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Digital Twin-Based Simulated Automotive Radar for Virtual Testing
A Step Towards High-Fidelity Virtual Testing
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Chalmers University of Technology

Abstract

Modern vehicles are increasingly characterized by software-based systems, and per-
ception sensing technology plays an important part in the safety and the driving
experience. The development of a reliable and efficient methodology for perception
technology in a virtual environment holds the potential to accelerate the develop-
ment of autonomous vehicles while ensuring safety and reliability. Between these
perception systems, the development and validation of radar systems for autonomous
driving is a major challenge due to the complex and dynamic nature of real-world
driving scenarios. Within the scope of this thesis, a digital twin-based simulated
environment for automotive radar perception analysis has been implemented. This
work presents a method for the parameterization and validation of the digital twin of
the selected test scenarios defined by Euro NCAP. The results are analyzed to evalu-
ate the simulation-to-reality gap, indicating how closely the simulated data matches
real-world observations. Additionally, the effects of sensor fidelity are examined
to understand how accurately the sensor models replicate real-world performance.
Lastly, a sensitivity analysis is conducted to identify critical elements. The outcome
of the thesis indicates that virtual testing is a promising approach for radar sensor
model analysis based on the idea of digital twin, especially using high-fidelity twins.

Keywords: Digital Twin, Automotive Radar, Autonomous Driving, Vehicle Simula-
tion, Virtual Testing, IPG CarMaker.
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1

Introduction

Modern vehicles are more and more characterized by software-based systems, the
perception sensing technology being the one which is playing an important part in
the safety and the driving experience. This advancement is heavily reliant on data,
which shows the significance of the data in the development and verification of these
systems. Collecting big amounts of driving data can be relatively straightforward,
however obtaining high-quality data poses a significant challenge. In addressing this
challenge, the concept of a digital twin and virtual testing emerges as a solution.

Within the scope of this thesis, digital twin-based simulated automotive radar has
been implemented including all components existing in the physical scenario, pre-
senting a method for the parametrization and validation of the digital twin of
the selected test scenarios that is defined by Euro NCAP and referred as ’Car-to-
Pedestrian Nearside Adult (CPNA)’ and "Car-to-Pedestrian Nearside Child (CPNC)’

12].

1.1 Motivation

The European Union (EU) has established the tight goals to improve road safety
and cut the number of deaths. As per the EU Road Safety Policy Framework 2021-
2030 the aim is to cut the number of road deaths by half by 2030. In particular, as
a first step toward "Vision Zero," which calls for zero fatalities and serious injuries
by 2050, the EU hopes to significantly reduce the number of fatalities and serious
injuries on European roads [3]. One of the key benefits of using digital twin concept
is that allows to identify the possible risks on the roads and lets to build systems
accordingly.

1.2 Aim

Radar measurements are sparser and more stochastic in comparison to data from
other common perception sensors used such as camera and LiDAR, making it chal-
lenging to interpret visually. Consequently, the evaluation of radar data is highly
reliant on the assessor’s expertise, resulting in subjectivity and the risk of inaccu-
racies. Current evaluation methods are often qualitative and not easily scalable [4].

1



1. Introduction

Moreover, the current literature has evaluations on low fidelity sensor data, however,
high fidelity sensor data has not been studied yet. This need is addressed by propos-
ing a methodology for validation of simulated radar data in the context of virtual
testing. The development of a reliable and efficient methodology for radar validation
in a virtual environment holds the potential to accelerate the development of au-
tonomous vehicles while ensuring safety and reliability. Following research questions
will be answered within the scope of selected Euro NCAP test scenario in order to
assist in answering the main question ‘To what extent can simulation and virtual
testing replace real-world testing?’:

o Which properties are significant to represent simulations accurately to the
reality?

o What should be the steps for creating the methodology for the quantification
of the simulation-to-reality gap?

o How does the simulation-to-reality gap varies among the different test runs?

o How does the fidelity of the sensor model affect the execution efficiently rep-
resenting the necessary degree of fidelity?

o Which key performance indicators are critical for the credibility assessment of
simulations?

o Which parameters have a strong influence on the performance of simulations?

e How do these parameters influence the simulation results?

To answer these questions, this thesis integrates multiple domains such as physics,
radar signal processing, simulation dynamics, and autonomous vehicle technology.

1.3 Objectives

The objectives of the thesis focuses on credibility assessment of simulations, pri-
marily through implicit validation of sensor models. By developing a step by step
methodology, it is established comparability in order to assess the experiments and
provide insights about the research questions mentioned above.

This study also covers the impact of sensor model fidelity in the context of stan-
dardized Euro NCAP testing. By exploiting the availability of sensors with different
fidelity levels in simulation, the accuracy of object properties derived from each
sensor is compared. For this purpose, CarMaker built-in sensors will be used by
adjusting its parameters reflecting the physical radar parameters. Two radar sensor
models are implemented on the virtual environment:

« High Fidelity Radar Sensor: The environment is perceived by a reduced prop-
agation [5].

« Raw Signal Interface (RSI) Radar Sensor: Improved radar sensor model which
is based on the physical propagation [5].
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The results are expected to be used as input to downstream AEB functionality in
order to help identify the necessary degree of fidelity needed for testing. Further
contributions of the thesis include the integration and correct parametrization of
the radar sensor models, accurately fusing the information from multiple radars and
the developed algorithm for tracking objects using detection points, the sensitivity
analysis approach to identify critical sensor effects. These contributions aim to
advance the state of the art in sensor model validation for virtual testing.

The Key Performance Indicator (KPI) is defined as the positioning error of the
target, analyzed in terms of the lateral and longitudinal movements of the target.

1.4 Limitations

Validating radar simulations poses unique challenges due to the complex and dy-
namic nature of real-world driving scenarios. Although the simulation data is raw
data, the real radar data has been through some processing. Low-level signal pro-
cessing of radar data is considered a black box system; evaluations will be performed
on processed data. The processing method might differ between the different sources
of data collection.

During the simulations, it has been observed that not having a complete digital
model of the vehicle used for real-world tests is one of the most important limitations,
as the vehicle dynamics determine the behavior of the car even though input data
is given for the vehicle maneuvers.

Another critical factor is the limitations coming from the modeling of the radar itself,
which means the modeling of radar signal propagation, reflection, and interference
within the simulation environment in replicating the real world.

1.5 Project partners

The thesis is being conducted within the problem context of the EVIDENT (En-
abling Virtual Validation and Verification for ADAS and AD Features) research
project [6]. The aim of this project is to measure the level of how closely the test
environment mimics real traffic scenarios in order to enhance or substitute data from
actual recordings.

1.5.1 APTIV

The authors are representatives of project partner company APTIV, a provider
of vehicle components including electrical, electronic, and safety technology. The
contributions within the project includes hardware and software components for
performing real and virtual testing. The company seeks to utilize from simulations
and virtual testing, anticipating benefits in technological advancement and cost
efficiency.
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1.5.2 AstaZero

Another key enabler from EVIDENT is AstaZero, which is a test environment that
is built for testing purposes to see how cars and other vehicles behave for automated
transport systems by offering high fidelity digital twins of the test environment [7].
For our data collection, the APTIV vehicle is tested in this environment. Some
additional resources from AstaZero are available as well, such as the environment
model used for virtual tests.

1.6 Literature Review

The importance of virtual development and testing within the future of automotive
industry is increasing day by day. Several studies have been carried out related
to the scope of the thesis which have proposed different methods and techniques.
This section provides a background by giving an overview of the existing literature
related to the scope of this thesis.

The digital transformation in the automotive industry started in recent years, driven
by the continuous shift towards electromobility and the availability of high-performance
microelectronics [8]. This digitization is again confirmed by the fact that "almost
every real situation will sooner or later be modeled" [9], emphasizing the importance
behind simulation efforts. Moreover, the inconsistency of test scenarios usually leads
to the inability to reproduce results due to the many variables that come into play
at the same time such as other road users and weather conditions. In particular,
the testing of critical driving situations, where the vehicle is still controlled by a
human driver, involves a certain degree of risk for the test driver. This need drives
simulation efforts, which stand to decrease resources needed to gather data that is
essential for further development.

