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Abstract

Over the previous 20 years, there have been notable developments in the field of
advanced driver assistance systems (ADAS). The primary objective of ADAS de-
velopment is to increase road traffic safety and reduce the accident rate. This will
require the observation and analysis of numerous traffic scenarios in real-world en-
vironments, as well as the development of an accident prevention system. In the
actual world, a lot of unknown corner circumstances or potentially dangerous cases
are tough to evaluate. It has been suggested that scenario-based assessment be used
to focus testing difficult and important scenarios in a shorter amount of time and
for less money. In virtual simulation environments, scenario-based assessment is
used to analyze the response of the system being tested according to many crite-
ria.Through the use of quasi-monte carlo and monte carlo techniques for parameter
modifications, the scenario integrates unpredictability found in the real world.

This research work demonstrates how an assessment concept based on scenarios
might alleviate the impractical number of real-world evaluation that a traditional
concept would require. As a result, a technique is developed and turned into a unique
proof of concept framework. It comprises virtual testing, parameter variation to pro-
duce unpredictability, and actor behavior analysis in the scenario. By simulating
scenarios and using sampling techniques like Monte Carlo and quasi-Monte Carlo,
we may examine the unpredictable behavior of traffic participants.

In order to facilitate the development, training, and evaluation of automated ur-
ban driving systems, scenarios are developed in the CARLA simulator. Python
APIs are used in the development of the scenarios. Robot Operating System (ROS)
along with ROS Bridge provide assistance for this implementation in terms of data
collecting from scenarios and additional behavior analysis.

This thesis work adds to the evaluation of several approaches of evaluating real-
world scenarios in a virtual environment. The majority of the research work focuses
on situations where the car’s ADAS is used.

Keywords: Scenario-based Simulation, Monte carlo, Quasi Monte carlo,
Scenario Creation, CARLA Simulator
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1 Introduction

The area of advanced driver assistance systems has seen signi�cant advancements
within the past two decades. The technologies known as Advanced Driver Assistance
Systems are a group of features that improve convenience and safety in contemporary
automobiles. For countless numbers of drivers, the driving experience has changed
over the past ten years due to the in
ux of fascinating new technologies that prior-
itize comfort and safety every year.
Furthermore, there is a chance that advanced driver assistance systems would dra-
matically lower the amount of tra�c accidents. An ADAS is a type of automotive
control system that helps drivers identify and respond to potentially hazardous traf-
�c conditions by using environment sensors (such as radar, laser, and vision) to
enhance driving comfort and safety. Because an ADAS-equipped vehicle can in-
tervene on its own without assistance, it is frequently referred to as a "intelligent
vehicle." The evaluation of car performance and quality, as well as how safe, com-
fortable, and e�cient they are, is a crucial component of this progress.
The main goal of developing ADAS is to achieve road tra�c safety. It is quite dif-
�cult to lower the accident rate and raise tra�c safety. According to the reports
analysed in a �gure 1.1, there have been 226 more tra�c fatalities in Germany
(+8.82 %) than there was the year before[1]. Around 2,788 tra�c fatalities were
reported as a result of road tra�c injuries overall in 2022 [1]. The number of fatal
tra�c injuries decreased prior to this increase. The number of individuals killed in a
tra�c accident comprising a number of motor vehicles is referred to as "road fatal-
ities." On publicly accessible roads, these deaths may involve motorists, travellers,
other road users, including pedestrians.
To avoid this, many tra�c scenarios must be observed, analyzed under real-world

settings, and a system to prevent accidents built. Generic testing (i.e., evaluating
the Automated Driving System on the road) is a popular method since it accurately
re
ects the functionality of the ADS being tested in a real-world scenario. However,
statistically, it takes over eleven billion miles to achieve 95 % con�dence that an ADS
will be just 20 % more secure than an ordinary human driver [2]. Furthermore, it is
di�cult to evaluate many unknown corner situations or potentially harmful cases.
As a replacement, scenario-based assessment has been o�ered, in which testers mimic
such unusual events to evaluate the ego automobile. It can occur on an enclosed
track or a public road, in a virtual environment (known as software-in-loop), or in
a combination of both physical and virtual systems (known as hardware-in loop).
The most popular option is the software in-loop system because to its adaptability
and versatility.
This thesis work contributes to the assessment of several strategies for testing situ-
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1 Introduction

Figure 1.1: Germany's road tra�c mortality rate from 2009 to 2022
[1]

ations from the real world in a virtual simulation. The study work focuses mostly
on scenarios that deploy the vehicle's ADAS.

1.1 Motivation

The signi�cant progress in the car industry, particularly in ADAS, is predicted to
alleviate tra�c congestion and boost fuel e�ciency through e�cient and coopera-
tive transportation regulation. The most signi�cant and necessary component of
this advancement is tra�c safety. The promise of fewer accidents and better safety
is unquestionably ADAS's most visible advantage and most important problem. To
achieve intended tra�c safety, it is critical to assess the quality as well as perfor-
mance of vehicle behavior in terms of safety, comfort, and performance. To increase
tra�c safety while decreasing the incidence of accidents, it is necessary to test and
analyze the entire driving process and potential scenarios. This can be accomplished
through rigorous vehicle testing, either in computerized simulation settings or over
real-world test tracks.
In real-world testing, the ego automobile travels on public highways where tra�c is
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1 Introduction

uncontrollable and unpredictable. While real-world testing is vital, it is ine�ective
in covering rare situations with di�cult scenarios. This testing is also expensive be-
cause the actual vehicle undergoes testing on public roads, and it is time demanding
because adding real-world tra�c scenarios takes longer. As a result, scenario-based
assessment has been recommended as a way to emphasize testing tough and crucial
situations in less time and at a lower cost. Scenario-based assessment for virtual
simulation environments is utilized to examine the reaction of the system under test
based on numerous criteria [2]. A scenario depicts the system-under-test's current
position and how it evolves over time.
Scenarios are typically created by the research of real-world accidents data. How-
ever, the collision data analysis cannot determine all of the factors associated with
the scenario that need to be identi�ed for the simulations. The accident database
does not include certain data items, such as actual driving trajectories or vehicle
conduct. As a result, there is a need for a methodology that captures the variabil-
ity and unpredictability of real-world situations and variables. Because of the wide
range of possible possibilities, considering solely recorded scenarios for the evaluation
is insu�cient. Thus, approaches for developing additional scenarios are required.
The scenario incorporates real-world randomness through the use of a Monte Carlo
technique for parameter variations. The Monte Carlo technique is used to handle a
multidimensional space of input containing variable parameters from a certain prob-
ability distribution. This thesis research e�ort provides a couple of approaches for
scenario variations such as standard Monte Carlo and Quasi-Monte Carlo. Simulat-
ing situations allows us to study the unpredictable behavior of tra�c participants by
employing sampling approaches such as Monte Carlo along with Quasi Monte Carlo.

1.2 Aim and Objectives

The primary objective of this thesis is to o�er a response to the previously stated
key question. The proposed methodology aims to address constraints of the present
ADAS evaluation approach and apply it to ADS. The purpose is not to give com-
plete safety assurance of an ADAS function due to the lack of a production-ready
system and adequate data, but rather to provide the essential tooling to accomplish
the work.

To accomplish this goal, the following four objectives are formalized:
1. Elaborate methodology for the scenario-based assessment of ADAS system
2. Develop scenarios to test methods like Monte Carlo and Quasi Monte Carlo
3. Comparisons and analysis of results generated from both the methods
4. To summarize computational tools, validation procedures, and the �delity levels
in simulation tool-chains
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1 Introduction

Elaborate methodologies for the scenario-based assessment of ADAS system:

This task is to narrow the gap among virtual and real-world scenarios. As a result,
a Monte Carlo technique is required to account for 
uctuations and randomness in
real-world situations. Monte Carlo and quasi-Monte Carlo methods will be devel-
oped to create random parameter values that will in
uence the scenarios.

Develop scenarios to test methods like Monte Carlo, Quasi Monte Carlo:

Simulating scenarios in a virtual environment is crucial for evaluating de�ned proce-
dures. In addition to a scenario that mimics real-world situations, a comprehensive
framework is necessary for ongoing simulation of a particular scenario depending on
the developed parameter values.

