recent sweep is appended to each point in
the aggregated point cloud, so that the VISTA algorithm can learn to adjust
its prediction according to the movement of dynamic objects.

Further, double-flip test time augmentation is applied to increase the detec-
tion accuracy during inference. To this end, the input point cloud is subjected
to a series of spatial transformations during model inference: original orien-
tation, flipped x-axis, flipped y-axis, and a combined flip of x-axis and y-axis.
After obtaining predictions for each transformed version, the augmentations
are reversed, and the resulting predictions are averaged to produce the final
output. This method seeks to enhance model robustness and accuracy by
leveraging multiple perspectives of the same input during testing.
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Figure 6.1.: VISTA network architecture [146], (C) 2022, IEEE.
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6.2. Post-processing

The LiDAR-based detection outputs obtained by the object detection algo-
rithm build a good starting point, but they are still prone to several types of
errors. First, there are false positive detections, when the algorithm misclassi-
fies an object or detects an object that is not actually there. Then, there are
false negative detections, when the object detection algorithm fails to detect
an object. Finally, even the true positive detections are prone to errors in
terms of their precise localization, size, orientation and velocity. In the fol-
lowing chapters, a post-processing technique is proposed that uses a tracking
algorithm and subsequent heuristics to mitigate these errors and enable better
quality pseudo-labels.

6.2.1. Tracking

The first step of the post-processing pipeline is to apply a tracking algorithm
on the LiDAR-based 3D object detections. The goal of the tracking algorithm
is to assign each detection to a track, so that the tracks can later be used to
refine the pseudo-labels. In this work, the tracking problem is simplified by
modeling each object with its center point and applying a linear Kalman filter
[49] as described in Section to track the center points in the bird’s eye
view. The objects movement is modeled with a constant acceleration model.
Consequently, the state space is:

x
T
P
T = 6.1
; (61)
Y
The corresponding state transition matrix is:
[1 At 05A# 0 0 0 ]
0 1 At 0 0 0
0 0 1 0 0 0
F=lo o 0 1 At 0.5A# (62)
0 0 0 0 1 At
[0 O 0 0 0 1]

This decouples the state covariance for x and y, yielding the state covariance:

Dz Pzi Pz 0 0 0
Diz Pi Dii O 0 0
p - |Pix Pic Pi 0 0 O (6.3)

X
0 0 0 Dy DPyy DPyj
0 0 0 py py pyy
0 0 0 pjy pjy pyl
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The control input of the tracked objects is unknown, therefore it is set to zero:
Uy = 0 (64)

Since the model assumes a constant acceleration, the process noise is modeled
as a random noise in acceleration o, to cover potential changes. It propagates
to the state space as follows:

A 0 0 o)

A2 A2 At 0 00

A2 At 10 0 0
Q= (2) 0 0 At Al A o (6.5)

KNS

0 0 0 &5 A At

o 0 0 2% Ar 1|

The object detection algorithm estimates an object’s position and velocity,
but not its acceleration. Therefore, the measurement space is:

x
T
z = 6'6
y (6.6
Y
The corresponding observation matrix is:
H_llOOOO (6.7)

“lo o o110

The measurement variables are assumed independent with measurement noises
o, respectively. Consequently, the measurement uncertainty is:

o2 0 0 0

0 o2 0 0
Vi=lo o o 0 (6.8)
0 0 0 o4

In the next step, a logic is needed for the association of new detections
to existing tracks. Since the object detection algorithm outputs many detec-
tions with low confidence scores, the first step is to remove detections below
a confidence threshold. Then, the Mahalanobis distance introduced in [2.3.3]
is computed for each combination of existing track and new detection. If the
Mahalanobis distance is below a distance threshold, a detection is eligible to
be assigned to the respective track. However, it may be the case that a detec-
tion could fit to several nearby tracks or several detections could match the
same track. To account for this problem, the eligible combinations of tracks
and detections are sorted by Mahalanobis distance and assigned in a greedy
manner starting with the lowest distance. Detections that can not be assigned
to an existing track are used to initialize new tracks. If a track cannot be con-
firmed for several iterations, it is closed and can no longer be matched with
new detections.
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Figure 6.2.: Tracking result for scene-0103 of the nuScenes validation split.
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Figure 6.3.: Ground truth tracks of scene-0103 of the nuScenes validation split.
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To verify that the tracking works properly, scene-0103 from the nuScenes
validation split is used. In Figure the result of the object detection al-
gorithm and subsequent tracking is shown. The figure shows the positions of
each detected and tracked object across its lifetime in the scene. A global
coordinate system is used, where the origin is the origin of the ego vehicle in
the first frame of the scene. Each object’s starting position is marked with a
circle, and during the scene it moves along the line in the same color. The
tracking result can be compared with the ground truth shown in Figure (6.3
It can be observed that there are many similar tracks that have correctly been
identified by the tracking algorithm. Further, the tracks found by the tracker
are more noisy and there are more tracks than labeled in the ground-truth,
which may be due to false positives. These problems will be addressed in the
following.

6.2.2. Track interpolation

Following the application of the tracking algorithm, detections attributed to
each track are post-processed to eliminate errors and ensure track consistency.
A selected track from a Car in the scene depicted in Figure [6.2] is used to
visualize the process. In this section, we describe the track interpolation for
individual parameters, including centroid, dimension and rotation of objects,
and present the used principles for track fusion, the insertion of false negatives,
and the removal of false positives.
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Figure 6.4.: Exemplary interpolation of an object’s centroid estimates.
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Centroid

The object’s centroid is initially addressed, necessitating noise filtering from
the predicted 3D bounding box detections. While the tracked state of the
Kalman filter could be used to get a smoother representation of the object’s
centroid, we argue that this is not ideal since it only has access to past esti-
mates at each iteration. Instead, it is preferable to interpolate the centroid
utilizing both past and future detections. To this end, centroid estimations
within a local window around each iteration are used to fit a second-degree
polynomial, from which the interpolated centroid is derived. This leads to
a robust and smooth track. In Figure the centroid interpolation of the
selected Car track is shown. The tracked Car initially waits at an intersection
in the left of the figure. It then takes a left turn and continues to drive further
away from the ego vehicle. When the Car is far away, the detections become
more noisy and are sometimes missing.

Dimension

Subsequently, the dimensions of the object are considered. Given the assump-
tion that an object’s dimensions remain unchanged throughout its lifetime,
the median of all dimension estimations is used as a reliable metric for the
object’s extent. In Figure the dimension estimation of the selected Car
are shown over time. Using the median value for each dimension, a robust and
consistent estimate is found.
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Figure 6.5.: Exemplary interpolation of an object’s dimension estimates.

Rotation

Next, the object’s rotation around the vertical axis is addressed. This is a
more challenging problem due to various prevalent issues: Firstly, LIDAR-
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based object detectors can struggle to correctly identify the driving direction.
Hence, there are frequent errors of 180° or sometimes +90° relative to the true
yaw angle, which result in significant deviations between successive detections.
Secondly, the typical smaller-scale noise has to be addressed. Lastly, the
interpolation has to take the cyclic behavior of the rotation angle into account.
To tackle these issues, Algorithm [2|is proposed. Initially, four hypotheses are
formulated which shift the rotation angle estimates by increments of 0°, 90°,
180°, and 270°. Subsequent angle estimations are then iteratively matched to
the most appropriate hypothesis. Upon completion, the hypothesis with the
highest number of matched detections is selected, which is now filtered from
deviations of 90° or 180°. To counteract the smaller-scale noise, the median
angle within a local window around each iteration is used. Note that the angles
have to be mapped to sine and cosine to account for the cyclic behavior. The
proposed algorithm produces a stable and smooth curve of the rotation angle
along each track.