Various simulators have been developed for virtual test driving having their own
pros and cons. Car Learning to Act (CARLA), LG Silicon Valley Lab (LGSVL),
Aerial informatics and Robotics Simulation (AIRSIM) are some examples for open-
source softwares [10]. IPG CarMaker, Simcenter Prescan, NVIDIA DRIVE Sim,
CarSim are some examples for commercial simulators. MATLAB also still plays a
key role by offering Automated Driving Toolbox. Between these, it has been found
that CARLA and IPG CarMaker has the most use in literature.

A major problem for the development and verification of the radar systems for the
autonomous driving is the necessity of the testing in various environmental condi-
tions and scenarios. Of course, real-world testing is expensive, takes a lot of time,
and has a limited capacity to recreate the rare and possibly dangerous situations.
Besides, the ethical and regulatory issues frequently occur when conducting tests
of the autonomous functions (such as autonomous emergency braking) and vehicles
on the public roads. Consequently, there is a growing demand for virtual testing
methodologies that can comprehensively validate radar sensors in a controlled and
repeatable environment. This demand introduces the theme of this thesis; how do we

4
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perform sufficient verification and validation of a virtual test run, the environment
and how do we quantify uncertainties related to this.

According to literature, the digital twin-based simulation of automotive radar has
the potential to reduce the time and cost of testing automotive radar systems, but
there are some limitations to this approach. The main limitation of the simulation
models is their accuracy. Moreover, the scalability of the approach is restricted
by the computational needs of the simulation models, which are growing with the
complexity of the system.

1.7 Standards and Regulations

1.7.1 Euro NCAP

Euro NCAP stands for the European New Car Assessment Programme. Euro NCAP
has been founded in 1997 and since then it is playing a key role in advancing vehicle
safety regulations and promoting the use of safety technology in the industry. Euro
NCAP has been supporting the continuous improvement of vehicle safety standards
around the world by introducing test procedures and assessment criterias to address
safety challenges.

Different questions to be answered within the EVIDENT project have been subjected
to various scenarios predefined by Euro NCAP. The test case for this project is
selected to match a subset of those cases chosen in the EVIDENT project, more
specifically, the case realized by APTIV, which is a Euro NCAP test scenario [2].
The test scenario that is selected for this thesis is referred to as ‘Car-to-Pedestrian
Nearside Adult (CPNA)’ and ‘Car-to-Pedestrian Nearside Child (CPNC)’ as can
be seen in Figure 1.1 [2]. It involves a situation where a vehicle moves forward,
approaching an adult pedestrian who is walking from the nearside, and is struck by
the front part of the vehicle at 50% impact location of the vehicle’s width. Variations
of the test scenario are also available to ensure the reliability of results. The selected
test cases are presented in Table 1.1.

1.7.2 ASAM OpenX

ASAM stands for Association for Standardisation of Automation and Measuring
Systems. This open standard provides standards for simulation model data ex-
change. It defines the file formats for the exchange of data within the automotive
industry, particularly in the context of vehicle testing and validation.

1.7.2.1 ASAM OpenDrive

OpenDRIVE stands for Open Dynamic Road Information for Vehicle Environment.
OpenDrive files define a static environment, represented by LiDAR-based scans of
the testing area in AstaZero proving ground as a digital twin of the environment,
including road geometry, guard rails, poles, lane markings, etc.



1. Introduction

1.7.2.2 ASAM OpenScenario

OpenScenario defines actions of all dynamic objects in the scenario. Description
elements include vehicle’s maneuvers and trajectory, details about the vehicle, driver
model as well as environment parameters. An OpenScenario file is available for the
specific scenario, however could not be imported to IPG CarMaker environment.
Therefore the scenario is created from scratch, Section I1I, Methodology explains

this process.

Table 1.1: Test Cases.

Case Number | Host Speed | Pedestrian Model | Collision Point
1 15 km/h Adult 50%
2 15 km/h Child 50%
3 30 km/h Adult 50%
4 30 km/h Child 50%
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» E=4.00m
I-- -
1. 2.00m "y | _G=100m
O— _._Iﬁ_._}_\
I=1.00m
=1.00m

where:
o AA - Trajectory of Pedestrian Dummy
« BB - Centerline of Vehicle Under Test (VUT)
e CC - Centerline of Obstruction Vehicles
o G - Acceleration Distance of Pedestrian Dummy
o I - Distance of Pedestrian Dummy to Front of Obstruction Vehicle
e J - Distance Between VUT and Obstruction Vehicle
e L - Impact position
e RP - Reference Point

Figure 1.1: CPNA Scenario — Occluded Child from Nearside Obstruction
Vehicles [2].
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Theory

This chapter provides the theoretical background on digital twins, radars, and, in
particular, automotive radars, modeling processes, and object tracking algorithms.

2.1 Digital Twin

As the thesis title indicates, a digital twin of the defined traffic scenario is produced.
This section provides an overview of the concept of Digital Twin.

The idea of the term digital twin was first introduced by NASA and Air Force
researchers in 2012 and stemmed from the realization that traditional design ap-
proaches were insufficient in addressing new demands [11]. A solution for that is
the digital twin, which is a virtual replica of a real-world entity. The digital twins
typically consist of three main components: the physical model, the corresponding
virtual model, and the connection enabling comparison between them [12] [13] [14].
Physical model refers to the object, system or process used in reality to be mod-
eled. The virtual representation refers to its digital version, reflecting its physical
characteristics.

Using digital twins makes it possible to carry out simulations of various situations
and perform an experiment virtually. This leads to improved decision-making and
identifying potential hazards that can occur before the systems are used in real time.
It also facilitates real-time system monitoring, enabling continuous observation of
the system performance as it happens. Besides that, it provides remote operation
capabilities, allowing control of systems from remote locations.

Due to these opportunities, the digital twin concept has applications across vari-
ous industries. For example, digital twins are used in manufacturing to optimize
production processes, predict equipment failures, and improve product quality. Vir-
tual replicas of human organs are developed in healthcare to understand diseases
better and help patients. In aerospace, digital twins enable aircraft design and test-
ing. Within the automotive industry, it allows exploring many driving functions to
enhance driver safety and experience.
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The increase in the usage of digital twins comes with significant benefits, including
improved efficiency, cost savings, and enhanced safety. Moreover, it supports innova-
tion by enabling rapid prototyping, iterative design improvements, and data-driven
decision-making. However, this process is not always perfect, and determining how
similar the twins are to each other remains a challenge [15]. This is commonly re-
ferred to as the ‘fidelity’ of the digital twin and relates to how well the digital twin
mimics the actual behavior of the physical component. Depending on the accuracy
of this behavior of the twins, digital twins can be classified according to different
levels of fidelity. These are low fidelity, medium fidelity, and high fidelity. As with
almost every engineering problem, it comes with a trade-off. Low-fidelity replicas
are usually simpler models and time and cost effective solutions; however, these
models typically lack reality. In contrast, high-fidelity replicas are more realistic
in representing the physical component; however, these are usually more complex
models, requiring more sources to run these models.

Creating digital twins within the thesis scope includes the elements below for the
components used in the selected scenario. Section I1I, Methods, explains each com-
ponent.

e Vehicle

e Driver

e Pedestrian

e Road

o Data Processing
e Sensors

2.2 Automotive Radar

The equipment of the vehicle is shown in Figure 2.9. As illustrated, the vehicle has
two radars mounted on the left and right sides of the front bumper. The thesis is
more concerned with analyzing the output of these radars rather than developing
them. However, it is essential to understand the working principle of the radars in
order to interpret the sensor output.

Radar stands for Radio Detection and Ranging. Radar sensors transmit radio waves
and receive their reflections [16]. Radar systems can measure the range, velocity,
and angle of detected objects by analyzing the time delay between the transmitted
signal and the echo.