Comparison and analysis of results generated from both the methods:

The intent of this study is to determine the best approach among those that have
been implemented. The outcomes of the scenario simulations must be compared and
analyzed to determine the best strategy for generating random parameter values.

To summarize computational tools, validation procedures, and the �delity
levels in simulation tool-chains:

This goal is to investigate the tool-chains required for constructing 3D virtual en-
vironments, sensor simulation, tra�c situation generation with di�erent maps and
ready-to-use components, and interoperability with external agents. This e�ort is
required to develop a framework for continuous simulation of situations.

12



2 State of the Art

2.1 Related work

1. A Survey on Scenario-Based Testing for Automated Driving Systems in High-
Fidelity Simulation [3]
The ADS has developed signi�cantly over the past few years. Extensive testing is
being carried out on these systems to assure their safety and dependability before
they are mass deployed. Evaluating the vehicle technology on roadways is the most
realistic and ideal way, but it is quite costly. Furthermore, such real-world testing
is insu�cient to address unusual corner circumstances. Scenario-based testing is a
popular method for evaluating an ADS's performance in tough, well-designed sce-
narios. High-�delity simulators have become frequently employed in this context to
increase 
exibility and convenience while evaluating what-if scenarios. While vari-
ous frameworks and methodologies for system testing have been presented, there is
still a lack of comparisons and links between them. To close this gap, this paper
presents a generic de�nition of scenario-based evaluation in high-�delity simulation
and conducts a literature survey on previous studies.
This paper discusses the overall methodology of scenario-based ADS assessment us-
ing high-�delity simulators. It has three main parts: scenario generation, scenario
execution, along with evaluation. The �gure 2.1 depicts the general work
ow of
scenario based testing. Several simulators and systems being tested in the evaluated
study are contrasted and analysed. This paper also discusses techniques for unique
scenario search and performance estimation. Aside from the previously mentioned
directions, another �nding is that the vast majority of the works assessed regard the
system under examination as a black box. This enables the suggested technique to
be system-independent. However, this limits the utilization of internal system in-
formation during simulation, which could increase algorithm performance and root
cause analysis. One alternative approach is to use white-box or grey-box methods
of testing on the same challenges [3].

2. A novel, modular validation framework for collision avoidance of automated
vehicles at road junctions [4]
This paper describes an innovative veri�cation technique for automated driving sys-
tems at road intersections. The strategy includes the clustering of key tra�c scenar-
ios at intersections, in addition to a simulation and assessment framework to validate
such scenarios. The safety metrics selected and executed in the structure can be seen
as the latest standard for doing virtual assessments at junctions. The framework's
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2 State of the Art

Figure 2.1: General work
ow diagram of scenario-based testing
[3]

applicability is proven with a demonstration based on a speci�c car-to-car accident
scenario. Parameter variations are handled using Monte Carlo's Latin Hypercube
Sampling technique. An XML-structured con�g �le speci�es the input data for the
simulations, that is, the variable parameters and their combinations. An automation
script has been developed in MATLAB that con�gures the simulation environment,
analyzes the input XML �le, and transmits the parameters that were entered to the
Simulink illustration, where the values are allocated to CarMaker model blocks to
start the simulations. The CarMaker GUI is then launched to run the simulations
and produce the required output parameters for each run. These output �les are
saved in the simulation database and post-processed to generate the safety indica-
tions. Finally, the ensuing indicators, including whether it occurred as a collision, a
con
ict, or an una�ected event, are saved in the outcome database. Because of the
idea of variation in parameters and scenario development, Automated Automobiles
can be exposed to a wide range of critical scenarios, allowing their safety perfor-
mance to be optimized for improved detection probability and collision avoidance.
It was demonstrated that adding Crossing and maneuvering assistance to the vehi-
cle's Forward collision avoidance system reduced the overall number of crashes and
con
icts by one-tenth. Considering the condition of automated transportation, this
work is extremely signi�cant for virtual testing processes and represents an essential
step toward the acceptance and certi�cation of autonomous cars [4].

3. Comparison of Markov Chain Abstraction and Monte Carlo Simulation for the
Safety Assessment of Autonomous Cars [5]
The deterministic estimation of road tra�c situations is discussed. One outcome
is the probabilistic occupancy of tra�c subjects, while the other is the accident
risk for autonomous vehicles performing a planned move. The probabilistic occu-
pancy of nearby tra�c participants aids in the planning of an autonomous vehicle's
maneuver, whereas the estimated collision risk aids in deciding whether or not to
execute a planned maneuver. Two probabilistic prediction methods are described
and compared which are Markov chain abstraction and Monte Carlo simulations.
The way these techniques are performed is evaluated in terms of predicting the prob-
ability occupancy and collision risk. For each comparison test, we employ the same
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models to generate the probabilistic behaviour of transit participants, which are not
compared to real-world data. However, the results demonstrate that, regardless of
the behaviour generation, Markov chains are preferable for probabilistic occupancy,
whereas Monte Carlo simulation is de�nitely preferred for estimating collision risk.
The Markov chain and Monte Carlo approaches di�er in terms of error sources. The
fundamental mistake in the Markov chain approach is caused by the discretization
of the state and input space. Because the transition probabilities are computed
ahead of time, the error can be minimized. As a result, the Markov chain technique
contains only systematic mistakes from discretization and no probabilistic errors
because no random sampling is used. Thus, the corresponding probabilities are de-
termined deterministically, allowing the results to be replicated. The Monte Carlo
technique has no systemic mistakes since each simulation is solved correctly using
the initially generated dynamical system equations. Yet, the Monte Carlo model
experiences probabilistic mistakes caused by the random selection applied to the
initial conditions and input sequences. Because of the probabilistic mistakes, the
subsequent distributions and crash probability vary from execution to execution un-
der the same initial conditions. This suggests that the acquired results may be far
from the exact solution.
If a mathematical solution exists, the Markov chain approach produces somewhat
more accurate and faster probability distributions than the Monte Carlo simulation.
When no mathematical solution exists, the Markov chain method is at least ten
times faster. Because the Markov chain approach involves numerous matrix multi-
plications, it can be considerably expedited by using specially designed equipment
that involves DSPs (digital signal processors). Yet, when computing crash probabil-
ity, the Monte Carlo technique obviously outperforms the discretization of the state
space [5].

2.2 History Of ADAS

Although completely autonomous vehicles are still a way o�, automation is already
having an impact on safety. Automotive safety features that were once thought
of as expensive extras, like blind-spot monitoring and adaptive cruise control, are
now standard on more models and are more widely available thanks to advances
in Advanced Driver Assistance System (ADAS) technology. The main objective of
ADAS is to minimize the number of car accidents and fatalities through technology.
When implemented correctly, these systems leverage a human-machine interface to
enhance the driver's reaction time to road hazards and boost driving safety. With
automated systems and early warning, ADAS enhances security and reaction times
to potential dangers.
While some of these functions come installed as standard equipment on speci�c
cars, others can be incorporated as aftermarket accessories or even as whole systems
to customize the car to the driver's speci�cations. Critical data regarding tra�c,
impending road closures and obstructions, congestion levels, recommended ways to
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2 State of the Art

avoid congestion, etc., can be obtained through these systems. Such systems can
additionally be used to evaluate driving performance and provide recommendations,
as well as to identify driver fatigue while driving and distraction and to provide cau-
tionary signals. Furthermore, after detecting a threat, ADAS can take over control
from humans and carry out basic operations like cruise control or more intricate
ones like overtaking and parking.
The ability to communicate between di�erent cars (V2V), vehicle-to-infrastructure
systems (V2I or V2X), and mobility control centres is the primary bene�t of uti-
lizing assistance systems, nevertheless. This facilitates data sharing that enhances
planning, decision-making, localization, and vehicle vision.
Automatic braking systems (ABS) are among the �rst driver assistance technologies,
having been developed for aircraft in the 1920s[6]. It was intended that an aircraft
would not slide uncontrollably after landing on a runway, and ABS braking systems
contribute to less accidents involving heavy and subsequently jet aircraft landings.
The widespread usage of ABS in cars didn't begin until the 1970s [6], when Robert
Bosch and Mercedes-Benz collaborated on patents. For the 1971 Chrysler Imperial,
Bendix Corporation and Chrysler developed the "Sure Brake" ABS system. General
Motors sold "Trackmaster," a rear-wheel-only system, for Cadillac and the Oldsmo-
bile Toronado, while Ford o�ered "Sure-Track" on Lincoln Continentals. Nissan
President sedans were equipped with an experimental electronic ABS system cre-
ated by Denso in the 1970s. In the 1980s, BMW even included ABS technology into
the K100 motorcycle [6].