Algorithm 2: Rotation post-processing

Data: Series of rotation estimates.
Set shifts = [0°, 90°, 180°, and 270°];
Initialize array of aligned rotation estimates;
Initialize array of hypothesis votes;
for all rotation estimates do
Calculate median of previous iterations in local window;
Find shift that aligns new rotation estimate with local median;
Append shifted rotation to aligned rotation estimates;
Append index of shift to hypothesis votes;

© 0 N o R W N

end

Find the shift of the most voted hypothesis;

Adjust aligned rotation estimates by most voted shift;

Smooth the aligned rotation estimates using a sliding window median
of their sine and cosine values;

- e
N = O

In Figure the rotation angle estimates of the Car are shown over time.
Several characteristic jumps of about 90° or 180° can be seen, which are elim-
inated using the proposed algorithm.

Velocity

Finally, the object’s velocity is estimated. Given the inherently noisy nature
of the velocity estimates provided by the object detection model and the pre-
viously computed smooth interpolated centroid for each track, we find that
the velocity is most accurately derived from the change in centroid position.

Track fusion

In general, the object detection algorithm should only output one detection
per object since nearby detections with lower confidence are filtered by non-
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Figure 6.6.: Exemplary interpolation of an object’s rotation estimates.

maximum suppression. However, it sometimes happens that there are two
detections just outside each other’s non-maximum suppression radius, that
still belong to the same object. In this case, only one detection is assigned to
the existing track while a new track is started for the other. This can lead to
two tracks belonging to the same object. To address this problem, Algorithm
is suggested to fuse tracks in post-processing. To this end, the distance
between each pair of tracks is calculated for every overlapping timestamp to
find potential matches. The necessary condition for fusing the tracks is that
the minimal distance is below a distance threshold. However, this might simply
be the case if two object’s tracks cross close to each other. Therefore, the
simultaneous detections assigned to both tracks are extracted to compute their
IoUs. If at least half of the simultaneous detections exceed a threshold, the
sufficient condition for track fusion is met. To fuse the tracks, the detections
from both tracks are assigned to a single track. In the case of simultaneous
detections, the detection with the higher confidence score is used.

False negatives

A false negative detection occurs when an object is missed by the detection
algorithm at one iteration. Using the information of the tracked objects, this
problem can be mitigated. If an existing track is temporally not confirmed
but later picked up again, the missing detections can be interpolated and
inserted. Bilinear interpolation between the closest past and future detections
is used to fill these gaps. It should be noted that the false negatives may have
been due to temporary occlusions, in which case they should not be used as
labels to train machine learning algorithms. To mitigate this issue, we only
include interpolated bounding boxes if the number of contained LiDAR points
is sufficiently large.
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Algorithm 3: Track fusion in post-processing

Data: Set of tracks, each with series of detections.

for each pair of tracks do

if minimum distance between tracks > distance threshold then
‘ Continue with next pair;

end

for each pair of simultaneous detections do

‘ Calculate and store IoU of detections;
end
if at least half of calculated IoUs > IoU threshold then
10 ‘ Fuse detections of both tracks to form single track;
11 end

1
2
3
4
5 Find all detection pairs with simultaneous timestamps;
6
7
8
9

12 end

False positives

A false positive detection occurs when the detection algorithm outputs a de-
tection where there is no actual object of the respective class. This problem
can again be mitigated using the information from the tracks. If a track does
not contain sufficiently many detections, we interpret it as false positive and
discard it.

6.3. Results

In the following, the proposed labeling is evaluated quantitatively and qual-
itatively using the validation split of the nuScenes dataset [44]. We experi-
mentally adapted the hyperparameters of the labeling algorithm, leading to
the following setup: For the Kalman Filter, we set the accelerations noise to
oq = 0.5 m/s27 and the measurement uncertainties to o, = o, = 0.2m,0; =
oy =4m/s. Note that the velocity measurement uncertainty is high due to the
noisy velocity estimates of the object detection network. We further choose
a distance threshold for the association via the Mahalanobis distance of two,
corresponding to two standard deviations. We deactivate tracks when they
are unconfirmed for 1s. For the post-processing, we choose an interpolation
window of + 500 ms to smoothen the centroids and the smaller scale noise of
the rotation. To fuse tracks in post-processing, we use an IoU threshold of
0.2 for at least half of the overlapping detections. To mitigate false negatives
while considering temporary occlusion, we insert detections into tracks when
the bounding box contains at least two LiDAR points. We remove tracks as
false positives when they contain less than three detections.

In Table we separately evaluate the contribution of each of our proposed
post-processing steps. In the first row, we list the results for the raw VISTA
object detections when compared with the manual labels of nuScenes. These
results are already quite good, showing the efficacy of VISTA when applying
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the settings with 10 aggregated LiDAR sweeps and double-flip test-time aug-
mentation. In the following rows, we use the extracted tracks to perform our
suggested post-processing steps. When smoothing the object centroid position
along each track, we can slightly increase the mAP. This indicates that we are
able to correct some centroid outliers to an extent that they are additionally
counted as true positives. This comes with a small cost of higher mATE. This
is likely due to the newly inserted detections having higher average translation
error than the ones that could directly be detected without post-processing.
Next, averaging the objects dimension along each track leads to a slight re-
duction of the mASE. More significantly, the proposed algorithm to correct
the rotation estimates leads to a 19 % reduction of the mAOE, showcasing
the effectiveness of the approach. Similarly, calculating the velocity from the
change of position leads to a significant reduction of the mAVE by 24 %. As
a side-effect, this also helps to determine when an object is moving and thus
better attribute detection.

Possibly the most effective post-processing step is the reduction of false
negatives by inserting missing detections along each track. It leads to a sig-
nificant increase of 6 % mAP. Again, the increasing mAP comes with a cost of
small increments in the error metrics, indicating that the new true positives
have higher average errors. This is because they are likely hard detections
which may be heavily occluded or far away. Finally, the small increments in
the true positive errors can be reverted again by eliminating false negatives
by deleting detections without confirmed tracks. Unfortunately, this has to
be applied conservatively, because deleting too many detections is punished
heavily in the mAP. Overall, each post-processing step contributes towards
better quality pseudo-labels. However, some of the contributions seem small
in this quantitative evaluation. To get a more in-depth understanding of the
improvements, we have therefore inspected a large number of frames and visu-
ally compared the resulting pseudo-labels with the ground truth. We believe
that the presented post-processing steps result in an important qualitative
improvement, which we present using a representative frame in the following
qualitative evaluation.

Table 6.1.: Evaluation of the post-processing steps for the automated labeling

pipeline.