The one-way distance between the radar and the target can be calculated as in
Equation 2.1. However, this equation alone does not fully represent the radar equa-
tion. In a broader perspective, the radar equation is given in Equation 2.2, which
is a fundamental equation in radar systems.
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- At
R:CQ (2.1)
PtGO'
b= (4m) R? (22)

In these equations, R is the distance from radar to target, c is the speed of light, At is
the round-trip time, P, is the reflected power from the target, P, is the transmitted
power, GG is the gain of the antenna, o is the radar cross-section of the target.
Figure 2.1 shows a simple illustration of how the range can be measured by using
transmitted and received waves.

<<>>>>R>>>
C QA

Figure 2.1: The transmitted and received electromagnetic waves from the radar.

Automotive radars can be classified depending on the maximum range; these are
the Long-Range RADAR (LRR), Mid-Range RADAR (MRR), and Short-Range
RADAR (SRR). Figure 2.2 shows how they can be classified and their typical range.

!
!
!
!
!
250 m _

LRR

|
|
Figure 2.2: Classification of Automotive Radar, Typical Range and Field of View

Radar sensor models can be developed by applying different methods: physics-based
models, data-driven models, and a combination of the two, known as hybrid models.

Physics-based sensors solve Maxwell’s equations by using methods like the finite-
difference time-domain (FDTD) and finite integration technique (FIT). However,

11



2. Theory

solving these equations is computationally heavy. An alternative approach to that
is using ray-tracing methods [17]. Ray-tracing approximates electromagnetic wave
propagation using geometrical optics with multiple rays to find alternative paths
between the antenna and the target [18]. Even if this method is less accurate than
using FDTD and FIT, it helps to facilitate simulations [18].

Data-driven models use empirical data to learn the connection between input and
output variables, in contrast to physics-based models. Machine learning methods
are often used for radar sensor data-driven model development [19]. Because there
is no need to solve complex physics-based equations, data-driven models are com-
putationally less intensive than physical models. However, these models are less
accurate, which is a drawback.

Hybrid models combine both physics-based and data-driven approaches [20].

The sensor models that are used in the simulation are physics-based sensors. Be-
tween them, the working principle of the RSI Radar Sensor is ray-tracing, which
produces detection points similar to physical radar. A detection is a reflection point
that provides information about the range, angle, and amplitude of the object from
which the detection originated. These objects are formed through a sequence of
algorithms utilizing radar detections through a system known as tracker.

2.3 Object Tracking

Autonomous vehicles perceive their environment based on objects rather than de-
tection points and take action based on that. Object tracking algorithms are used
to achieve this, allowing the shape of objects using detection points. Due to this
fact, the sensor output is compared on object-level data.

Although radar detections are less affected by the weather and atmospheric con-
ditions than detections made by other sensors, such as camera-based detections,
other sources may cause inaccuracies due to noise, like imperfections in the sensors
and electromagnetic interference. This noise results in inaccurate object state esti-
mations, making it challenging to detect objects reliably based only on raw radar
measurements. These are the challenges requiring the use of estimation techniques
to track objects accurately.

The output file format from CarMaker cannot be used as input for the real tracker,
also called the APTIV radar tracker, because it requires a specific file format. The
use of Carmaker output with the APTIV radar tracker was outside the constraints
of the project. Hence, a tracker exhibiting similar behavior has been developed
instead for object-level comparison. This section presents the developed tracker for
this purpose.

The developed tracker consists of two main steps: the Extended Kalman Filter and
Rauch-Tung-Striebel (RT'S) Smoothing.
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2.3.1 Kalman Filter

Kalman Filter is an estimator used to estimate the state of a dynamic system from
a series of noisy measurements. It works in a recursive way by estimating the
present state of a system by making predictions from previous estimated states
and refining the estimates when more measurements are made. Traditional Kalman
Filter performs optimally only under the assumption that both the system dynamics
and measurement processes are linear Gaussian. Usually, in automotive applications,
although the noise is Gaussian, the measurement process is not linear. The Extended
Kalman Filter (EKF) is a modification of the Kalman Filter that can be applied
to systems with nonlinear dynamics and/or measurements. In applications such as
object tracking, since object motion and radar measurements are nonlinear in most
cases, the EKF is applied to estimate the state.

The following text explains the steps of the implemented Extended Kalman Filter.

2.3.1.1 Extended Kalman Filter
Define System Dynamics:
The state information contains the position and velocity information of the pedes-

trian. Considering this, the state vector Z is represented as:

~ T
ka[l’k Vg Yk Uy,

where:

e x,y: Longitudinal and lateral motion of the target
» v,,v,: Longitudinal and lateral velocity of the target
e k: Discrete time step of the measurements

The matrix A is referred to as the state transition matrix and describes how the
system changes over time. At being the time interval between measurements, the
state transition matrix A is given by:

1 At 0 0
0 1 0 0
A=10 0 1 At
0 0 0 1

The matrix H describes the mapping between the measurement and the state vari-
able. Within the problem context of the thesis, we are interested in the estimates
of position information x and y. The measurement matrix H is given by:

1000
H‘l0010]
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A and H matrices define the system and are kept constant. The design parameters
of the Kalman Filter are () and R. These matrices are tuned through trial and error
based on the outcome of the filter.

The process noise covariance matrix @) is given by:

(.2 2 2 2
Q - [O-xq J”zq Tyq O-”yq
where:
e 02, 0% : Variance of the process noise in the longitudinal and lateral axis of

Tq’ ~Yq

the motion of the target.

e 02 | 02 : Variance of the process noise in the longitudinal and lateral axis of

Vgy? ~U

the VQIO(quty of the target.
The measurement noise covariance matrix R is given by:
R = [air UZJ
where:

« 02 : Variance of the measurement noise in the longitudinal axis of the motion

of the target.

. er is the variance of the measurement noise in the in the lateral axis of the

motion of the target.
Initialization:

During the initialization step, the initial values of the state vector x and covariance
matrix P are set, representing the estimate of the system state and its uncertainty,
respectively.

The initial state vector z is defined when k=0 and represented as:

N T
ZL‘QZ[IO U:po Yo Uyo}

The initial covariance matrix P, is defined when k=0 and represented as:

) 2 2 2
Py = {Jxk Ter T vak}

Prediction Step:
In the prediction step, the EKF predicts the next state of the system based on the

current state estimate and the system dynamics.

The linearization occurs when computing the Jacobian matrix of the motion model,
which is used to linearize the nonlinear motion model around the current state
estimate. This step allows the EKF to handle nonlinearities.
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1. State Prediction:
For Linear Kalman Filter: ), = A%y
T+ At - v,
/Uﬂj
y+ At - v,
Uy

Introducing the Linearization Function: AZy — f(Zx) =

For Extended Kalman Filter: 2., = f(&)

where:
o ) is the predicted state estimate.
2. Covariance Prediction:

P, = AP, AT +Q

Update Step:

In the update step, the EKF corrects the predicted state using new measurements
obtained from sensors. For simplicity, there has been no linearization introduced at
this step. This is often done in practice when the nonlinearities between the state
and measurements are not significant.

1. Measurement Update:
Z,:/, = Hi"k

o 2, is the updated measurement.

2. Kalman Gain Calculation:
Ky=PH"(HP,H" + R)™*

where:
e Kj is the Kalman gain.

3. Update State Estimate:
where:
e 7z, is the current measurement set.
4. Update Covariance:
P.= (- Kka)P,;

where:

o [ is the identity matrix.
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The coefficients Q and R are critical in estimation, and their selection plays a major
role in the results obtained.

e Decreasing Kalman Gain decreases the contribution of the measurements. On

the other hand, the contribution of the prediction increases. In other words,
the variation of the estimate decreases because the estimate is less affected by
the measurement [21].

Taking the given equation for evaluating the Kalman gain, the gain decreases
as the value of R increases. R should be increased to reduce the influence of
the measurements and obtain an estimate with less variation [21].

Similar to the previous sentence, taking the given equation for evaluating the
Kalman gain, the gain increases as the value of ) decreases. Q should be
decreased to reduce the influence of the measurements and obtain an estimate
with less variation. On the other hand, the prediction of the error covariance
decreases [21].