Figure 2.2: ADAS systems grouped according to the source of the data
[7]

The way ADAS operate is by alerting the driver to potential hazards or even
taking action to stop an accident. Automobiles using ADAS technology are able
to sense their environment, interpret collected data in a computer system fast and
precisely, and provide the driver the right output.
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2 State of the Art

The majority of late-model cars come equipped with ADAS by default, and it is
updated as automakers release new models and features. These systems use several
data inputs in order to allow safety measures for cars as well as other vehicles. The
�gure 2.2 shows various ADAS systems based on the data sources. The main data
sources are the following:

Automobile imaging :

Automobile imaging is a collection of superior sensor systems that both meet and
surpass the capabilities of the human eye when it comes to of 360-degree coverage,
three-dimensional object resolution, excellent visibility in inclement weather and low
light, and real-time data.

LiDAR:

In order to process outputs into three dimensions and di�erentiate between moving
and static objects for further layers of blind spots or poorly lit environments, LiDAR
adds extra cameras and sensors for computer vision.

SONAR:

Vehicles equipped with Sound Navigation and Ranging (SONAR) sensors can iden-
tify objects in close proximity to them. In automobiles, trucks, and buses, SONAR
or ultrasonic sensors are utilized for self-parking and backup detection.

RADAR:

The RADAR sensor which stands for Radio Detection and Ranging is employed
in automobiles with ADAS to identify huge objects or other vehicles ahead of the
car. Furthermore, RADAR is employed to overcome inclement weather and other
obstructions to vision.

ADAS systems are built with a collection of sensors, interfaces, and a potent CPU
that combines all of the data to make choices in real time. These sensors keep an eye
on the environment around the car, providing information to the ADAS computers
on board so they can prioritize and take appropriate action.

2.2.1 Appications of ADAS

Past major developments in car safety, such airbags, three-point seatbelts, and
shatter-resistant glass, were passive safety measures meant to lessen injury dur-
ing an accident. With the integration of embedded vision, ADAS systems actively
enhance safety by lowering the chance of collisions and occupant injuries.
The addition of cameras to the car forces the creation of a new AI feature that
uses sensor fusion to identify and interpret items. In sensor fusion, vast amounts of
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data are combined utilizing lidar, radar, ultrasonic sensors, and image recognition
software, much like the way the human brain does information processing. Physical
reaction times are faster with this technology than with a human driver. It has the
ability to analyze live streaming video, comprehend what it perceives, and choose
how to react.

Figure 2.3: ADAS Systems implemented in a vehicle
[7]

Figure 2.3 depicts several applications of ADAS implemented in a vehicle. Among
the most popular uses for ADAS are:

Adaptive Cruise Control (ACC):

On the highway, where drivers frequently �nd it di�cult to maintain long-term
awareness regarding their speed along with other vehicles, adaptive cruise control is
extremely helpful. Advanced cruise control has the ability to automatically accel-
erate, reduce speed, and occasionally stop the vehicle based on other objects in the
local area of the action.

Automated Parking:

Drivers can determine when to turn on the brakes and stop completely by using
automatic parking, which warns them of blind spots. More vision of the environment
is available with rear view cameras than from standard side mirrors. Certain systems
are capable of �nishing parking without the driver's help by combining the data from
multiple sensors.
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Blind Spot Monitoring:

Through the use of sensors, blind spot detection techniques give drivers access to
vital information that would otherwise be challenging or impossible to �nd. When
a driver tries to enter an occupied lane or detects something in their blind spot,
certain systems will sound an alarm.

Automatic Emergency Braking:

To identify whether the driver is about to collide with another car or any other
objects on the road, automatic emergency braking uses sensors. This software can
identify nearby cars and alert drivers to possible dangers. Certain emergency braking
systems have the ability to apply adaptive steering, slow down, and tighten seat belts
in order to prevent accidents.

Navigation System:

Car navigation systems help drivers follow a route while maintaining focus on the
road by using aural cues and on-screen directions. Certain navigation systems have
the ability to show exact tra�c data and, if required, recommend a di�erent path to
get around tra�c jams. Even heads-up displays may be a feature of modern systems
designed to distract drivers.

As technology and car engineering progress, so do ADAS features. Nowadays,
drivers who want a safer car are really intrigued by these measures of safety. The
current state of ADAS technology is at level two (Partial Driving Automation), in
which a human can always take over control of the vehicle while sitting in the driver's
seat and controlling steering and accelerating and decelerating. This means that a
vehicle is not completely self-driving.
The technological framework of these vehicles will need to be improved in order to
move toward completely autonomous cars that can perceive their environment and
function without any need for human involvement. Future ADAS systems will be
more accurate, power-e�cient, and perform better because they will integrate deep
learning and embedded computer vision into automotive SOCs.

2.2.2 ADAS SAE Level Description

Automakers, software �rms, and the aftermarket are all developing autonomous cars
and the components that support them. In order to prevent confusion, a uniform
terminology for describing the technology is required. The Society of Automotive
Engineers (SAE) International published descriptions of autonomous driving func-
tionality for �ve tiers of ADAS technology, which were adopted by the organization
called National Highway Tra�c Safety Administration (NHTSA) in 2016 [6]. The
foundation is "Who Does What, When."
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Established and widely recognized benchmarks are established by the Society of Au-
tomotive Engineers (SAE). Six levels [8] represent the range spanning not having any
automation altogether to full automation, as shown in Figure 2.4. Through these
stages, the task of driving is divided between the responsibilities of a human driver
and the machine. Furthermore, the levels correspond to the contexts in which the
function can function, also referred to as the Operational Design Domain (ODD).
The list of these levels is as follows [8]:

SAE Level 0

Absence of Automation This is how cars with no automation at all are described.
Every facet of driving is the responsibility of the human driver.

SAE Level 1:

Driver Assistance: Automation reaches level 1 as soon as contemporary driving
aid systems, such as ACC or Lane Keeping Assistance System (LKAS), are able
to assume longitudinal or lateral control, respectively. The fact that each of these
systems can operate simultaneously is a major drawback. As a backup, the person
who drives is still responsible for keeping a watch on the surroundings and the
system. Moreover, ODD for these systems is constrained.

SAE Level 2:

Partial Automation: Level 2 vehicles are those that may concurrently assume lon-
gitudinal and lateral control. The actual driver is still obligated to keeping a watch
on the driving duty and stepping in when necessary. For example, the ODD is still
restricted to highways.There are automobiles with these limited-time features now
available on the market.

SAE Level 3:

Conditional Automation: Level 3 vehicles are in charge of lateral and longitudinal
control and the human driver is no longer in charge of monitoring the environ-
ment and system. He must nevertheless remain available upon request as a backup,
though, and the ODD continues to be constrained.

SAE Level 4:

High Automation: By eliminating the requirement for an additional human operator
as a backup, Level 4 increases the capabilities of the preceding layer. The ODD
limitation is still in e�ect.
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SAE Level 5:

Full Automation: In level 5, the ODD �nally becomes in�nite. When a car is fully
automated, it can go anywhere and doesn't require any passengers at all.

Figure 2.4: SAE Levels Description
[8]
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3 Overview of Scenarios and
Scenario Based Testing

3.1 De�nition of the Terms Scene, Scenario

This work already uses the term "scenario" without providing a clear description.
Although designating this as a tra�c occurring time would appear reasonable, its
speci�cs need to be made clearer. Ulbrich [9] provides widely recognized de�nitions
of the terms scene and scenario in the reference of automobiles, which are further
explained below.

Scene

"A scene describes a snapshot of the environment including the scenery and dy-
namic elements, as well as all actors' and observers' self-representations, and the
relationships among those entities [9]."