Smooth ‘ Reduce | mAP mATE mASE mAOE mAVE mAAE NDS

pos dim rot vel ‘ FN FP 1 l l | l | 1
0.643 0.199 0.205 0.174 0.203 0.187 0.726

2 Sy o
v -4%
v -19%

v -24% 3% +1%
v +6%  +2% +1% +5% +4% +3%  +3%

v 0% 2% -1% -6% -4% -2% 0%
0.686 0.202 0.197 0.139 0.155 0.183 0.755
Voo +7%  +2% 4% -20%  -24% 2% +4%
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For the qualitative evaluation, a selected frame from the nuScenes validation
split is shown in Figure [6.7a. The figure shows a bird’s eye view representa-
tion of the LiDAR point cloud along with the created 3D bounding boxes.
As a comparison, the corresponding ground truth is shown in Figure In
the inner circle, which corresponds to 30 m distance from the ego vehicle, the
generated labels are almost identical to the ground truth. However, in the
outer circle, up to 50m distance from the ego vehicle, there are some differ-
ences. Although it is difficult to see based on this image alone, we evaluate
the differences looking at past and future frames. For example, the automated
pseudo-labels include two false positive Pedestrians in the lower part of the
image, and one false positive Pedestrian on the top right part. They further
contain a false negative Pedestrian in the far front and some false negative
Cars far to the sides. However, the manual labels from nuScenes [44] also
contain errors. For instance, there are multiple parked Cars on the right
side which are missing, as well as three Pedestrians on the left side and one
Pedestrian in the back.

To summarize, the qualitative evaluation shows that the automated pseudo-
labels are visually of similar quality as the manual labels. They can include
failure cases of inaccurate bounding boxes, false negatives and false positives.
However, this is also true for manually labeled data. Therefore, the labeling
can not be purely evaluated based on quantitative comparison between auto-
mated labels and ground-truth. In conclusion, we argue that the presented
approach can be used as quick and cheap way to generate large amounts of
pseudo-labeled data, which can in turn be used to train machine learning
methods with less computational complexity or based on cheaper, automotive
series-level sensors. We note that this does not hold true for edge cases, which
still require careful human labeling.

6.4. Conclusion

In this chapter, we have presented an automized labeling technique based on
LiDAR data. We use the nuScenes dataset [44] to validate the performance
of our approach by re-creating the labels of the validation split. Starting
with a LiDAR-based object detector, VISTA [146], trained on the training
split of nuScenes, we run inference on the validation data. We then track
the bounding box detections over time using a Kalman filter [49]. Finally, we
apply post-processing steps along each track to get pseudo-labels which are
smooth in terms of the centroids, size, orientation and velocity values. Using
quantitative and qualitative evaluation, we prove the effectiveness of each step
of our proposed labeling technique. We conclude that the proposed technique
can be used as a quick and cheap method to generate a large annotated dataset,
with labels that are visually close to manual label quality. However, we advise
that edge cases should still be labeled manually.
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a N _
(b) Ground truth labels.

Figure 6.7.: Qualitative comparison of automated labeling with ground truth for
exemplary nuScenes frame. Yellow = Car, Blue = Pedestrian, Orange
= Truck, Red = Two-wheeler.
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In this chapter, the work introduced in the previous chapters is combined
to showcase the deployment of our proposed algorithm on our demonstrator
vehicle. To this end, we record a dataset using the Al Sensing test vehicle pre-
sented in Chapter [5]and apply the labeling procedure presented in Chapter [6]
We then conduct a case study on Deep Neural Network (DNN) deployment
using RetinaNet [39] as a well known and representative algorithm to highlight
important tools, concepts and considerations that need to be made. Finally,
we apply these concepts to the deployment of our proposed RC-BEVFusion
presented in Chapter [4|and use the created data to fine-tune the algorithm for
domain adaptation.

Some contents of Section [7.2| have been published in [15]. In summary, this
chapter contains:

e The proprietary dataset creation and automized labeling.

e A case study on DNN deployment on an edge Al device, highlighting
useful tools and technical details.

e Experimental results on the trade-off between detection performance and
computational speed when deploying deep neural networks.

89



Chapter 7: Model deployment

e Domain adaptation of the proposed RC-BEVFusion for the proprietary
data.

e Deployment of the proposed RC-BEVFusion algorithm on an edge Al
device.

e Quantitative and qualitative evaluation of the proposed RC-BEVFusion
w.r.t. its camera-only baseline on the proprietary dataset.

7.1. Dataset creation

To be able to perform domain adaptation for our proposed RC-BEVFusion
model on the AT Sensing test vehicle presented in Section [5.1], we first record
a dataset. We capture several scenes in and around Riisselsheim, Germany,
at different daytime and weather conditions. Using the ROS environment
described in Section the images are recorded at 10Hz, the radar and
LiDAR point clouds at 20 Hz, the tracked ego vehicle position at 100 Hz and
the GPS position at 1 Hz. Initially, the recorded data is stored in ROSBAG
files that can be used to simulate the live recording. For more advanced data
processing, we extract static files and store them in an organized structure.
The images are stored in PNG files, the point clouds in PCD files and the
ego position and GPS in CSV files, each file named after the timestamp of
the respective ROS message. We record 45 scenes, each between 20s and
40 s, totaling to 22 minutes driving time. To include many diverse objects, we
record mainly on crowded streets and intersections. The dataset covers urban
streets, highways, and the drop-off areas of a train station and an airport. We
also cover different lighting and weather conditions, including sunny, overcast,
rainy and twilight scenes.

B

Figure 7.1.: Automated labeling result for exemplary Al Sensing test vehicle data
frame.
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Figure 7.2.: Label distribution for each class on the proprietary dataset.

Given the frequency of the recorded frames, subsequent frames are highly
redundant. To increase the efficiency of the training and evaluation process,
we therefore select a set of keyframes for each scene. To allow for sufficient
deviations between keyframes, we follow and choose one keyframe about
every 500 ms. We further allow for deviations of + 100 ms to find a timestamp
where data from all sensors is well synchronized. For each keyframe, we create
automated labels using the procedure proposed in Chapter [6] using the VISTA

[146] model pretrained on nuScenes [44].

To verify that the proposed labeling approach also works with data from
the Al Sensing test vehicle presented in Section we have to rely on visual
inspection, since there is no ground truth available. However, a qualitative
example is presented in Figure The frame is from a particularly challeng-
ing intersection with many Cars and Pedestrians. As can be observed, the
approach generalizes well and produces quite accurate labels also for this data
from a different domain. Even the distant and partially occluded objects like
the Cars on the parking lot to the back left, are labeled well. Of course, in
some frames there are still failure cases of inaccurate bounding boxes, false
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negatives and false positives. The general quality of the labels is still deemed
sufficient to train and evaluate models, especially if they are using data from
radars and cameras, which typically provide lower 3D detection accuracy.

The automated labeling results in a total of 68000 3D bounding box labels
across 2700 keyframes, with an average of 25 objects per frame, confirming
that the recordings were mostly done in crowded scenarios. We label four
different classes: Car, Truck, Pedestrian and Two- Wheeler. In this class map-
ping, the Truck class covers all types of larger vehicles like trucks, buses and
construction vehicles, while the Two- Wheeler class covers bicycles and motor-
cycles. The amount of objects per class is naturally imbalanced with 41000
Cars, 24000 Pedestrians and about 1500 Trucks and Two-Wheelers, respec-
tively. We show the bounding box distribution in the labeled range of + 50 m
in Figure for each class. The area is generally well covered except that
Two-Wheelers are only detected up to a euclidean distance of 50 m, leaving
the corners of the detection area empty.