2.3.1.2 Rauch-Tung-Striebel (RTS) Smoother

The developed tracker overall consists of two main steps. The first step is the forward
pass to calculate the estimates of the states. The second step uses the results from
the forward pass and operates backwards to smooth the data.

Initialization

The initial state vector & n 18 set as the last element of each estimated state.

N A A A~ A T
l'N:[{L'N VUry YN UyN

where:

e N is the number of measurements. The subscript N corresponds to the last

element from the estimates of the EKF output.

Smoothing

16

1. RTS Gain Calculation: Quantifies the correction needed to smooth the
estimate.
Jk - PkAT(Pk+1>71
where:

e Jis the RTS gain.

2. Update Smoothed State Estimate:

Br = 2+ Jp(Bopr — Thyr)
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3. Update Smoothed Covariance: Account for the refinement in the estimate.

Py = Py + Ji(Pryr — P

The Extended Kalman filter is followed by the Rauch-Tung-Striebel (RTS) algo-
rithm, which smooths the raw estimates. This is done by going backward through
the filtered states in order to improve the estimates using future data.

The RTS smoother leads to better estimations with reduced noise by taking future
data into consideration. This, in turn, results in a smoother trajectory compared to
the output generated directly from raw filtered estimates of the Extended Kalman
filter.

For each case, the developed tracker is adjusted based on the APTIV radar tracker’s
performance, as each case has its challenges. Since the real tracker has more ad-
vanced characteristics, a perfect match is not expected; however, it should provide
a comparable result. Figure 2.3, 2.4, 2.5 and 2.6 provide insight into how well the
developed tracker behaves for each case, respectively, and relative to the vehicle
coordinate system.

APTIV Tracker
EKF-RTS
Measurements

10

APTIV Tracker
EKF-RTS
Measurements

E ‘; E
g L 2
o
2 k" 7 ©
K= \ o
8 5]
a - [a
- 4
n
-
“.‘ Ry AP R A3
L 2
Y
. . N | 0 . | |
30 32 34 30 32 34
Time (s) Time (s)

Figure 2.3: Comparison Between APTIV Tracker and the Developed Tracker
shown with Detection Points for Case 1.
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Figure 2.5: Comparison Between APTIV Tracker and the Developed Tracker
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Figure 2.6: Comparison Between APTIV Tracker and the Developed Tracker
shown with Detection Points for Case 4.

2.3.2 Data Smoothing

The data obtained during the simulations using the High Fidelity radar sensor has
oscillations, as can be observed from the output data. Therefore, a smoothing
process is required. This situation is addressed by the question, ‘How should the
data be filtered to improve the state estimates, and how does the resulting data differ
from the original data?’. The answer to this question is to perform the Savitzky-
Golay Filter on the output data.

This filter is chosen for properties such as preserving signal characteristics while
minimizing distortions, hence allowing the handling of overlapping signals [22]. The
filter operates on a moving window of data points. Least squares polynomial fitting
is applied to the data within each window. This polynomial is evaluated within each

window to get the smoothed output value. This process is repeated for each sample
of the data [23].

The result of this step can be seen in Figure 2.7. The plots on the left represent
the Ground Truth data and the raw output from the HiFi radar before applying the
Savitzky-Golay filter. The plots on the right side represent the Ground Truth data
and the filtered output after applying the Savitzky-Golay filter. As can be observed,
the curves on the right are a much smoother and more accurate representation of
ground truth and reality.
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Figure 2.7: Savitzky-Golay Filtering Process on HiFi Radar Data.

2.4 Data Processing
The collected data consists of:

e Ground Truth Data: It is the output from INS equipment and consists of
state information of the host vehicle and the target. The state information
contains the position, velocity, and acceleration. The data is represented in
world coordinates and the states are relative to a reference point.

o Experimental Data: It is the output from the test run and consists of state
information of the host vehicle and APTIV MRR radars, which belong to early
radar technology. The data is represented in the vehicle coordinate system
(VCS), which is the center point of the front bumper.

o Simulation Data: The simulation run outputs state information of the host
vehicle and radars. Radar sensor data is relative to the sensor frame as defined
in [5].

As each data is represented in a different coordinate system, the first step is to
convert them in a way to collect them all in the same coordinate system. For this
purpose, the data is converted in a way to be represented the same way as Ground
Truth Data, which is relative to a reference point. The reference point is marked
with L in Figure 1.1. The following section explains how each data is processed for
comparability.

2.4.1 Ground Truth Data

It has been observed that the reference point has been shifted by +0.25 ¢m along
the lateral motion of the pedestrian during the experimental data collection. An
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offset corresponding to the same amount has been applied along the same axis of
the VRU to compensate for this.

2.4.2 Experimental Data

The state information traveled at each timestep relative to VCS is recorded for the
experimental data. For this conversion, the total distance traveled at each data
point is added to the state information and referenced to the start position so that
the reference point becomes point zero as in GT coordinate system.

2.4.3 Simulation Data

The conversion has been applied in two steps. The first step deals with the conversion
from the sensor frame to the VCS coordinate system. The sensors mounted on the
vehicle are rotated for better coverage, which requires a rotation matrix.

The rotation operation is defined as:

()~ [ )

where 6 defines the angle of rotation, that is, the mounting angle, x and y repre-
sent the original coordinates of a point, and x’ and y’ represent the transformed
coordinates after rotation.

After this conversion, the sensor position is added as offset to x” and y’, so the
resulting data becomes relative to VCS. As the last step, the same process described
under experimental data conversion is applied.

[lustration of longitudinal and lateral movements of the vehicle is shown in Figure
2.8, which is important to understand the vehicle’s and pedestrian’s behaviour in
the upcoming sections. Longitudinal movement refers to the forward motion of a
vehicle along the length of the road. On the other hand, lateral movement refers to
the side-to-side motion of the vehicle. For pedestrian movement, these definitions
remain the same; however, the axes are exact opposites as the pedestrian is walking
nearside the host vehicle.

2.5 Equipment and Tools

2.5.1 Equipment

The vehicle is equipped with several sensors to collect the data mentioned above.
The equipment of the vehicle includes the following and can be seen in Figure 2.9:

21



2. Theory

—
Longitudinal MovementI Lateral Movement

Figure 2.8: Illustration of Longitudinal and Lateral Movements of a Vehicle

o Vehicle: The vehicle refers to car used during the real data collection. A human
driver controls the vehicle integrated with APTIV’s AEB threat assessment
and control. The vehicle is also called host and referred to as Vehicle Under

Test (VUT).

o Pedestrian: The pedestrian model during the real test is controlled by a robot.
The robot is pulling the pedestrian with a rope. The pedestrian is also referred

to as Vulnerable Road User (VRU).

o GNSS/INS System: The vehicle and the pedestrian are equipped with As-
taZero’s RT-Range (Real Time-Range) system manufactured by OxTS [24],
also known as Motionpack. This data is regarded as ground truth data and

used as input data for CarMaker.

o Radar Sensor: The vehicle is equipped with two front-facing radars that are
located on the front left and front right. APTIV MRR radars are used for real
data collection. Low-level signal processing of radar data is considered a black

box system; evaluations are performed on processed data.

o Camera Sensor: A camera with a Mobileye vision system is also available
during real data collection. Vision equipment is used to collect reference data

only.
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Front Left Radar

Front Right Radar

v

Camera VCS, RT-Range

Figure 2.9: The Equipment of the Vehicle Under Test (VUT).

2.5.2 Tools

o CarMaker: CarMaker is used for performing simulations.

o MATLAB: MATLAB is used for analyzing the collected data and producing
the results.

» Visualization Tool: APTIV internal tool within the company is used to visu-
alize the collected real data.

An overview of the process and tools utilized is illustrated in Figure 2.10.
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Methods

In this section, the steps of the performed work are described. The first section below
describes how the simulation environment is created in the order they are executed
throughout the project. However, it is important to mention that there is repetitive
interaction among the sections to achieve the best research result. The following
section explains how the data has been processed for comparability between real
and simulation data.