Scenes include details about the surrounding conditions, dynamic TOs, and EGO
at a speci�c moment in time. Ulbrich [9] goes on to say that this may be subjective
when observed from single vehicle's point of view or objective when viewed from a
global perspective. This usually relates to both the quantity maintained in a scene
and the accuracy of the information. A speci�c vehicle obtains its global point
of view via error-prone detectors with a narrow �eld of vision, but a global point
of view is all-encompassing and precise and can typically only be gained through
simulation.

Scenario

"A scenario describes the temporal development between several scenes in a sequence
of scenes. Every scenario starts with an initial scene. Actions and events as well
as goals and values may be speci�ed to characterize this temporal development in a
scenario. Other than a scene, a scenario spans a certain amount of time [9]."

A scenario is made up of multiple scenes combined together. This gives the sit-
uation a temporal component. Ulbrich claims that this progression of scenes uses
events and actions to represent things in di�erent ways. Subjective and objective
de�nitions of a scenario can be obtained from the scene.
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The de�nition of scenarios is expanded on the basis of level of detail by Menzel
et al. [10] to include three abstraction levels, which are functional, logical, and
concrete scenarios. A spoken qualitative description is called a functional scenario.
The ego automobile, for instance, travels quickly down a straight road. A list of
parameter ranges, sometimes with distributions, constitutes a logical scenario. The
ego automobile, for instance, travels at a speed of 20 to 30 m/s. A precise set of
parameter values represents a concrete scenario. For example, the ego vehicle travels
at a speed of at 25 m/s. This methodically raises the number of feasible scenarios
from functional to concrete scenarios while decreasing the level of abstraction.

Figure 3.1: Crossing with oncoming bicycles
[11]

The �gure 3.1 demonstrates a hypothetical situation in which an ego car crosses
in front of approaching bicycles. At an intersection, the ego-vehicle has to turn and
yield to bicyclists who are approaching from the left or right.

Contents of Scenario

Parameters are needed for scenarios that make sense and are concrete. As seen in
�gure 3.2, Bagschik et al. [12] o�er a scenario layer model which is constructed on
level of information that organizes the parameters of a scenario into �ve layers based
on the elements they are connected to [3]. All �ve layers of scenario layer model are
explained below:

Layer 1: This layer explains the surface characteristics (like friction coe�cient),
topology (like curvature), and markers on the route.
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Layer 2: Tra�c infrastructures, such as tra�c signs and tra�c lights, are de�ned
under layer 2.
Layer 3: This layer deals with the short-term modi�cation of layer 1 or layer 2. For
instance, tra�c 
ow is impacted by a construction site.
Layer 4: This layer explains every object in a scenario, including how it moves and
interacts with other things. A pedestrian crossing the street at a speci�c speed is
one of the example.
Layer 5: This layer describes the lighting and meteorological conditions in the en-
vironment.

Figure 3.2: Scenario Layer Model
[3]

On a single road layout, there are typically more dynamic scenario portion con-
�guration options available. As a result, it makes sense to describe the road, the
route, and the scenario's dynamic elements separately. As a result, super
uous data
is not stored and the road pieces are made reusable. Layers four through �ve relate
to the real event, while layers one through three relate to the road. The latter two
levels have been referred to as scenario for simplicity's sake.
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3.2 Scenario-Based Testing

Assuring features of interest, such as security and safety, with regard to the sys-
tem's stated and intended purpose is the goal of veri�cation and validation. In the
automotive industry, testing involves putting entire cars, as well as their parts and
systems, through a number of tests in a lab, virtual, and in the "real world" to
make sure they are dependable, safe, and in compliance with safety standards [13].
Testing the functionality and safety of automated driving capabilities requires expo-
nential e�orts due to their growing complexity and variant diversity. Conventional
methods that target the test site car and use requirement-based test methods have
limitations. Test cases can be generated irrespective of the function and used across
several test sites thanks to the scenario-based test methodology. The optimal test
accuracy and coverage can be achieved by using automated test control and consis-
tent virtualization.
As shown in �gure 3.3 testing can be divided into two primary categories: scenario-
based testing and generic testing. The ego automobile is tested under generic circum-
stances on public highways with unpredictable and unmanageable tra�c. Although
generic testing is required, it is ine�ective for covering uncommon occurrences in-
volving di�cult scenarios [3]. Thus, the idea of scenario-based assessment has been
put forth in order to concentrate on testing such di�cult cases. Scenario-based
testing can be divided into three categories: hardware-in-loop, software-in-loop, and
real-world, depending on the platform .

Real-world Testing

When a scenario is built in the actual world or contained spaces like test tracks using
a prototype vehicle, it's referred to as "real-world testing." This sort of testing has
real-life �delity but can also be expensive, non-scalable, and hazardous in some
situations. This type of test typically involves pre-planned procedures and tested
cases. Its goal is to evaluate a certain system against predetermined situations.
Because no virtualization or abstraction is employed at all, the results are therefore
legitimate. However, as reality is neither entirely schedulable nor predictable, it is
only partially possible to replicate a predetermined test case in real life. Real-road
testing also cost a lot of money, take a lot of time, and include some risk for the test
driver. Moreover, the accuracy of the measurement system has a major in
uence
on the accuracy of the test.

Hardware-in-the-Loop Testing

The automotive sector uses a technology called hardware-in-the-loop, or HIL, to ver-
ify and validate complicated software systems on speci�cally designed test benches
that accept data inputs from physical sensors like cameras and radars. Automotive
software engineers are also changing their processes as the industry moves toward
the software-de�ned car, where additional functions and features are primarily pro-
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Figure 3.3: Approaches for ADS Assessment
[3]

vided by software. Continuous development (CD), continuous integration (CI), and
continuous testing (CT) have replaced the gradual, waterfall process in favor of
faster, more a�ordable, and higher-quality �nal products [14].
In HIL testing, the electronic control unit (ECU) is subjected to simulated vehicle
and environmental inputs, making it feel as though it is responding to actual driving
conditions on an open road. Every pertinent component of the vehicle is present on
the HIL bench. In order to evaluate the accuracy of the the system being tested
reacts appropriately to the inputs, a simulator provides inputs to real cameras as
well as radar systems, which then transmit signals to the system.
HIL testing is the space between the completely virtual and real worlds [15]. The
function being tested is converted into target code and executed on target hardware,
just like in SIL. Therefore, the domain focuses on evaluating how a component's soft-
ware interacts with the hardware it is designed to target. The remaining modules,
however, are all simulated and adjust to the advantages and disadvantages of the sim-
ulation environment. There is currently no comprehensive validation of test results.
Multiple HILs can, however, be coupled together to lessen the level of abstraction.
Undoubtedly, the size and 
exibility of these machines provide limitations that pre-
vent the linking of all AD system elements via HILs. As a result, its application is
also restricted to development-supporting testing in the automotive industry [16].
Even while HILs hardware is more expensive than only computers, it continues to be
less expensive than genuine road testing in prototype cars. Additional advantages
and disadvantages support SIL.
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Simulation or Software-in-the-Loop Testing

Software-in-the-loop (SIL) is a testing method that tests and validates software in a
simulation environment to �nd defects quickly and a�ordably, as well as to enhance
the code's quality. Early in the software development procedure, SIL testing is often
carried out, and later on, the more involved and expensive HIL testing. As OEMs
strive toward creating software-de�ned vehicles that o�er features and operations
primarily through SIL is becoming increasingly signi�cant in the automotive indus-
try. As part of the principles of contemporary software development, companies
creating apps for the automotive sector must write code every day and test new
builds on a daily basis. This is known as continuous integration, continuous deploy-
ment, and continuous testing [17].
The most often used type is SIL testing because it is easier to use, more adaptable,
and more scalable for creating and simulating scenarios. A high-�delity, photoreal-
istic simulator, a 2D simulator, a numerical simulation, or a dataset can all simulate
the simulation environment. The simulation is di�erent from testing in the actual
world. In this way, every component of the architecture is looped in and virtualized.
Because of this, this test domain is most useful in the early phases of development
[16], when hardware is still in the future. Software-in-the-Loop is closely linked
(SIL). The translation of the function into the programming language and code
meant to execute on the actual hardware is the only di�erence. Nevertheless, devel-
opment computers are used to run it. The quickest, least expensive, and risk-free
testing environment is simulation for drivers. Since determinism may be a prerequi-
site for the simulation's design, it is completely controllable in regards to test cases.
But because of how abstract it is, it is usually not validated, and genuine test results
on real roads are simply approximations [18]. The caliber of the modeling software,
as well as the test cases and scripts created to replicate particular driving situations
and road conditions, all a�ect how e�ective SIL is.