We split the data into training and validation splits with an 80:20 distri-
bution. The validation split is chosen to be representative in terms of the
different driving and lighting conditions as well as the class distribution as
shown in Figure (7.3
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Figure 7.3.: Class distribution in the train and val splits of the proprietary dataset.

7.2. Case study on model deployment

Many object detection algorithms are well studied and their performance in
development conditions is known in the literature. However, deployment as-
pects of these DNN models on edge Al devices, and embedded systems in
general, are often not addressed in scientific work but only in blog posts in
the form of partly very helpful or incomplete notes and hints. Therefore, this
chapter intents to present the major findings when deploying a representa-
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tive DNN model on a widely used edge AI device, the NVIDIA Jetson AGX
Xavier |148]. We conduct this case study on the deployment of the widely
used image-based 2D object detection model RetinaNet [39] using data from
nuScenes [44]. Combined with the findings from a collaborative work [15] on
the deployment of PointPillars [84], these concepts translate well to the deploy-
ment of RC-BEVFusion. When deploying DNN models, there are several tech-
niques to optimize the runtime for deployment [149], including (1) the design
and manipulation of the DNN model architecture in terms of the model size,
depth and width, (2) pruning techniques to remove neurons, groups of neu-
rons, or filters, which have little impact on the output, and (3) quantization to
change the numerical representation of data and network weights [150]. These
techniques generally result in a trade-off between runtime and performance.
In this chapter, the techniques (1) and (3) are considered. First, experiments
are performed with varying resolution of the input image for RetinaNet [39].
Then, the effect of quantization to half-precision floating-point format and to
fixed-point arithmetic is studied.

7.2.1. Concepts and tools

As it is common in the DNN research community, the algorithms are devel-
oped, trained and evaluated in a Python environment, using the PyTorch
library [151]. However, when deploying the network on an embedded system
for real-time inference, it is beneficial to move to a C++ environment, in which
other tools are needed. In this section, a short overview on useful concepts
and tools is given.

Network conversion

When deploying a trained DNN on an embedded system in a C+4+-+ envi-
ronment, a conversion becomes necessary. A standardized format to ex-
change networks within different tools, is the Open Neural Network Exchange
(ONNX) [152] format. It can be created using network tracing, which converts
the network into a static computational graph based on exemplary input data
and allows for efficient hardware acceleration with the NVIDIA TensorRT [153]
SDK for runtime optimized inference. However, tracing does not allow data-
dependent control-flow operations, so that the original network architecture
has to be divided into network graphs and logical operations. These logical
operations do not contain network weights and have to be realized with C++
functions. PyTorch offers an alternative built-in framework TorchScript, with
the options tracing and scripting. For reasons of comparability and a limited
usability of scripting, the focus of this study is on tracing with TorchScript as
well.

Quantization

Quantization has the goal to efficiently represent numerical values by a fi-
nite number of bits. Widely used formats include single- and half-precision
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floating-point formats [154], referred to as Float32 and Float16, respectively,
and fixed-point arithmetic with 8 bit integers, referred to as Int8. A reduction
of the used quantization format can be beneficial in a deployment setup with
limited computational, memory or energy resources. Moving from the default
Float32 to Floatl6 is a straightforward and often considered option. When
further moving to Int8 quantization, several tuning and calibration steps have
to be taken into account. A recent survey of quantization techniques for DNN
inference is given in [149]. In [150], a corresponding practical workflow for
Int8 quantization is recommended.

For the sake of simplicity, in this work, the focus is on post-training quanti-
zation and do not consider quantization-aware training. In particular, for Int8
quantization, the TensorRT MinMax and entropy calibrator functions [155]
are considered. The MinMax calibration measures the maximum absolute ac-
tivation of each layer and provides an equidistant and symmetric mapping.
Likewise, the entropy calibration determines a mapping which minimizes the
information loss by saturating the activations above a certain threshold. Since,
at the time of writing, TorchScript only supports Int8 quantization for CPU
usage, only the corresponding TensorRT variant is considered.

Further tools

ROS [156] is used as the real-time environment in C++. ROS contains helpful
tools for sensor data streaming, communication of different nodes and visual-
ization of sensor data and detection results. With Nuscenes2bag [157], data
from the public automotive dataset nuScenes [44] can be converted into a ROS
compatible format that allows the simulation of a real driving scenario while
having access to labeled ground truth. For the pre- and post-processing of
the data in C++, efficient implementations from libraries like OpenCV [158]
for images and OpenPCDet [159] for point clouds can be used. For many
operations, there are also CUDA-based [160] implementations for hardware
acceleration in these stages.

7.2.2. Deployment architecture

For this case study, we select the image-based RetinaNet [39] model as a
representative and well-known algorithm, that provides a reasonable trade-off
between runtime and performance, and is therefore suitable for automotive ap-
plications. In collaborative work [15], a similar study was performed on Point-
Pillars [84] to cover deployment aspects for point cloud data. RetinaNet [39]
is one of the pioneering one-stage object detectors, which surpassed the pre-
ceding two-stage networks in terms of runtime while offering similar detection
performance. When deploying RetinaNet, the pipeline shown in Figure is
divided into the following processing steps:

Pre-processing In the pre-processing stage, the image is resized to a lower
resolution of choice and normalized based on the mean and standard deviation
of the RGB images in the ImageNet dataset [9], on which the backbone network
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Figure 7.4.: RetinaNet processing pipeline .

is pretrained. Both of these steps can efficiently be done using the OpenCV
CUDA library.

Inference The architecture of RetinaNet is made out of a ResNet
backbone network, a subsequent FPN as well as regression and classifi-
cation heads. It uses the concept of anchor boxes as pre-defined regions in
the image, eliminating the need for a Region Proposal Network. All of these
steps can be realized with a single neural network graph, that can be created
by tracing the computations of an exemplary network input. Assuming that
all pre-processed images have the same resolution, the anchor boxes can be
included in the graph as a constant tensor. The graph can then be efficiently
deployed using either TensorRT or TorchScript. As noted in collaborative
work , for some models the inference needs to be split into several network
graphs, if there are operations that cannot be included in a static computation
graph, like the Scatter operation in PointPillars .

Post-processing In the post-processing stage, the neural network classifica-
tion and regression outputs are filtered by a detection threshold and decoded to
generate the 2D bounding boxes. Finally, non-maximum suppression (NMS)
is applied to avoid multiple boxes per object. Again, this can be efficiently
computed using the OpenCV library. Note that these steps can not be in-
cluded in the network graph, as they require logical operations that depend
on the network input but would be treated as constant by the tracer.