3.1 Simulation Environment

The simulation environment needs to be modeled as realistically as possible to ana-
lyze the system’s behavior. The primary components of the simulation environment
are the car, traffic environment, traffic object, road, and the sensors involved in the
project. It is crucial to parameterize each element correctly to represent them in the
simulation environment. This section outlines the steps taken to create the digital
twin of the test scenario in reality.

3.1.1 Vehicle

The simulation flow begins by specifying the host vehicle in the simulated domain.
Selecting the appropriate model for the real vehicle becomes significant as it deter-
mines the overall dynamics of the specific car. Although several car models exist
on CarMaker, the digital twin of the host vehicle used while conducting real tests,
does not exist on CarMaker. Hence, the specified digital model of the car is selected
from the available set of models and is parametrized appropriately to mimic the
behaviour of the real car. The properties that should be set up within the vehicle
include Car model, Maneuvers, and Driving Mode.

3.1.1.1 Maneuvers

To imitate the same scenario, CarMaker has the functionality to use real-world
measurements by using an input file. This is done through the ’Input From File’
window, which allows control of the simulation drive. The 'Input From File’ window
is shown in Figure 3.1. To best represent the real drive, the input data can contain
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information about many vehicle properties, such as the speed profile, steering angle,
and gear number.

CarMaker Office - Input from File - O x
Input from File M
Input File
File h15_adult_50p_20231102_144139_001.bd Q Content _
| Models ) —
Reference Channel Starting Conditions
() Based on: * Time ¢ Distance (and Time) Gear No 1
Channel Factor Velocity [krmvh]
Time [s][Time v 10| | max.Gas [0.1] 1
- Distance [m] HostLongPos 1.0
Piece ) Miscellaneous
StatTime  [s] End Time [s] S
Start Point [m] 0 l_ L-Oonsider road signs
Model Quantity Channel Filter Signal Conditioning Signal Limits
to override in File yes? Param.  Factor  Offset min max

v Speed-Target [mis] |HostSpeed v| - 1.0 0.0 =
I~ Speed-Upper Limit [m/s] v 1.0 0.0
[~ Speed-Lower Limit [mis] vl r 1.0/ 0.0
I~ Steering Wheel Angle frad] | v 1.0 0.0
[~ Steering Torque [Nm] v| - 1.0 0.0
™ GasPedal 0.1] vl 1.0 0.0
[~ Brake Pedal [0.1] v 10 0.0
[~ Clutch Pedal 0.1 | v 1.0 0.0
[~ GearNo [1.n] v T 1.0 0.0
[T Selector Control [9.1] v| I 1.0 0.0
I~ Parking Brake 0.1] v & 1.0 0.0
[~ Brake Pressure [bar] vl - 1.0 0.0
I~ X|IFFusert vl & 1.0 0.0 E

Figure 3.1: IPG CarMaker Input From File: Configuration of Input Data

The input data given encompasses the vehicle’s time and longitudinal speed profile
corresponding to a particular time step. This data is then assigned on the maneuver
tab. It is set as the longitudinal speed profile, and a time limit is chosen for the
stopping criteria, as shown in Figure 3.2.

Besides the longitudinal dynamics of the car, the lateral dynamics are also specified.
It is possible to control the lateral dynamics via the steering wheel angle. However,
this requires an accurate representation of the car dynamics. Due to this, the lateral
movement is configured using the 'Edit Trajectory’ option. This step is shown in
Figure 3.3, where it is assigned a lateral position corresponding to the longitudinal
position. The maximum number of entries is limited, so some selected data points
are used.

3.1.1.2 Dynamics

The car’s dynamics define the vehicle behavior in CarMaker and become a limiting
factor while performing the drive. Once the car model is chosen and the simulation
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Figure 3.2: IPG CarMaker Maneuver: Defining Vehicle Maneuvers.
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Figure 3.3: IPG CarMaker Edit Trajectory: Visualizing Lateral Maneuvers
Aligned with Longitudinal Coordinates.

is run using the input file, it is possible to parameterize and adjust the parameters
accordingly.

3.1.1.3 Driver

One of the driver parameters is the driving mode. Predefined driving modes are
defensive, normal, and aggressive. Creating a custom driver profile by applying
Driver Adoption is also possible. This is an important functionality for adapting
the simulation driver to the real-world driver and learning the vehicle’s limits. The
normal driver mode is selected, and maximum acceleration and deceleration values
are adjusted based on real-world data.

3.1.2 Traffic

Within the scope of this section, the road is defined, and additional traffic elements
are added to the road, such as people, traffic objects, animals, buildings, and barriers.

3.1.2.1 Road

The route has to be defined for performing the test drive, and the first step is setting
the road profile. The digital twin of a highway section is provided by AstaZero,
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which is also a partner in the project. The provided file is a detailed map of a
highly accurate representation of the test track in an OpenDrive format and can be
seen in Figure 3.4. This file is imported to CarMaker directly without any changes.
The virtual road map includes lanes, road markings, curvature, elevation changes,
interchanges, junctions, roundabouts, borders, traffic signs, and light poles.

Figure 3.4: Highway Section Road Profile Provided with OpenDrive File from
AstaZero.

3.1.2.2 Traffic Objects

Some of the details in the scenario include the pedestrian model, stationary vehicles,
barriers, buildings, and the surrounding environment, such as trees. These proper-
ties could not be imported to CarMaker through the OpenDrive file and, therefore,
added to the simulation environment separately.

3.1.2.3 Pedestrian

The pedestrian, also referred to as the Vulnerable Road User (VRU), must mimic
its movement as close to reality as possible. Depending on the test case, a different
model of a pedestrian, an adult, or a child is added to the simulation environment.
These models are predefined by EuroNCAP and selected from the built-in models.
Figure 3.5 shows a visual representation, and Table 3.1 shows the properties of the
pedestrian dummy. Test cases 1 and 3 target an adult, while test cases 2 and 4
target a child. The movement of the pedestrian is dynamic and controlled by an
input file, similar to the 'Input From File’ window. However, unlike car movement,
the pedestrian trajectory is not defined by their dynamics and, therefore, follows
the exact data given as input.
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Property Value
Adult Height 181 cm
Adult Width 50 cm
Child Height 114 cm
Child Width 30 cm

Figure 3.5: Euro NCAP Pedestrian
Dummy Targets (Adult on the left and  Table 3.1: Properties of Euro NCAP
Child on the right) Pedestrian Dummy Targets

3.1.2.4 Stationary Vehicles

Two stationary cars are present in the scenario, occluding the pedestrian. These
vehicles are added to the simulation environment to represent vehicles of similar
size to those in the real world. The position of the two stationary cars is adjusted
according to the scenario details given in 1.1.

3.1.2.5 Barriers

Barriers are present on the real test track on each side of the road and, therefore,
are added to the simulation environment separately. These barriers significantly
impact the generation of detection points and object tracking due to the high level
of reflections they cause.

3.1.2.6 Buildings

There is one building on the real test track, which is the warehouse. A similar
warehouse model is added to the simulation environment that reflects the actual
sizes of the building.

3.1.2.7 Trees

The road where the tests are conducted is lined with trees on both sides. This has
been applied to CarMaker by adding a tree strip.

3.1.3 Sensor Models

This section describes the parametrization to create the digital twin of the sensor
models. A significant amount of this work belongs to sensor modeling. In particular,
radar sensor modeling is already challenging due to many properties that must be
considered during correct parameterization.
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3.1.3.1 High Fidelity (HiFi) Radar

The radar sensor analyzes the signal-to-noise ratio (SNR) to detect obstacles. This
sensor model incorporates object occlusion effects, antenna gain modeling, and prop-
agation losses. Besides providing information about the relative position, velocity,
and acceleration of detected objects, the sensor indicates the probability of detection
levels, probabilities of existence, and the received power.

3.1.3.2 Raw Signal Interface (RSI) Radar

The Radar Raw Signal Interface sensor mimics a physical sensor by simulating the
transmission of electromagnetic waves within a digital environment. This sensor
model considers physical propagation, including multipath propagation, doppler
shift, and the possibility of false positive or negative object detection. The output
data consists of the number of detections at each time stamp of the ray tracing job,
cartesian coordinates of detections, power received, and velocity for each detection
in the point cloud.