SIL is bene�cial when used in the automotive sector due to its diverse features[17]:
ˆ SIL simulations don't need the specialized tools or test benches required for HIL
testing; they may be run on any desktop computer. This minimizes testing bottle-
necks and expedites the development process by making it cost-e�ective for imple-
menting SIL testing across multiple instances.
ˆ This type of validation can proceed much more rapidly than would be expected in
real life because the simulation is fully executed in software. By running multiple
simulations and modifying just one variable while keeping the rest of the situation
unchanged, testers can provide software developers with a more useful feedback loop.
ˆ The developers from technology suppliers, OEMs, and other stakeholders can eas-
ily exchange the results.
ˆ The simulations created for SIL can be utilized on HIL tests to analyze physical
hardware e�ciency and cross-correlations [17].

27



4 CARLA Simulator and Related
Packages

This thesis work is solely concerned with the way cars respond in various situations.
A 
exible and e�ective high-�delity simulator is needed to execute various real-world
scenarios for observing vehicle behaviour. The open-source CARLA simulator is
utilized in this study to create scenarios. This open-source simulator was created
to help with autonomous driving model training, prototyping, and validation. The
CARLA Python APIs control the Carla simulator. Programmatic control over every
part of the simulation is available through Python APIs. As a client, it oversees
the Carla simulator, numerous actors and their plans, as well as various sensors and
their data. The Robot Operating System (ROS) is a middleware framework which is
easily available as it is an open-source package. The CARLA-ROS bridge is created
to track all CARLA actors and publish pertinent data concerning di�erent ROS
issues. The bridge made of ROS is The ROS package acts as a conduit to facilitate
bidirectional communication between CARLA and ROS2. ROS topics are generated
by converting the messages from the CARLA server. Similarly, directives to be
implemented in CARLA are translated from messages exchanged between nodes in
ROS. The sections that follow provide further information about the instruments
used in this research work.

4.1 CARLA

For ADS testing, numerous high-�delity simulators have been created. Typically,
they include features like the ability to create 3D virtual environments, simulate
sensors, create tra�c scenarios with a variety of ready-to-use maps and assets, and
work with other agents. An open-source simulator for autonomous driving is called
CARLA [19]. It was built from the base to function as a versatile and modular
API to handle a variety of jobs related to the autonomous driving problem. Helping
democratize autonomous driving research and development by providing a tool that
users can readily access and modify is one of CARLA's primary objectives.
In order to achieve this, the simulator must satisfy the needs of several use cases
related to the general driving problem (such as training perception algorithms, learn-
ing driving policies, etc.). Roads and urban environments are de�ned by CARLA
using the ASAM OpenDRIVE standard (1.4 as of right now) [19], which is based on
Unreal Engine to perform the simulation. An API managed in C++ and Python
that grants access to the simulation is expanding with the project. To facilitate the
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process of creating, educating, and verifying driving systems, CARLA developed
into an ecosystem of community-built initiatives centered around the primary plat-
form. In this regard, it is crucial to realize a few aspects of CARLA's operation in
order to completely appreciate its capabilities.

4.1.1 Simulator

The CARLA simulator's client-server architecture is extendable. Everything per-
taining to the simulation itself, including sensor rendering, physics calculation, mod-
i�cations on the world-state and participants, and several other things, is handled
by the server. Running the server on a dedicated GPU would be the greatest op-
tion because it strives for realistic results, particularly when implementing machine
learning. The client side is made up of all the client modules that manage the world
conditions and the actors' logic while they are on the scene. This is accomplished by
utilizing the CARLA API (available in Python / C++), an intermediate layer that
acts as a mediator between the client and server and is always adding new features.

Figure 4.1: Carla simulator and Python API
[19]

Figure 4.1 encapsulates the simulator's fundamental design. But because CARLA
is made up of so many diverse features and components, understanding it requires
much more than that. A few of these are enumerated here to provide an idea of
what CARLA is capable of.

Simulation Engine

For versatility and realism in graphics and physics modeling, CARLA was devel-
oped. Over Unreal Engine 4 (UE4), it has been built as an open-source layer [20],
allowing for community expansions in the future. Modern rendering performance,
realistic physics, fundamental NPC reasoning, and a network of compatible plugins
are all o�ered by the engine. User can use the engine for free for non-commercial
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purposes.

A dynamic world is simulated by CARLA, which also o�ers a basic interface for
an agent to interact with the world. CARLA is built as a server-client framework,
with the server running the simulation and rendering the scene, to accommodate
this feature. The socket-based communication among the independent agent and
the server is handled by the Python-implemented client API. Sensor readings are
provided by the server to the client in response to instructions and meta-commands
sent by the client. The car is operated by commands, which also include braking,
steering, and acceleration. Meta instructions are used to change the parameters
of the environment, reset the simulation, and adjust the sensor suite. They also
regulate the functioning of the server. Environmental characteristics include the
amount of light, the weather, and the number of cars and people. The agent is
re-initialized at an alternate location supplied by the client when the server is reset.

Environment

For the production of synthetic training data for use in autonomous driving (AD)
and other robotics applications, the CARLA simulator o�ers a comprehensive so-
lution. CARLA o�ers open digital assets (urban layouts, buildings, and cars) that
were made speci�cally for this purpose and are free to use in along with open-source
technology and protocols. To facilitate the training, development, and validation of
autonomous driving designed concepts, encompassing both observation and control,
CARLA was created from the ground up. What makes CARLA special is that the
substance of the urban settings is also free. A committed group of digital artists
who were hired speci�cally for this task produced the content from the ground up.
It has city plans, a wide range of car models, structures, people walking, street signs,
etc. In order to replicate real-world towns, cities, and roads, as well as the cars and
other things that drive through them, CARLA creates a very realistic environment
simulation [21].
Three-dimensional (3D) models of both dynamic (vehicles and pedestrians) and
static (buildings, plants, tra�c signs, and infrastructure) items make up the envi-
ronment. All of the models are thoughtfully created to balance rendering speed and
visual quality. There are numerous pre-made maps included with CARLA envi-
ronment that are designed to o�er a variety of characteristics. Numerous habitats,
including urban, rural, and residential ones, are depicted on the maps. In addition,
there are a variety of distinct road designs, from multi-lane highways to unmarked
rural roads, as well as distinct architectural styles. The simulation platform allows
for the variable con�guration of sensor suites and o�ers signals, including GPS coor-
dinates, speed, acceleration, and comprehensive information on collisions and other
infractions, that may be utilized to train driving strategies. It is possible to specify a
broad variety of environmental elements, including the weather and time of day [22].

Several of these environmental factors are depicted in �gure 4.2. The CARLA
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town 2 is showed in four di�erent weather situations from a third-person perspective.
Clear day, daytime rain, daytime soon after rain, and clear sunset are shown as
clockwise from top left.

Figure 4.2: A CARLA town 2, seen in four di�erent weather situations
[22]

Sensors

The sensors o�er environmental information to the vehicles. A particular type of
actor is connected to the car in CARLA, and to make things easier, the data they
get can be saved and retrieved. The CARLA simulator now supports a variety of
these sensors, including LIDAR, cameras, RADAR, and many more [19].

Tra�c Manager

A built-in mechanism called a "tra�c manager" assumes control of all vehicles save
the one being utilized for instruction. It serves as a conductor using data from
CARLA to simulate urban settings and realistic behavior.

Recorder

With the help of this tool, each actor in the world can reenact a simulation step-by-
step. It is an excellent tracing tool since it allows access to any point in the timeline
from anywhere in the world.
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ROS Bridge with Autoware Implementation

The implementations which involves CARLA links the pieces and works toward the
simulator's integration into di�erent learning environments as a subject of univer-
salization.