7.2.3. Experiments

The models are trained and evaluated in a Python environment using the Py-
Torch library. As training and validation data, the nuScenes dataset is
used. The networks are deployed in a C++ environment with ROS for data
streaming and visualization. The algorithm runtime is measured as the av-
erage runtime across the validation data. Experiments with different tools
for hardware acceleration and quantization on the target platform, TensorRT
and TorchScript, are performed. For the inference with TensorRT, trained
PyTorch model is first exported to ONNX and then parsed to an optimized
TensorRT runtime engine in a C4++ environment on the target system. Ten-
sorRT allows to select the desired quantization when building the engine, with

95



Chapter 7: Model deployment

Table 7.1.: Runtime evaluation of RetinaNet with TensorRT and TorchScript using
various quantization techniques and batch sizes.
Batch size  Quant. TensorRT  TorchScript

Float32 104 ms 210 ms
1 Float16 38 ms 67 ms
Int8 25 ms -
77777777 Float32 ~ 619ms  1041ms
6 Float16 201 ms 271 ms
Int8 136 ms -

the options of Float32, Float16, and Int8. The latter requires a use-case spe-
cific calibration, which can be done with the MinMax or entropy technique.
With TorchScript, the quantization has to be selected before exporting the
PyTorch model. At the time of writing, it is only possible to run Float32 and
Float16 calculations with hardware acceleration. In addition, experiments are
run with varying input image resolution. Finally, the impact of the available
power supply on the runtime of the entire detection pipeline is studied.

Experimental Setup For the experiments, RetinaNet-18 [39], which is based
on a small Resnet-18 [26] backbone, is used to account for the real-time re-
quirements. It is trained and evaluated with the nuScenes [44] train and val
dataset, respectively. To adapt the original dataset for the task of 2D object
detection, the original 3D bounding boxes are projected onto the image plane
and the 27 classes are mapped to a reduced set of Car, Pedestrian, Truck, Mo-
torcycle and Bicycle. Two evaluation metrics are listed: the mAP and wmAP
introduced in Section with IoU threshold of 0.5.

Framework Analysis In the first experiment, the runtime of RetinaNet |39 is
studied when deploying it with TensorRT and TorchScript, using the available
quantization techniques. Two different inference batch sizes are considered,
corresponding to a single image and a full surround view of six images, as
present in autonomous vehicle prototypes or the used nuScenes dataset. Ta-
ble shows the results of this experiment. When running the model with the
default Float32 values, the inference with TensorRT is substantially faster than
with TorchScript, which underlines its optimization capabilities for convolu-
tional layers. We note that in collaborative work [15], TorchScript has shown
superior performance for fully connected layers, suggesting that the framework
selection depends on the type of DNN. When using Float16 precision, the in-
ference time significantly reduces across both tools, while TensorRT still allows
for faster inference. With Int8 quantization in TensorRT, the runtime again
significantly reduces, resulting in over four times faster inference relative to
Float32. Some studies have shown that the runtime reduction can have even
greater effects when working with larger batch sizes, offering more room for
optimization [155]. In the experiment, this trend is confirmed when running
inference on images from all six cameras in the nuScenes dataset in a single
batch, observing the reduction factors slightly rising for Int8 quantization with
TensorRT.
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Table 7.2.: Performance and runtime evaluation of RetinaNet using different image
resolutions and quantization techniques on the nuScenes val set.

Resolution Quant. Runtime mAP wmAP
Float32 60ms 0.298  0.391
Low Float16 22ms  0.299 0.391
416x736 Int8, Entropy 16 ms 0.298 0.391
Int8, MinMax 0.288 0.381
] Float32 ~  104ms 0.361  0.455
Mid Float16 38ms 0.356  0.454
576x1024  Int8, Entropy 925 ms 0.355 0.455
Int8, MinMax 0.355  0.454
] Float32 224ms 0.395 0.488
High Float16 74ms 0.395  0.487
832x1472  Int8, Entropy 50 ms 0.393 0.485
Int8, MinMax 0.388  0.483

Runtime-Performance Analysis Of course, not only the runtime reduction
should be evaluated but rather the trade-off between runtime and detection
performance. Therefore, in the next experiment, the trade-off achievable with
quantization versus changing the resolution of the input image is studied.
The results of this experiment are shown in Table Low, mid and high
resolution are compared, which are chosen to have about twice as many pixels
as the preceding resolution. Note that the number of anchor boxes increases
proportional to the number of pixels. All models have been trained with
input data down-scaled to the desired resolution. The mid resolution is the
same that was used in the first experiment and TensorRT is used for this
experiment due to the lower runtime and availability of Int8 quantization. The
runtime reduction factor offered by quantization is similar in all dimensions
with almost three times faster inference with Float16 and about four times
faster inference with Int8. Interestingly, the impact of Floatl6 quantization
on the performance is minimal, both in terms of mAP and wmAP. This also
holds for Int8 quantization, where the performance is slightly reduced for the
MinMax calibrator. This is arguably due to the 8-bit RGB images as input
data, eliminating the need for higher-precision calculations. The impact of the
image resolution is high on both runtime and detection performance, where the
runtime decreases proportional to the number of pixels. Therefore, it is argued
that the mid resolution model with Int8 quantization offers the best trade-off
between runtime and performance. Note that, as discussed in collaborative
work [15], these observations do not necessarily hold for point cloud data,
where higher precision may be needed.

Power Supply Analysis In a final experiment for RetinaNet [39], the impact
of the available power on the runtime of the model is studied using the mid
resolution model and Int8 quantization from the previous experiment, due
to its good runtime-performance trade-off. All experiments so far have been
conducted with the MAXN power mode of the NVIDIA Jetson AGX, which
corresponds to roughly 50 W. However, in a practical deployment setup, the
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power resources are usually limited. As shown in Table reducing the
power mode has a high impact on the resulting runtime of the entire detection
pipeline. Detailed results of pre-processing, inference and post-processing run-
times are therefore listed. Depending on the use-case, a trade-off between
power supply and runtime has to be made.

Table 7.3.: Detailed runtime of each block in the optimal RetinaNet detection
pipeline using different power modes.

Block MAXN  30W 15W 10W
Pre-process 3ms 5ms 6 ms 7ms
Inference 24 ms 35ms 45ms 94 ms
Post-process 4ms 4ms 5ms 6 ms
Total 31ms 44ms 56ms 107ms

Summary In conclusion, the experiments show that the TensorRT framework
achieves lower inference times for RetinaNet [39] than TorchScript. While
quantization should always be considered for deployment, lowering the reso-
lution can help to further reduce the runtime, but at the cost of a decreased
detection performance. It is therefore advisable to prefer a mid to high reso-
lution and Int8 quantization over a low resolution and Float32 precision. The
runtime is also heavily influenced by the available power supply.

7.3. RC-BEVFusion deployment

From the models presented in Chapter 4] we need to select a variant for the
deployment. Since we are aiming for a real-time demonstration, the compu-
tational demands are equally important as the detection performance. There-
fore, we choose the variant based on MatrixVT [75] presented in Section m
as the camera baseline and the proposed BEVFeatureNet radar encoder pre-
sented in Section [.2.2, because it is computationally very efficient with just
a slightly worse detection performance. Next, we need to identify necessary
alterations to the model for the conversion to ONNX, as described in Section
First, the depth estimation network used in MatrixVT [75] contains a de-
formable convolution layer, which is not yet supported by ONNX at the time
of writing. We therefore replace it with a regular convolution layer, which
induces a slight decrease in detection performance. Further, the BEVFea-
tureNet includes a scattering operation that re-maps the dense encoded fea-
tures onto their position in the BEV grid. Similar to how it was described for
PointPillars [84] in collaborative work [15], this operation is not compatible
with ONNX because it requires logical operations depending on the network
input. Therefore, the BEVFeatureNet needs to be split into two ONNX net-
work graphs for inference before and after the scattering operation, and the
scattering has to be re-implemented in the C++ environment.