The RSI Radar output data is not directly available from CarMaker. The sensor
cluster window is configured, which allows the data to be streamed and the sensor
cycle time and cycle offset to be adjusted. The sensor data is transferred via the
RSDS (Raw Signal Data Stream) client on a TCP/IP connection. As two radars are
running, two separate sensor clusters are configured, and each has the same socket
number but a unique host port number for the TCP/IP data interface. The response
from the connection interface is shown in Figure 3.6.

% ./rsds-client.exe
0 p : localhost
port : 2211
cket : 304
: can't connect 'localhost:22
retrying in 1 second..
SD5: can't connect
retrying in
Connected: IPGMovie 13.0 20
i g Radar structs

77940 bytes (1IMB)

Figure 3.6: Response from RSDS Client.

The parameterization of the sensors has been applied by adapting information avail-
able in [25], [26]. Some of the final properties of the radar sensor are shown in Table
3.2.

3.1.4 Environment

The environment parameters have also been set, representing the atmosphere, tem-
perature, and weather, representing the same conditions as the real test drive. These
parameters from the day of data collection in the test track are shown in Table 3.3.
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Table 3.2: Sensor Properties Based on Technical Characteristics.

Property Value | Unit | Radar Model | Sensor Type
Operating Frequency 76.5 | GHz | HiFi & RSI | FL&FR
FOV (azimuth) 150 deg | HiFi & RSI | FL&FR
FOV (elevation) 10 deg | HiFi & RSI | FL&FR
Maximum Range 150 m HiFi & RSI | FL&FR
Probability of Detection 0.5 - HiFi FL&FR
Probability of False Alarm | 10~* | - HiFi FL&FR

A study on the effects of these parameters is available in Section IV, Results under
sensitivity analysis.

Table 3.3: Environment Properties on the Data Collection Day.

Property Value | Unit
Temperature | 3 deg
Rain Rate 0 mm /h
Fog 0

Wind 15 km/h

3.2 Data Collection

The collected data consists of Ground Truth Data, Experimental Data, and Syn-
thetic Data. The environments in each data have been collected and the information
they contain are presented in Table 3.4.

Table 3.4: Collected Data, Collection Environment, and Information Available.

Data Environment Host | Target | Sensor
Ground Truth Data | Real-World Test Drives | X X
Experimental Data | Real-World Test Drives | X
Synthetic Data Simulation Test Drives | X X

X
X

Each data type is referenced to a different point; therefore, the first step is to convert
the data to the same coordinate system, which is the ground truth coordinate system
referenced to a single point on the map.

For visualization, Figure 3.7 and Figure 3.8 represent the same time instance from

the data collection at AstaZero and CarMaker, respectively, from the camera view.
The data is processed both on the detection level and object level.

3.2.1 Detection Level

Point cloud data is used to process detection-level data.
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Figure 3.7: Camera View of the CPNA Scenario (from Real Data Collection at
AstaZero).

Figure 3.8: Camera View of the CPNA Scenario (from Synthetic Data Collection
on IPG CarMaker).

3.2.1.1 Experimental Data

The recorded experimental data includes the state of the detection point relative to
VCS and an ID indicating a possible object. This data is transformed into the ground
truth coordinate system by taking the cumulative travel distance of the vehicle at
each time step and then subtracting the total traveled distance. The purpose of this
step is to describe the detection points relative to the reference point.

The ID of the target that is obtained with the company’s internal tool is used to

find the detection points associated with the target. As objects are created around
these detection points, this ID is used to filter the detection points and generate the
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object around the detection points. The object-level data processing step explains
it more clearly.

The point cloud of the detection points for the entire log is shown in Figure 3.9.
The data shown in the left figure is unfiltered based on the object ID. Although the
target’s trajectory is identifiable, not all the points are associated with the target.
The right figure displays the filtered detections associated with the target.

Detections Point Cloud 20 Detections Point Cloud
iy - -~ g

15 -

Y (m)
Y (m)
]

X (m)

Figure 3.9: APTIV MRR Radar Sensor Output from Real Data Collection
(Unfiltered Data on the Left, Filtered Data on the Right).

3.2.1.2 Simulation Data

The detection points are produced using RSI Radar. Figure 3.10 shows a screenshot
from the scene. The blue points represent the detection points of the front right
radar, and the purple points represent the detection points of the front left radar.

Figure 3.10: Screenshot from IPG CarMaker Showing Detection Points Created
Using RSI Radar.

Referring to the properties of RSI data, only the raw signals are provided. As a
result of that, the raw detection points are relative to the sensor frame. For the

33



3. Methods

comparability, the first step of conversion is to transform these detection points to
the vehicle coordinate frame. Following that, these points are converted into the
ground truth coordinate system.

It can be seen from Figure 3.11 that the point cloud seems quite messy due to
reflections from the environment and other noise sources. It is important to eliminate
this noise to get a more accurate representation of the environment. To implement
this, some of these points are removed by applying a threshold to the received signal
strength and filtering those points below this threshold. This threshold is set higher
for the adult case and lower for the child case. This is as per the formula of the radar
equation provided in Equation 2.2, which shows how the received signal strength
is proportional to the RCS of the target. The RCS of a child is smaller that of an
adult given that the size of the adult dummy is larger than that of a child dummy;,
which can be observed from Table 3.1.

Detections Point Cloud Detections Point Cloud

ik&ﬁa' J'J

Y (m)
4il'um

B I - . o

it

i ," .;u'mllmIllll_ﬂhl_:uu::l(:l

Figure 3.11: IPG CarMaker Radar Sensor Output from Synthetic Data
Collection (Unfiltered Data on the Left, Filtered Data on the Right).

3.2.2 Object Level

Tracked object properties are used for processing object-level data.

3.2.2.1 Experimental Data

The experimental object-level data is available in two forms. One form is the output
from APTIV’s radar tracker. This data can be visualized by the company’s internal
tool. This tool is used to find the objects associated with the target. Once the 1D
of the target is determined, the radar tracker output is extracted. The visualization
on the internal tool is shown in Figure 3.12; each rectangle corresponds to a possible
object.

The extracted output from the APTIV’s radar tracker is used as a standard of
performance comparison with the developed tracker.

The second form of the object-level experimental data generation process is a two-
step process. The first step is extracting the detection points associated with the
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target. In the second step, these detection points are processed through the devel-
oped tracker explained in Section II, Theory.

Figure 3.12: Object Visualization using the Visualization Tool (Target ID: 725).

3.2.2.2 Simulation Data

The objects are produced using HiFi Radar. Figure 3.13 shows a screenshot from
the scene. The blue rectangles represent the objects seen by the front right radar,
and the purple points represent those seen by the front left radar. Besides the
coordinates of the objects, some more properties of the object are also available,
such as the probability of detection, probability of existence, signal strength, and
signal-to-noise ratio. The object output has been filtered by using only the ones
above a certain probability of detection and probability of existence.

Unlike the RSI Radar, this radar tracks the objects, not the detections. The output
data consists of the cartesian coordinates of the tracked objects, and it is, again,
relative to the sensor frame. The data has gone through a rotation matrix to get
the data relative to the vehicle coordinate system. The resulting data appears to
have significant fluctuations and, therefore, has to go through another processing
step. At this step, Savitzky-Golay filtering is applied.
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Figure 3.13: Screenshot from IPG CarMaker Showing Objects Created Using
HiFi Radar.

The last step of processing the data is applying an interpolation for the comparability
of results. The interpolation criteria is the time the object is detected at the latest.
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Results

This section explores answers to the research questions defined in the previous sec-
tions. The simulation parameters are set to final values for comparability and re-
producibility of the results. Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE) is used as a comparison metric to measure the difference between real
and simulated data. The closer the resulting error value value is to zero, the more
similar the results are.

The Root Mean Square Error (RMSE), in general, is calculated using the following
formula:

SENS

The Mean Absolute Error (MAE), in general, is calculated using the following for-
mula:

1 R
MAE = — 3" lyi — 3 (4.2)
=1

where:

e n is the number of observations,
e y; is the observed value,
e ¢; is the predicted or estimated value.