Open Assets

CARLA makes it possible to create various maps for metropolitan environments
that allow users to regulate the weather and access a library of blueprints with a
large cast of actors. Nevertheless, by adhering to a few basic rules, these components
can be altered and new ones created.

Scenario Runner

The scenario runner CARLA o�ers a set of routes that describe various scenarios
so that cars can practice on them more easily. They also provide the framework for
the CARLA challenge, which is available to everyone to evaluate their solutions and
place themselves on the scoreboard .

4.1.2 Carla Python API

An open-source simulator called CARLA is used in research on autonomous vehicles.
With the help of its Python API, users may communicate programmatically with the
simulator and utilize it to operate cars, retrieve sensor data, and create autonomous
driving algorithms in Python scripts. Additional features for advanced use, like
pedestrian control, tra�c management, and scenario design, are available through
the API. The API is used by the CARLA server and client to function and interact.
The CARLA architecture is server-client in nature; the client(s) send instructions
to the CARLA server, which executes the simulation. For communication with the
server, the client software uses the API. The Python API needs to be installed via
PIP in order to be used. Additionally, users must use the command "import carla"
in the Python scripts for importing the CARLA package [23].

Client

The user runs the client module to request updates or modi�cations to the simula-
tion. A client uses a port and an IP address to operate. It uses a terminal to talk
with the server. Numerous clients may be operating concurrently. For advanced
multiclient managing, a deep comprehension of synchrony and CARLA is necessary.
Con�gure the client by using the CARLA client object:

c l i e n t = c a r l a . C l i en t ( ' l o ca l hos t ' , 2000)
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This con�gures the client to talk to a CARLA server that is located on the local
system, or localhost. If the client is being executed on a di�erent computer, one
alternative is to use the Internet Protocol (IP) address of a network machine. The
port number is the second argument. When launching CARLA, the user can change
the port that the CARLA server uses by default, which is 2000 [23].
Initiating the tra�c manager, recording the simulation, and loading new maps are
just a few uses for the client object:

c l i e n t . load wor ld ( ' Town07 ' )

World

The world is an object that represents a simulation. It functions as a layer of
abstraction that holds the primary algorithms for spawning actors, adjusting the
weather, obtaining the global temperature, and so on. Every simulation has a single
world. Upon map changes, it will be eliminated and substituted with a completely
new one.
The client object is used to retrieve the world object:

world = c l i e n t . ge t wor ld ( )

Using its several methods, the world object can be utilized to access things within
the simulation, including the map, buildings, cars, tra�c signals, and weather.

weather = world . ge t weather ( )
b l u e p r i n t l i b r a r y = world . g e t b l u e p r i n t l i b r a r y ( )

Blueprints

Layouts known as blueprints make it easy for the user to add new actors to the
simulation. These are pre-made models that have several properties and animations.
While some of these can be changed, others cannot. These characteristics includes
the color of the vehicle, the quantity of channels in the LIDAR sensor, the speed of
the walker, and many more. The blueprint library contains a list of all the available
blueprints and their properties. A generation attribute on vehicle and pedestrian
blueprints identi�es whether the item is new (gen 2) or ancient (gen 1) [24]. The
carla.BlueprintLibrary class contains a list of carla.ActorBlueprint elements. The
world object provides access to all the blueprints of actor elements.

b l u e p r i n t l i b r a r y = world . g e t b l u e p r i n t l i b r a r y ( )

A unique ID is assigned to blueprints, and actors were spawned with this ID. Users
can use the library to look up a certain ID, select a blueprint at random, or apply
a wildcard pattern to �lter results.

To �nd a speci�c blueprint of the actor:
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camera bp = b l u e p r i n t l i b r a r y . f i nd ( ' sensor . camera . rgb ' )

To choose a vehicle blueprint at random:

veh i c l e bp = random . cho ice ( b l u e p r i n t l i b r a r y . f i l t e r
' v e h i c l e .* . * ' ) )

Actors

The elements that carry out simulation-based actions and have the ability to in
u-
ence other actors are known as actors in CARLA. In CARLA, actors include cars,
pedestrians, sensors, tra�c signals, signs, and spectators. Actor life cycle includes
spawning, handling and destruction. They are as follows:

1. Spawning: The actor spawning and tracking functions are handled by the world
object. All you need for sprouting is a carla and a template.Transform indicating the
actor's rotation and location. In the event of a collision at the designated position,
the actor will fail to spawn. Regardless of whether another actor or a static item is
involved. One can attempt to prevent these unwanted spawning collisions. When
an actor spawns, they can become attached to each other. Actors follow the parent
they are connected to. This is especially bene�cial for sensors. The connection can
be rigid or with an eased movement according to its parent It is well-de�ned by the
helper class carla.AttachmentType [24].

ac to r = world . spawn actor ( b luepr in t , t ransform )

Here, transform attribute will have co-ordinates of the location at which actor sup-
pose to spawn.

2. Handling: Carla.Actor handle the actors on the map, the actor class primarily
comprises of get() as well as set() methods, for example to get acceleration of aa
actor:

p r i n t ( ac to r . g e t a c c e l e r a t i o n ( ) )

To lock the actor in place, disable its physics:

ac to r . s e t s i m u l a t e p h y s i c s ( Fa lse )

3. Destruction: After a Python script ends, actors are not destroyed. They must
consciously destroy themselves. Eliminating an actor pauses the simulator until the
procedure is complete.

d e s t r o y e d s u c c e s s f u l l y = ac to r . des t roy ( )
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Types of actors

ˆ Sensors: Actors that generate a stream of data are called sensors. Sensors also
possess blueprints. Setting up properties is essential. The majority of sensors are
a�xed to vehicles in order to collect data about their surroundings. Sensors take
up information. They invoke a function de�ned by a Lambda expression when data
is received.
For example, a collision sensor is created, mounted on a car, and instructed to print
message on collision detection.

sensor bp = b l u e p r i n t l i b r a r y . f i nd ( ' sensor . o ther . c o l l i s i o n ' )
sensor = world . spawn actor ( sensor bp , c a r l a . t ransform ( ) ,
a t t ach to = my car )
sensor . l i s t e n ( lambda event : o nc o l l i s i o n ( event ) )

ˆ Tra�c Signs and Tra�c Lights: The only actions recognized as actors in CARLA
these days are yielding, stopping, and tra�c signals. The carla.Landmark API
provides access to the remaining OpenDRIVE signage. These instances provide
access to their information, but they are not actors in the simulation. Using the
data from the OpenDRIVE �le, stop, yielding, and tra�c lights are automatically
generated as the simulation begins. None of them are spawnable because they are
not in the blueprint library. Crossroads have tra�c lights. Like every actor, they
have a unique ID, but they also have a group ID for the intersection. A pole ID is
utilized to identify tra�c lights that are part of the same group.
The group's tra�c lights operate in a cycle. While the others stay frozen in red,
the initial one has been set to green. There is a moment when all of the lights
are red because the active one brie
y 
ashes in green, yellow, and red. After that,
the previous tra�c light is frozen along with the others, and the next one begins
to cycle. The API can be used to set a tra�c light's state. The seconds spent in
each state also matter. Carla describes potential states using carla.Tra�cLightState
which is represented as an enumeration of values [24].
To Get the tra�c light a�ecting a vehicle

i f v e h i c l e a c t o r . i s a t t r a f f i c l i g h t ( ) :
t r a f f i c l i g h t = v e h i c l e a c t o r . g e t t r a f f i c l i g h t ( )

ˆ Vehicles: The carla.vehicle is a unique kind of actor. It has unique internal
parts that mimic the dynamics of rolling vehicles. This is accomplished by utiliz-
ing several distinct control types to control di�erent functions of the vehicle: The
carla.VehicleControl o�ers input for steering, braking, throttle, and other driving
actions.

c o n t r o l = c a r l a . Veh ic leCont ro l ( t h r o t t l e =2.0 , s t e e r =1.0)
v e h i c l e . app l y con t ro l ( c o n t r o l )

The carla.VehiclePhysicsControl has two additional controllers and speci�es the
physical characteristics of the vehicle: The gears are controlled by carla.GearPhysics
Control. Carla.WheelPhysicsControl o�ers specialized control over individual wheels.
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Every automobile has a carla.BoundingBox encloses those. The bounding box facil-
itates the application of physics to the vehicle and the detection of collisions.