In Table we compare the runtime of the main inference block of RC-
BEVFusion based on MatrixVT [75] under various configurations and three
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quantization techniques. First, we use the original configuration with 5 cam-
eras for full surround view and a ResNet-50 backbone for the camera branch.
With the hardware of the NVIDIA Jetson Xavier AGX, we cannot reach real-
time performance of less than 100 ms even when using Int8 quantization. For
this configuration, we would need to upgrade to a more recent hardware or
use several computation platforms in parallel. If we reduce to single camera
inference, the runtime decreases significantly, so that real-time performance
can be reached. Note that the runtime doesn’t decrease by a factor of 5 be-
cause the BEV encoder and detection heads of the network remain the same.
To further speed up runtime while trading off detection performance, we can
replace the ResNet-50 backbone with a ResNet-18 and use Int8 quantization,
so that the model can be run in 41 ms.

Table 7.4.: Runtime evaluation of RC-BEVFusion based on MatrixVT [75] with
varying configurations and quantization techniques.

Images Image Backbone Quantization Runtime

Float32 509 ms
5 ResNet-50 Float16 301 ms
Int8 171 ms
77777777777777777 Float32 ~  198ms
1 ResNet-50 Float16 114 ms
Int8 72 ms
77777777777777777 Float32 = 142ms
1 ResNet-18 Float16 79 ms
Int8 41 ms

In Table we list the runtime of the full detection pipeline, which in-
cludes the image and radar data pre-processing, a first small inference block
of the radar BEVFeatureNet encoder, the scattering operation, a second large
inference block and post-processing to decode the bounding boxes. With our
optimized inference block from above, we achieve a total runtime of 61 ms.

Table 7.5.: Detailed runtime of each block in the optimal RC-BEVFusion detection

pipeline.
Block Runtime
Image pre-processing 2ms
Radar pre-processing 6 ms
Inference 1 1ms
Scatter 1ms
Inference 2 41 ms
Post-processing 10 ms
Total 61 ms

7.4. Domain adaptation

In this section, we study domain adaptation to improve the performance of RC-
BEVFusion for the proprietary dataset. For the experiments in this chapter,
we use the camera-only baseline of MatrixVT [75] as well as our radar-camera

99



Chapter 7: Model deployment

fusion model RC-BEVFusion based on MatrixVT and BEVFeatureNet. We
perform a set of experiments for each network and evaluate the results using
the validation split of the proprietary dataset. For each network, we use three
different training configurations: First, we only train the networks using the
train split of the proprietary dataset. Then, we use the network pretrained
with the train split of the nuScenes dataset [44] for inference. Finally, we
apply domain adaptation on the pretrained network, fine-tuning it with the
train split of the proprietary dataset. We follow the metrics from nuScenes
[44] for evaluation.

Table 7.6.: Evaluation of the domain adaptation for the proprietary dataset. The
models were pretrained using the train split of nuScenes and fine-tuned
using the train split of the proprietary dataset. The results are calcu-
lated on the validation split of the proprietary dataset.

Radar Pre- Fine- mAP NDS mATE mASE mAOE mAVE mAAE

fusion train tune T 1 J ! 1 | |
v 0.13 0.1953 0.9581 0.2008 1.4467 2.5552 0.5379
[75] NG 0.1272 0.2158 1.0229 0.2279 0.8823 2.5818 0.3677

,,,,,,,,,,,,, v_ 02791 0.3751  0.7663 0.1353 04717 1.8583  0.2707
02420 ~0.2714 0.7015 0.1869 1.3786 2.5641 0.6118
02124 0.3364 0.7881 0.2112 0.5243 1.2664 0.1743

ve
v 0.4512 0.5143 0.4674 0.126 0.3604 1.2087 0.1592

The aggregated metrics of the camera-only and the radar-camera fusion
model are shown in Table First, we compare the performance of the
different versions for each model, either trained only using the proprietary
dataset, only pretrained with nuScenes [44], or pretrained with nuScenes and
then fine-tuned with the proprietary dataset. The results show that the net-
works perform best across all metrics when applying the domain adaptation
approach with pretraining on the large nuScenes dataset and then fine-tuning
on the smaller proprietary dataset. For both models, camera-only and radar-
camera fusion, we observe a large increase in detection performance. Interest-
ingly, the models trained on each dataset individually perform similarly well.
This indicates that the larger amount of data available in nuScenes is about
equally as important as the more domain specific, but smaller scale data of the
proprietary dataset. When examining the results in more detail, we observe
that the models trained only on the proprietary dataset achieve a higher mAP
and a lower translation error, indicating that it is slightly superior at detect-
ing and accurately localizing objects than the model trained only on nuScenes.
This may be due to the difficulty of depth estimation across different cameras.
However, the model trained only on nuScenes achieves lower errors for scale,
orientation, velocity and attribute as well as for the aggregated NDS. For these
less camera-specific metrics, the larger variety in nuScenes seems to outweigh
the domain-specific knowledge.

Next, we compare the performance of the radar-camera fusion model with
the camera-only model. We can confirm the results achieved in Chapter |4/ and
observe large performance gains for all metrics across the different training
schemes. This indicates that the added radar branch helps in all scenarios.
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The model learns more quickly from a small set of training data, it general-
izes better across datasets, and it achieves a higher final performance after
applying domain adaptation. In the following, we focus on the comparison of
the pretrained and fine-tuned models. Most notably, including the BEVFea-
tureNet increases the mAP by 62 %, the NDS by 37 % and the error metrics
decrease by 39 % for translation, 7% for scale, 24 % for orientation, 35 % for
velocity and 41 % for attribute. These results substantiate the effectiveness of
the proposed radar-camera fusion model.

Table 7.7.: Class-wise evaluation of the domain adaptation for the proprietary
dataset. The models were pretrained using the train split of nuScenes
and fine-tuned using the train split of the proprietary dataset. The
results are calculated on the validation split of the proprietary dataset.