Specifically, y; is the real data, and ¢; is the synthetic data that is the simulated
data. The difference between these metrics is that the square operation makes the
RMSE more sensitive to outliers. The results for RMSE and MAE are generated in
meters.
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4.1 Simulation-to-Reality Gap

The simulation-to-reality gap refers to the difference between the data from the real-
world test and the data from the simulation results. This section is seeking answers
to the following research questions:

1. Which properties are significant to represent simulations accurately
to the reality?

Among the important properties observed is the selected vehicle model, besides
the accurate input data. It stands out as a critical factor influencing vehicle
movement, which directly affects the recognition of the environment depending
on the vehicle’s position. Besides that, the correct parametrization of the
sensor is equally imperative.

2. Does the proposed method allows comparability to the simulation-
to-reality gap?

The proposed method followed an iterative approach. At first, the deficiencies
are identified by checking the current output and then integrating the missing
element to correct the deficiencies in the current output and produce the digital
twin of the component. The simulation results are shown in Figures 4.9, 4.10,
4.11, and 4.12 in the order of test cases. The simulations have shown a good
correlation to real tests and are comparable within the limitations. It must be
added that the model still has the potential to be improved, and the suggested
improvements are provided in Section V, Conclusion.

3. How does the simulation-to-reality gap varies among the different
test runs?

The sensor parameters remain consistent across all test cases, allowing the
simulation-to-reality gap to be assessed fairly. The simulation results for the
VUT are shown in Figures 4.1, 4.2, 4.3, 4.4, 4.5, 4.6, 4.7, and 4.8, presenting
the longitudinal and lateral movements in the order of test cases. Each test
run is a combination of the driver’s behavior and the vehicle’s reaction. The
overall comparison is summarized in Table 4.1. The table clearly shows that
the minimum RMSE value is for Case 1, hence the minimum simulation-to-
reality gap. Case 2 follows that, Case 3 and Case 4 coming after.

It can be observed from Figure 4.1 and Figure 4.3 that the vehicle is moving
at a slower speed for Case 1 and Case 2. Thus, there is no need for sudden
speed changes, which does not require a fast response from the car in the
simulation environment. This leads to achieving a better simulation-to-reality
gap. Similarly, Figure 4.5 and Figure 4.7 indicate that the vehicle is moving
faster. Hence, vehicle dynamics play a critical role in giving the same response
as the real vehicle. Specifically, it can be observed from Figure 4.7 that case

38



4. Results

4 shows the highest deviation, mainly due to the late acceleration response of
the vehicle, leading to the total distance being considerably smaller than the
actual traveled distance.
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Figure 4.1: Longitudinal Profile of the Vehicle Under Test (VUT) for Case 1
(Velocity and Distance, Vhost(iong) = 15 km/h).
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Figure 4.2: Lateral Profile of the Vehicle Under Test (VUT) for Case 1
(Distance, Vpost(iat) = 0 km/h).

Table 4.1: Comparison Between the VUT Trajectory - MAE(m).

Case Number | Host Speed | Pedestrian Model | MAE (Long) | MAE (Lat)
1 15 km/h Adult 0.18 ~ 0
2 15 km/h Child 0.36 ~ 0
3 30 km/h Adult 0.4 ~ 0
4 30 km/h Child 3.86 ~ 0
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Longitudinal Profile of the Vehicle Under Test (VUT) for Case 2

(Velocity and Distance, Vhost(iong) = 15 km/h).
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Figure 4.4: Lateral Profile of the Vehicle Under Test (VUT) for Case 2
(Distance, vpost(iat) ~ 0 km/h).

4.2 Sensor Fidelity

It is often difficult to know whether a highly detailed radar sensor model is always
necessary for all simulation scenarios; the question of how to choose the appropriate
level of detail for the model is still an ongoing area of research [27].

As previously mentioned, the vehicles perceive their environment in terms of objects.
Therefore, the results are generated for object-level comparison and include:
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Figure 4.5: Longitudinal Profile of the Vehicle Under Test (VUT) for Case 3

(Velocity and Distance, Vhost(iong) = 30 km/h).
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Figure 4.6: Lateral Profile of the Vehicle Under Test (VUT) for Case 3

(Distance, Vpost(iat) = 0 km/h).

o Experimental Data: Detection points from the real world are processed using
the developed tracker.

o Simulation Data: The data is available in two forms for sensor fidelity com-

parison.

The first dataset includes data from the RSI radar, representing

high-fidelity radar sensing. The second dataset includes data from the Hi-Fi
radar that is of lower fidelity despite its name suggesting otherwise.

This section answers the following research questions:
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Figure 4.7: Longitudinal Profile of the Vehicle Under Test (VUT) for Case 4
(Velocity and Distance, Vhost(iong) = 30 km/h).
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Figure 4.8: Lateral Profile of the Vehicle Under Test (VUT) for Case 4
(Distance, Vpost(iat) = 0 km/h).

1. Does the proposed method allow comparability to the sensor fi-
delity?

The proposed approach identifies the necessary steps to replicate the same
scenario and implements to a certain extent. The results demonstrate that
the signal characteristics are preserved, and the VRU is successfully tracked by
following the proposed approach. The outputs of the simulation sensors have
shown a good correlation to real test results and can be considered comparable
to the sensor fidelity within the limitations.
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2. How does the fidelity of the sensor model affect the execution effi-
ciently representing the necessary degree of fidelity?

The graphical results are presented in Figures 4.9, 4.10, 4.11, and 4.12, corre-
sponding to the order of test cases. Each figure displays the longitudinal and
lateral tracking of the pedestrian. Numerical comparison results are provided
in Table 4.2 and Table 4.3.

Looking at all these figures together, there is a gap between the sensor output
during the tests in the real world and the simulation. This gap is related to the
vehicle’s different movements between the real-world tests and the simulation
runs due to the vehicle model not being a perfect representative of the physical
car, as mentioned under the previous subsection, the simulation-to-reality gap.
It is recommended that the results of the sensors be evaluated considering this

gap.

Figure 4.10 and Figure 4.12 show that the detection points for children are
sparser compared to the test cases where the pedestrian is an adult in Figure
4.9 and 4.11, as expected, considering their smaller radar cross-section com-
pared to adults. Particularly when the child is occluded behind stationary
vehicles, fewer detection points were observed. An important detail observed
from the graphical results is that the RSI radar closely matches the correspond-
ing time instance when the object is detected, indicating sensor reliability.

On the contrary, the HiFi sensor failed to identify the target when the Vulner-
able Road User (VRU) was occluded by stationary cars due to high reflection
resulting from them. This is an expected situation which can be referred to
as object merging due to the effects of low resolution. This can be said to be
a huge difference compared to the RSI radar.

One more thing that can be observed is that target detection proves to be
a challenge as the speed of the VUT increases, as evidenced by the delay in
recognizing the target after it has already traveled a certain distance. This
can be seen clearly from Figure 4.9 and 4.10.

Overall, across all test cases, the RSI radar outperformed the HiFi radar. The
reason for that is the fidelity of RSI radar is much higher compared to the HiFi
radar as a result of a more realistic perception of the environment. Notably, the
objects are created using the same processing method (using detection points)
by processing through the same tracker, directly influencing the output.

4.3 Sensitivity Analysis
Sensitivity analysis is a technique used to understand how variables affect the sim-

ulation. In other words, it helps to understand how sensitive the output of the
simulation given the changes in its inputs. During the early stages of the thesis, it
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Figure 4.9: Sensor Output for Case 1 (vpor = 15 km/h & Adult).
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Figure 4.10: Sensor Output for Case 2 (vpost = 15 km/h & Child).

was observed that some parameters are highly critical for the performance of sen-
sor models while others are not. The main objective of the sensitivity analysis is
to find those input parameters that have significant effects on the simulation and
how they affect the system. This section focuses on parameters specific to the RSI
radar and some environmental parameters, following previous work addressing HiF'i
radar parameters [28]. Sensitivity analysis is conducted by changing one parame-
ter at a time while keeping others unchanged. To this end, results are generated
across various parameters for Case 1. The best-case scenario with the minimum
simulation-to-reality gap, Case 1, is selected for comparison.