ˆ Walkers: The carla.Walker operates similarly to how cars do. Di�erent con-
trollers have power to control them. The carla.WalkerControl controls the pedes-
trian's direction and pace of movement. It permits them to junp as well. The
3D skeleton may be controlled with Carla.WalkerBoneControl. Walkers can be AI
controlled using carla.WalkerAIController. There is no autopilot mode on walkers.

4.2 ROS and ROS Bridge

4.2.1 Robot Operating System (ROS)

The open-source ROS middleware framework o�ers features for package manage-
ment, device drivers, hardware abstraction, and interprocess communication. Addi-
tionally, it o�ers libraries and tools for acquiring, creating, writing, and executing
code on several machines. Certain 'robot frameworks,' such PLAYER, YARP, Orca,
and others [25], are comparable to ROS. The distributed network of processes (per-
haps dispersed across computers) that are linked together via the ROS communica-
tion architecture is known as the "graph" of the ROS runtime. Asynchronous data
streaming over topics, synchronous RPC-style communication across services, and
data storage on a parameter serverare only some of the numerous communication
modalities that ROS implements.
Supporting the reuse of code in robotics research and development is the main objec-
tive of ROS. With the use of a distributed structure of processes known as Nodes,
or ROS, executable can be loosely connected and independently designed during
runtime. These procedures can be arranged into distributable and easily shareable
Packages and Stacks. In addition, ROS provides support for a networked structure
for code repositories that facilitates distributed cooperation. This design allows
for individual development and implementation decisions at every level, from the
�lesystem to the community, but it can all be integrated with ROS infrastructure
tools. The ROS framework has various other objectives in addition to this main one
of sharing and cooperation, including the following [25]:

ˆ Thin: ROS is intended to be as lightweight as possible, allowing code built for
it to be utilized with other robot software structures. This leads naturally to the
fact that integrating ROS into various other robot software is simple.

ˆ Frameworks: OpenRAVE, Orocos, and Player are already integrated with ROS.

ˆ ROS-agnostic libraries: Writing ROS-agnostic libraries with clear functional in-
terfaces is the recommended development approach.
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ˆ Language independence: Any contemporary programming language can easily
implement the ROS framework. ROS is already implemented in C++, Python, and
Lisp and also have experimental libraries in Java and Lua.

ˆ Simple testing: ROS comes with a built-in framework called rostest for unit and
integration tests that makes it simple to set up and take down test setups.

ˆ Scaling: Large operating systems and development processes are suitable for
ROS.

A group of codes that makes a ROS programmer's job easier is called a ROS
client library. Several of the ROS ideas are taken and made code-accessible. These
libraries allow you to construct ROS nodes, use the Parameter Server, write and call
services, publish and subscribe to topics. While such a package can be developed in
any language that supports C++ and Python, at the moment, the present focus is
on those two languages.

Main client libraries

The main client libraries in ROS framework are as follows:

1. roscpp: This is a C++ client library for the ROS platform. It is intended to
be the most e�cient library for ROS and is the most used ROS client library [26].

2. rospy: As intended to give ROS the positive aspect of an object-oriented
programming language, rospy is the Python client library. Rospy's architecture pri-
oritizes implementation speed|that is, developer time|over runtime performance
in order to enable the quick testing and prototyping of algorithms inside of ROS.
Additionally, it is perfect for non-critical-path software, such initialization and con-
�guration code. In order to bene�t from type introspection, a large number of ROS
modules are written in rospy. Python is a fundamental prerequisite since rospy is
used to construct the ROS Master, roslaunch, and various other ros utilities [26].

3. roslisp: The planning libraries are currently developed using roslisp which is a
client library for LISP. It can be used in an interactive ROS system as well as for
independent node building [26].

ROS1

A multitude of software platforms, sometimes known as middlewares, have been
presented. These platforms o�er modular and customizable capabilities that facil-
itate the development of robot systems. Some middlewares have developed into
vast ecosystems of tools, algorithms, and sample apps over time. Very few can
compare to the Robot Operating System (ROS 1) in terms of its impact on the
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developing robotics sector. Willow Garage, a robotics incubator, popularized ROS
1 [27]. Even though every e�ort had been attempted to construct a high-caliber
and e�ective system, network topology, system uptime, and security were not given
top priority. Still, ROS 1 has grown to be signi�cant in almost all areas of intel-
ligent machines. Flagship initiatives including autonomous navigation, simulation,
visualization, control, and more contributed to its commercial rise [28], [29]. ROS's
origins as a research platform started to demonstrate its limitations as commer-
cial prospects turned into products. To advance the sector, security, dependability
in unconventional settings, and support for large-scale embedded systems become
crucial. In order to develop dependable apps, numerous businesses have also been
developing workarounds for ROS 1 inside or on top of it [27].

ROS2

In order to overcome the shortcomings of ROS1, the second version ROS 2, was
completely rebuilt with the goal of enhancing its community-driven features. The
Data Distribution Service (DDS), a freely available communications standard uti-
lized in vital infrastructure including �nancial systems, spacecraft, and the military,
provides the foundation for ROS 2 [27]. Many of the issues in developing dependable
robotics systems are resolved by it. Outstanding security, embedded and real-time
assistance, multi-robot interaction and operations in less-than-ideal networking con-
ditions are all made possible for ROS 2 by DDS [27].
A robotics software development kit (SDK) is another name for ROS 2, which is a
platform for creating robotics applications. Crucially, ROS 2 is free and open source.
Numerous robotics applications, ranging from research and teaching to product cre-
ation and execution, are supported by ROS 2. It is comprised of a wide variety
of interconnected software elements that are frequently utilized in the creation of
robotics applications. There are three categories within the software ecosystem [27]:

1. Middleware: Known as the ROS 2 middleware, or "plumbing," it includes
message parsers and network APIs for component-to-component communication.

2. Algorithms: A large number of the frequently used algorithms, such as those
for vision, SLAM, planning, and other areas, are included in ROS 2.

3. Developer tools: Launch, con�guration, introspection, visualization, bug �x-
ing, simulation, and recording are all supported by the command-line and graphical
tools included in ROS 2. Additionally, there is a sizable toolkit for distribution,
build procedures, and source management.

Compared to ROS 1, ROS 2 has a number of bene�ts when combined with Carla.
They are as follows:

ˆ Stronger Real-Time Performance: Compared to ROS 1, ROS 2 o�ers better as-
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sistance for real-time and deterministic systems since it was created with real-time
considerations in mind. This may prove advantageous in the context of interfacing
with simulators like as Carla, where precise timing is essential for precise simulation
and control.

ˆ Enhanced Security: To safeguard sensitive information and guarantee the in-
tegrity of communications, ROS 2 includes security features such transport encryp-
tion and �ne-grained access control. This is especially crucial when dealing with
sensitive areas like Carla simulations and driverless cars.

ˆ Improved Language Support: ROS 2 adds support for more programming lan-
guages, including Rust and JavaScript, whereas ROS 1 mainly supported C++ and
Python. When creating apps for Carla simulations, this may provide greater free-
dom and options.

ˆ Better Middleware: ROS 2 makes use of the DDS middleware, which enhances
interoperability with other DDS-based systems and o�ers improved support for
large-scale distributed systems. When combining Carla with other parts or sys-
tems that are not part of the ROS ecosystem, this can be useful.

ˆ Quality-of-Service (QoS) built-in: ROS 2 brings in QoS settings that let de-
velopers set up communication criteria including message deadlines, durability, and
dependability. By doing so, Carla's communication with various other ROS 2 nodes
can be improved, resulting in dependable and e�ective data transmission.

ˆ Simpli�ed Dependency Management: The architecture of ROS 2 is more 
exible
and modular, which simpli�es the management of dependencies and the integration
of third-party libraries. This can simplify development processes and lessen the dif-
�culty of incorporating Carla with third-party libraries or unique ROS packages.