Radar Pre- Fine- Class AP ATE ASE AOE AVE AAE
fusion train tune 1 ! | } } i
car 0.252 0.965 0.137 1.505 1.748 0.392

truck 0.028 1.082 0.271 1.116 4.33 0.635

v pedestrian  0.174 0.971 0.179 1.492 0.538 0.486
two-wheeler 0.066 0.814 0.217 1.674 3.605 0.637
S car 0249 0.991 0.125 0.406 1.528 0.322
73] v truck 0.059 1.12 0.245 096 4.097 0.469
pedestrian  0.148 1.093 0.218 1.458 0.847 0.406
two-wheeler 0.054 0.888 0.324 0.706 3.855 0.274
~ car 0486 0.645 0.09 0.195 1.026 0.228
v v truck 0.183 0.954 0.181 0.127 3.411 0.326
pedestrian  0.295 0.803 0.148 1.172 0.601 0.403
two-wheeler 0.153 0.663 0.123 0.392 2.395 0.125
777777777777777777 car  0.439 0.704 0.124 1.558 1.927 0.432
v v truck 0.066 1.094 0.265 1.464 4.063 0.618
pedestrian  0.309 0.59 0.168 1.395 0.63 0.564
two-wheeler 0.157 0.417 0.19 1.098 3.637 0.834
- car 0399 0.744 0.129 0472 0.623 021
Ours v v truck 0.116 0.952 0.209 0.286 1.45 0.169
pedestrian  0.223 0.759 0.229 0.969 0.545 0.21
two-wheeler 0.112 0.698 0.278 0.37 2.447 0.108
~ car  0.699 0.36 0.085 0.212 0.467 0.199
v v v truck 0.284 0.695 0.163 0.133 1.739 0.175

pedestrian  0.462 0.459 0.129 0.761 0.476 0.201
two-wheeler 0.361 0.356 0.127 0.336 2.152 0.061

We also list the full class-wise results of the experiments in Table We
observe that the domain-adapted radar-camera fusion model performs best
for almost all metrics across all classes. There are only some isolated cases
where other models perform slightly better, like the average orientation error
for Cars and Trucks, which is better for the domain-adapted camera-only
model, and the velocity and attribute error for Trucks, which is better for
the radar-camera fusion model trained only on nuScenes. However, these true
positive metrics are measured at significantly lower average precision values,
rendering the results less comparable and making the domain-adapted radar-
camera fusion model preferable nevertheless.

101



Chapter 7: Model deployment

(c)

Figure 7.5.:

(d) Radar-camera PT+FT

Radar-camera F'T

Qualitative comparison of RC-BEVFusion variants on an exemplary
validation frame of the proprietary dataset. PT = Pretrained with
nuScenes [44), FT = Fine-tuned with proprietary dataset.
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We show a qualitative comparison using an exemplary frame from an urban
scene in fair weather conditions in Figure to showcase the effectiveness
of the proposed RC-BEVFusion and the domain adaptation techniques. In
Figure we see an inference example from the camera-only variant with
domain-adaptation applied. The model is able to detect most objects in the
near field pretty well, but it has limited range. In the remaining subfigures,
we show inference results from different versions of the radar-camera fusion
model. Figure is from a model solely trained on nuScenes , which
needs to generalize to the new domain. While it is able to detect and clas-
sify most objects quite well, it is uncertain in terms of depth and rotation
estimation, which also leads to many duplicate detections. Next, Figure |7.5¢
shows the model trained from scratch using the proprietary dataset. It is
able to detect most objects and has less duplicate detections, but struggles
heavily with accurate rotation estimation. Finally, Figure shows the do-
main adapted radar-camera version of RC-BEVFusion. Apart from slightly
inaccurate rotation estimates for the partially occluded vehicles on the left
side, it has very accurate predictions, even in far distances. In conclusion, this
example clearly shows the superiority of the radar-camera fusion model with
respect to its camera-only baseline and demonstrates the effectiveness of the
applied domain adaptation.

(a) False positive Pedestrian due to reflec- (b) Inaccurate rotation estimates due to
tion from gully cover. imbalance in training data.

Figure 7.6.: Failure cases of the domain adapted RC-BEVFusion model on exem-
plary validation frames of the proprietary dataset.
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7.5. Failure cases

While the domain adapted RC-BEVFusion model works quite well in many
cases, we want to highlight some failure cases in Figure[7.6] A good example for
a potentially critical false positive Pedestrian is given in While it should
be obvious from the camera image that there is no Pedestrian in the middle
of the road, the network decided to trust the radar detection and created a
detection. Upon closer inspection, it can be seen that the radar detection
stems from a gully cover. Since this false positive detection does not occur in
the previous and subsequent frames, it could have probably been filtered by
tracking. However, it does highlight the criticality of trusting the predictions
of a neural network, which can be fatally off. In this case, it could have lead to
a sudden emergency stop putting the driver and the vehicles behind in danger.

A second, more common but less critical failure case is shown in Figure[7.6b|
In this frame, we can observe how the network often tends to predict rotations
in multiples of 90°, even though the actual rotations are clearly different. This
is due to an imbalance of rotation angles in the training dataset. The vast
majority of objects are heading in the same or the opposite direction as the
ego vehicle, or are parked in a 90° angle. This error could be addressed by
more careful design of the training scenes or by augmentation strategies that
mitigate this problem.

7.6. Conclusion

In this chapter, we have presented our proprietary dataset, which was cre-
ated with data recorded from the AI Sensing test vehicle as well as the use
of our proposed automized labeling technique. We have then conducted an
experimental study on the neural network deployment of RetinaNet [39] as
a representative algorithm on the NVIDIA Jetson AGX Xavier. The neces-
sary modifications and helpful tools are reported. The runtime of TensorRT
and TorchScript are studied, indicating that TensorRT should be preferred
for convolutional networks. The runtime can be further reduced by utilizing
quantization, which has a low impact on the detection performance even with
Int8. The available power supply in the embedded environment also has a sig-
nificant impact on the runtime, which additionally has to be considered when
choosing a setup for deployment. Next, we outlined the necessary steps to
deploy our proposed RC-BEVFusion algorithm. To enhance the performance
of the model on our proprietary data, we showed how to use the proprietary
dataset to fine-tune RC-BEVFusion for better domain adaptation. We ran
experiments to confirm the effectiveness of the proposed radar-camera fusion
technique in comparison with its image-only baselines on the proprietary data,
and to prove that the domain adaptation techniques help to improve the gen-
eralization capabilities of the algorithms. Finally, we showed qualitative exam-
ples confirming the quantitative results and highlighted some critical failure
cases that still remain.

104



Chapter

Conclusions

In this thesis, we have explored the field of radar-camera fusion using deep neu-
ral networks for automotive object detection, a critical component in ADAS
and automated driving systems. We have made significant contributions ad-
dressing two primary challenges: the semantic disparity between radar and
camera data, and the integration of these heterogeneous data sources inherent
in different coordinate systems into a coherent and efficient system. We have
made considerable efforts to assure the practical applicability and real-time ca-
pability of our contributions using our Al Sensing test vehicle. The presented
research has resulted in several novel contributions to the field, each aimed
at enhancing the reliability and effectiveness of object detection in varied and
challenging automotive environments.

8.1. Summary

One of the main contributions presented in Chapter [3| of this thesis is the de-
velopment of FPP, a technique designed to intelligently select optimal points
for fusing radar and camera data within a neural network architecture. This
method addresses the critical question of when and where to merge heteroge-
neous sensor data for maximal effectiveness, a question that lies at the heart of
sensor fusion challenges. The FPP technique, through its iterative pruning of
less impactful fusion points, has shown considerable promise in optimizing 2D
object detection performance, particularly in scenarios where camera reliabil-
ity is compromised, such as night scenes. Complementing FPP, we introduced
a novel projection technique for radar data, taking into account the uncer-
tainties inherent in radar measurements. By creating a denser radar input,
this technique enhances the semantic richness of the radar data, allowing for
a more effective fusion with camera data.