This section answers the following research questions:

44



4. Results

4 .
N . .. a1
) * Measurements - APTIV MRR
=2l Tracker - APTIV MRR
£ Measurements - CM RSI
1] Tracker - CM RSI
13 CM HiFi
2 0 ~
S e
- T
3 e
o oof e
) \‘\L:\.”:
4l I L L 1 I e XSS
24 25 26 27 28 29 30
Time (s)
1.5~
E 1h
@
= s Jee I P R e
a
k<l
B e L S T PP SR — e e,
o T r .
0y _ - e 1
24 25 26 27 28 29 30
Time (s)

Figure 4.11: Sensor Output for Case 3 (vpor = 30 km/h & Adult).
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Figure 4.12: Sensor Output for Case 4 (vposr = 30 km/h & Child).

1. Which parameters have a strong influence on the performance of
simulations?

Besides the key parameters such as field of view, frequency of operation, and
range, there are adjustable parameters during the parameterization of the
radar, which are the noise bandwidth, number of rays, and number of reflection
points. There are also adjustable environmental parameters that are specified
within the next question.

2. How do these parameters influence the simulation results?

Some critical parameters for the RSI Radar include noise bandwidth, number
of rays, and number of reflection points.
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Table 4.2: Root Mean Square Error Values between Simulated and Real Data for
Pedestrian Longitudinal Movement Tracking - RMSE(m).

Case RMSE (HiFi) | RMSE (RSI) | RMSE (m)
h15 Adult | 0.24 0.21 0.013
h15 Child | 0.23 0.21 0.016
130 Adult | 0.35 0.31 0.014
130 Child | 0.10 0.11 0.026

Table 4.3: Root Mean Square Error Values between Simulated and Real Data for
Pedestrian Lateral Movement Tracking - RMSE(m).

Case RMSE (HiFi) | RMSE (RSI) | RMSE (m)
h15 Adult | 0.50 0.39 0.18
h15 Child | 0.92 0.80 0.48
130 Adult | 0.67 0.5 0.57
130 Child | 3.63 3.6 4.01

As seen in Table 4.4, the noise bandwidth does not influence results.

Table 4.4: Influence of Noise Bandwidth - RMSE(m).

Noise Bandwidth [Hz] | RMSE (Long) | RMSE (Lat) | Total Distance m]
100 0.21 0.39 51.6401
200 0.21 0.39 51.6401
300 0.21 0.39 51.6401

Table 4.5 illustrates the influence of the number of rays used for modeling
the RSI Radar. It is observed that increasing the number of rays results in
decreased simulation accuracy. While it may seem that a higher number of
rays offers a better perception of the environment, this is not always the case.
Increasing the number of rays can also reduce the degrees between rays, thus
shrinking the reception sphere. This effect is particularly pronounced when
the target size is small, and the environment is not complex. Consequently,
using more rays results in fewer or different paths [29].

Table 4.5: Influence of Number of Rays - RMSE(m).

Number of Rays (H x V) | RMSE (Long) | RMSE (Lat) | Simulation Duration (s)
1287 x 100 0.21 0.39 34.9
2586 x 200 0.23 0.47 108
6483 x 500 0.24 0.47 358
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Table 4.6 illustrates the influence of the number of reflections. This parameter
is configured through the Sensor Configuration Window. It has been observed
that there was no impact on results, particularly due to the small target size,
it was found to be accurate with few reflection points.

Table 4.6: Influence of Number of Reflections - RMSE(m).

Number of Reflections | RMSE (Long) | RMSE (Lat)
3 0.21 0.39
20 0.21 0.39
50 0.21 0.39

Rain rate has been found not to affect the simulation results, as can be seen

in Table 4.7.

Table 4.7: Influence of Rain Rate - RMSE(m).

Rain Rate [mm] | RMSE (Long) | RMSE (Lat) | Total Distance [m]
0 0.21 0.39 51.6401
10 0.21 0.39 51.6401
20 0.21 0.39 51.6401

The temperature, the speed of the wind, and the angle of wind have been

found to influence the distance traveled, hence affecting the results as shown
in Table 4.8, Table 4.9, and Table 4.10.

Table 4.8: Influence of Temperature - RMSE(m).

Temperature [°C] | RMSE (Long) | RMSE (Lat) | Total Distance [m]
-30 0.21 0.40 51.6367
3 0.21 0.39 51.6401
30 0.31 0.36 51.6392

Table 4.9: Influence of Speed of Wind - RMSE(m).

Speed of Wind (km/h) | RMSE (Long) | RMSE (Lat) | Total Distance [m]
0 0.21 0.39 51.6401

30 0.24 0.42 51.6510

60 0.64 0.48 51.65
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Table 4.10: Influence of Wind Angle - RMSE(m).

Wind Angle [°] | RMSE (Long) | RMSE (Lat) | Total Distance [m]
13 0.21 0.39 51.6401
60 0.27 0.43 51.6441
-60 0.23 0.38 51.6441
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Conclusion

5.1 Summary

Within the scope of this thesis, a digital twin-based simulated environment for
automotive radar perception analysis has been implemented. A significant focus of
the thesis is on replicating the digital twin of the components existing in the physical
scenario in the virtual environment due to the complexities present in the physical
world. To validate the methodology and tests, different cases were simulated using
data collected from variations in host speed and pedestrian targets within the same
scenario. This approach proved to be helpful in assessing the effect of varying driving
profiles, as well as of target models on the simulations.

The virtual environment is IPG CarMaker. The output data consists of objects
using HiFi Radar and detection points using RSI Radar. As autonomous vehicles
perceive their environments based on objects, the results are evaluated on object-
level data. The detection points are processed through an object tracking algorithm
for that purpose. The results are analyzed by using RMSE and MAE metrics. The
analysis evaluates the simulation-to-reality gap, the effects of sensor fidelity, and a
sensitivity analysis.

The findings suggest that digital twin-based analyses of automotive radars are a
promising approach for virtual testing. It has been shown that the RSI sensor
provides a more detailed analysis but also requires more work to process signals and
more hardware sources. Although the study has certain limitations, its outcomes
agree with the statistics of the real data. Further research will provide more detailed
results while this work is a step towards high-fidelity virtual testing.

5.2 Future Work

There are several sensors available to sense the surroundings such as lidar, cameras,
ultrasonic sensors besides radar. Today’s vehicles do not depend on information
from only one type of sensor but instead fuses data from multiple sensors. Thus,
validation of the radar simulations should be done both isolated from other sensor
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simulations as well as together with other sensor simulations in a larger sensor fusion
context to ensure virtual testing of the overall system.

An interesting area for future research is the development of HiLL testing methods tai-
lored for radar simulations. This involves the integration of physical radar hardware
into simulation environments. Advanced HiL setups will provide a more accurate
representation of real-world scenarios and, ultimately, a more accurate validation
process.

Overall, further research is recommended to improve the accuracy and scalability of
the simulation models. It will enhance the efficiency of this approach for the virtual
testing of automotive radar systems.

5.3 Societal, ethical and ecological aspects

Virtual testing enhances automotive safety by allowing extensive testing of driving
systems overall, potentially reducing accidents and fatalities. It can also lead to the
development of safer and more affordable vehicles, making advanced safety features
more accessible to a broader population.

The proposed concept of digital twins has environmental and climate effects. Run-
ning the physical tests in real-world scenarios brings huge costs to the environment.
First of all, running the tests will require the use of batteries and fuel. The virtual
testing concept prevents these costs since these resources are not needed anymore.
Considering the mentioned costs, C'Os consumption will also expected to be reduced
significantly.

Being a complex problem, simulations tend to be computationally heavy and require
considerable computational resources. This will cause increasing processing needs.
In such cases, the solution can be simplified.

Ethical considerations often arise with virtual testing, depending on how much these
tests can replace or complement traditional testing. Relying too much on virtual
tests can pose risks, which makes it very important to understand and take into
account the limitations of the tests.

These are important points that should be kept in mind for determining the future
usability of digital twins and virtual testing.
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