In the second major contribution of this thesis, we address the problem
which geometric representation should be used to fuse radar and camera
data for the task of 3D object detection. In Chapter |4, we present the RC-
BEVFusion architecture, a radar-camera fusion method that operates on the
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downstream task-friendly BEV plane [130]. This approach leverages the geo-
metric strengths of radar data while retaining the semantic detail provided by
cameras. We have proposed two radar encoder branches that can be used to
transform the radar point cloud into rich BEV feature grids. The adaptabil-
ity of the RC-BEVFusion method is further demonstrated by its integration
with various camera-based object detection architectures. The empirical re-
sults from this approach underscore the effectiveness of BEV plane fusion in
terms of the key 3D object detection metrics. In particular, we observed a
28 % increase in terms of the NDS metric, which correlates well with the over-
all driving task [45]. Our experiments across datasets underscored that while
camera-based detection thrives on large datasets with high visual variabil-
ity, radar-based detection benefits more from high-resolution radars and can
operate effectively with smaller datasets.

The practical application of these techniques was rigorously tested using an
AT Sensing test vehicle equipped with a comprehensive sensor suite covering
5 radars, 5 cameras and 1 LiDAR sensor for full coverage of the surround
view, which we presented in Chapter We highlighted our extensive ef-
forts to ensure data quality, including sensor calibration and synchronization,
data streaming and pre-processing in a real-time environment as well as data
recording tools.

Furthermore, in Chapter [6, we addressed the challenge of dataset availability
considering required efforts for annotation through the development of an au-
tomated labeling method leveraging LiDAR data. This method, which involves
LiDAR-based object detection followed by tracking and post-processing steps,
provides a means to generate high-quality pseudo-labels, thus enabling more
efficient training and fine-tuning of neural networks on proprietary datasets.

Finally, we researched the challenges of neural network deployment on an
Edge Al in a real-world scenario inside the AI Sensing test vehicle in Chapter|7]
To this end, we generated a proprietary dataset using data recorded from the
AT Sensing test vehicle annotated using our proposed automized labeling tech-
nique. We then conducted a study for neural network deployment on an Edge
AT platform. This practical experimentation provided valuable insights, offer-
ing guidance on optimizing algorithmic parameters for real-time performance
while maintaining detection accuracy. We finally showcased the deployment of
the proposed RC-BEVFusion algorithm inside the Al Sensing test vehicle. Our
experiments underlined the effectiveness of domain adaptation when using the
generated pseudo-labels to fine-tune our algorithm. The results also confirmed
the enhanced performance and generalization capabilities of the radar-camera
fusion model with respect to image-only and radar-only baselines.

In conclusion, this research has made substantial contributions to the field
of automotive object detection through the development of advanced radar-
camera fusion techniques using deep neural networks. The novel approaches
presented, including Fusion Point Pruning, BEV plane fusion, and automized
labeling, address critical challenges in the design and evaluation of radar-
camera fusion systems. The experimental results underscore the potential of
these methods in real-world applications, setting a foundation for future re-
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search and development in the field. We hope that our research contributes to
solving the technical challenges in ADAS and automated driving technologies
to enable safer vehicles and more autonomous mobility in the future.

8.2. Future work

In future work, our contributions could be extended to more types of sensor
data, including raw radar data and data from other sensor modalities like Li-
DAR or ultra-sound. In particular, we expect that the proposed Fusion Point
Pruning technique could generate more valuable insights for the selection of
fusion points in multi-sensor systems and be extended to other types of neural
network architectures like transformers. We further believe that BEV feature
fusion can serve as a flexible framework for multi-sensor fusion with many
different modalities. Once larger datasets with high-performance radars and
more visual variety are introduced, we think that the proposed RC-BEVFusion
can leverage even more synergies between the strengths of cameras and radars.
To improve the performance of the radar encoder branches, graph neural net-
works or cross-attention modules could be used in combination with the en-
coders suggested in this thesis. Further, the algorithm could be improved by
incorporating temporal fusion methods or by adding radar-guided depth esti-
mation to the view transformer. The proposed labeling pipeline may be used
for cheap generation of large datasets with pseudo-labels. It can be further
improved by combining it with out-of-domain detection to identify edge cases
which require human labeling.
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List of Abbreviations

2D

3D

4D
AAE
ADAS
ADC
Al
AOE
AP
ASE
ATE
AVE
BB
BEV
BF
CAN
CBGS
CCD
CFAR
CMOS
CNN
CPU
CSVv
CTRV
CUDA
DBC
DNN
DS

Two-Dimensional

Three-Dimensional

Four-Dimensional

Average Attribute Error

Advanced Driver Assistant System
Analog-Digital-Converter

Artificial Intelligence

Average Orientation Error

Average Precision

Average Scale Error

Average Translation Error

Average Velocity Error

Bounding Box

Bird’s Eye View

Blurring Filter

Controller Area Network
Class-Balanced Grouping and Sampling
Charge-Coupled Device

Constant False Alarm Rate
Complementary Metal-Oxide-Semiconductor
Convolutional Neural Network
Central Processing Unit
Comma-Separated Values

Constant Turn Rate and Velocity
Compute Unified Device Architecture
CAN database file

Deep Neural Network

Doppler Skewing
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List of Abbreviations

FFT Fast Fourier Transform

FMCW  Frequency-Modulated Continous Wave
FN False Negative

FoV Field of View

FP False Positive

FPN Feature Pyramid Network

FPP Fusion Point Pruning

FT Fine-Tuned

GMSL Gigabit Multimedia Serial Link
GNSS Global Navigation Satellite System

GPS Global Positioning System
GPU Graphical Processing Unit
HD High Definition

HR High Resolution Radar

IoU Intersection over Union
LiDAR  Light Detection and Ranging
LR Low Resolution Radar

LRR Long Range Radar

LSS Lift-Splat-Shoot

mAAE  Mean Average Attribute Error
mAOE  Mean Average Orientation Error
mAP Mean Average Precision

mASE Mean Average Scale Error
mATE Mean Average Translation Error
mAVE  Mean Average Velocity Error
MAXN Maximum Power

MEMS  Micro-Electro-Mechanical Systems
MIMO  Multiple Input Multiple Output
MLP Multi-Layer Perceptron

MRR Mid Range Radar

NDS NuScenes Detection Score
NMS Non-Maximum Suppression
NN Neural Network

ONNX  Open Neural Network Exchange
PC Point Cloud

PCD Point Cloud Data

PNG Portable Network Graphic
PT Pretrained

RA Range-Azimuth data
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List of Abbreviations

RAD
RAE
RAED
RC
RCS
RD
ReLU
RGB
Rol
ROS
RPN
RV
SAE
SDK
SGD
SP
SRR
TOPS
TP

ucC
UDP
UwRCS
UYVY
wmAP

Range-Azimuth-Doppler data
Range-Azimuth-Elevation data
Range-Azimuth-Elevation-Doppler data
Radar Camera

Radar Cross Section

Range-Doppler data

Rectified Linear Unit
Red-Green-Blue color format

Region of Interest

Robot Operating System

Region Proposal Network

Range View

Society of Automotive Engineers
Software Development Kit

Stochastic Gradient Descent
Spinning Radar

Short Range Radar

Trillion Operations Per Second

True Positive

Uncertainty Channel

User Datagram Protocol
Uncertainty-weighted Radar Cross Section channel
Chrominance-Luminance color format

Weighted mean Average Precision
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