In general, ROS 2 has a number of bene�ts over ROS 1 in areas such as real-time
performance, security, support for di�erent languages, middleware abilities, and
development freedom, even if both may be utilized with Carla simulations. Because
of these bene�ts, ROS 2 is a strong option for combining Carla with robotic systems
and applications that run on the ROS platform.

4.2.2 ROS Bridge

In 2018, ROS Bridge was initially made available as a CARLA simulator add-on that
supported ROS control and communications. It is now interoperable with CARLA
0.9.4 or higher versions and o�ers control over automobiles and pedestrians in ad-
dition to sensor posting. This package for ROS arranges its con�guration in one
YAML �le and o�ers multiple example scripts to help with learning. All of the sen-
sors that CARLA supports|aside from the obstacle sensor|can be published with
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this package. Each topic has a complete list of the actors, objects, and their current
status. It is possible to have complete control over the car, including the ability
to override the control of any other client. With a PID controller, a con�guration
of AckermannDrive messages can be done to enable more seamless vehicle control.
Additionally, pedestrians are controllable, and their odometry data is provided. It is
possible to put markers, like arrows, points, cubes, and line strips, on the simulator
to help debugging; however, this functionality may cause issues with sensor data.
In conclusion, it facilitates the spawning of vehicles and the con�guration of their
sensors, spawns infrastructure sensors, and calculates waypoints.

ROS2 bridge for CARLA Simulator

The ROS package functions as a bridge to provide bidirectional communication be-
tween CARLA and ROS. The process of converting data obtained from the CARLA
server yields ROS topics. Similarly, commands that must be applied in CARLA are
translated from messages exchanged between nodes in ROS. The primary package
required to operate the fundamental functions of ROS bridge is carla-ros-bridge.
The ROS bridge uses various versions with an interface that is common to handle
both ROS 1 as well as ROS 2. Users must con�gure the ROS environment in each
terminal used for simulation in accordance with the ROS version before executing
the ROS bridge [30].
The ROS 2 Bridge package, which enables interaction among ROS 2 and various
non-ROS systems like Carla, can be used to integrate ROS 2 with Carla Simulator.
The integration across the two systems is made possible by the ROS 2 Bridge, which
converts ROS 2 messages into the format that Carla expects. The procedures listed
below are used to set up ROS2 bridge with the CARLA simulator:

1. Set up the ROS 2 Bridge: Installing the ROS 2 Bridge package �rst. It can
be built from source or installed via package manager. Installing every dependency
needed is essential.

2. Set up Carla: Once Carla Simulator has been downloaded, install it on the
computer. To correctly set it up, according to the directions found in the Carla
documentation.

3. Set up Carla for the ROS 2 Bridge: The ROS 2 Bridge allows Carla Simulator
to support ROS 2. Carla needs to be con�gured with the right parameters or set-
tings in order to employ ROS 2 Bridge.

4. Launch the ROS 2 Bridge: To establish a bridge connecting ROS 2 and Carla,
launch the ROS 2 Bridge node and de�ne the necessary topics. In order to convert
messages between ROS 2 subjects and Carla's communication interface, the bridge
must be con�gured.
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5. Utilize ROS 2 Nodes: Create and operate ROS 2 nodes in order to communi-
cate with Carla Simulator. The nodes can be built to perform a variety of tasks as
required, such as receiving information from sensors from Carla and sending com-
mands to drive vehicles in Carla.

6. Test and Debug: To test the con�guration, send commands from ROS 2 nodes
to Carla and con�rm that the sensor data is being received accurately. Troubleshoot
any problems that come up when integrating.

7. Create Applications: Create sophisticated robotic applications with ROS
2 and Carla, such as sensor fusion systems, autonomous driving algorithms, and
simulation-based testing environments.
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5 Monte Carlo and Quasi Monte
Carlo

5.1 Introduction

A collection of approaches or algorithms known as Monte Carlo approaches (also
known as Monte Carlo Methods, or simply Monte Carlo (MC)) rely on the appli-
cation of random sampling in order to ultimately arrive at an approach to a given
problem. Around 1946, John von Neumann and Stanislaw Ulam gave this class of
methods the moniker "Monte Carlo" [31], implying to some physicists that their
di�culty might be resolved by simulating the experiment using chance on a com-
puter. Their endeavor needed a code name because it was secret. "Monte Carlo"
was the moniker Von Neumann selected. The name alludes to Ulam's uncle's fre-
quent gambling trips to the Monte Carlo Casino in Monaco. It's interesting to note
that techniques involving playing casino games like poker these days frequently use
Monte Carlo algorithms [32].
The Monte Carlo (MC) method is a mathematical methodology that uses the
volume-probability analogy to estimate integrals. The idea of probability that is
intuitive is formalized by measure theory. It links an occurrence to a range of
potential results and describes the probability of an event as its volume, or more ac-
curately, its measure, in relation to the universe of prospective results. By applying
the concept in reverse, MC approaches determine the volume of a given measurable
set by considering it to be a probability. By creating random points and calculating
the percentage of those points that are part of the measurable set, one can estimate
the likelihood of an event. This fraction will nearly certainly converge in probability
to the right integral value, thanks to the principle of large numbers. Furthermore,
whenever the number of random points approaches in�nity, the central limit theorem
gives the convergence rate of the estimation error. One of the inherent characteristics
of the Monte Carlo method is that it's calculations' outcomes are not deterministic,
meaning they vary from one execution to the next. This is obviously due to the
random generation of the samples used in the deterministic simulation. As a result,
the probability distributions may be rather distant from the precise answer. Three
basic issue classes are addressed by Monte Carlo methods: numerical integration,
optimization, and drawing from a probability distribution. Additionally, they can
be applied to the modelling of events with high input uncertainty, like estimating
the likelihood of a nuclear power station collapse. Monte Carlo methods can yield
estimated outcomes for challenges that are otherwise unsolvable or too complicated
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to be formally analyzed. They are frequently applied through computer simulations.
The several monte carlo strategies that are employed in this thesis research project
are thoroughly detailed in the section that follows. This thesis implements and
analyses the quasi-monte carlo and conventional monte carlo methods.

5.2 Standard Monte Carlo method

This method's primary concept is that statistical analysis and iterative random
sampling are used to compute the �ndings. When the outcomes of these studies are
unknown, the Monte Carlo model is actually just a series of random experiments.
The majority of the unknown parameters that characterize simulations using Monte
Carlo techniques are challenging to measure empirically [33]. The Monte Carlo
simulation techniques don't always need genuinely random numbers to be e�ective
(though unpredictability is essential for some applications, such primality testing).
Deterministic pseudorandom sequences are employed in many of the most practical
methods, which facilitate easy testing and reruns of simulations. Generally, the sole
need for excellent simulations is that the pseudo-random sequence look "random
enough" in a particular way.

For Example: N=10 , Random sequence distributed over interval [10,20] is as
follows:

[19.0, 16.0, 15.66, 15.25, 14.6, 15.0, 14.57 14.0, 13.77, 14.0]

According to Sawilowsky, a top-notch Monte Carlo simulation possesses the follow-
ing qualities [34]:
ˆ The (pseudo-random) number generation yields values that pass tests for random-
ness. It possesses speci�c qualities, such as a lengthy "period" until the sequence
repeats;
ˆ The following criteria are met: the algorithm is legitimate for the object being
modelled;
ˆ It replicates the phenomenon under investigation;
ˆ Tt uses the appropriate sampling technique;
ˆ There are su�cient samples to guarantee reliable results.

Uniformly distributed pseudo-random numbers can be converted into numbers
that are distributed in accordance with a speci�ed probability distribution using
pseudo-random number sampling techniques. Though they di�er, Monte Carlo tech-
niques typically follow this pattern:
1. De�ne a domain of potential inputs;
2. Generate random inputs from a probability distribution throughout the domain;
3. Compute the outputs deterministically;
4. Aggregate the results.
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Figure 5.1: 2D sequence generated using Monte Carlo Method

The utilization of methods of random sampling to solve the physical problem
is the fundamental feature of the Monte Carlo approach. There are two ways to
look at how these numerical sequences are used in Monte Carlo simulations. First,
creating representative samples|many scenarios|through the generation of (quasi-
or pseudo) random numbers allows us to use probability distributions to characterize
the uncertainties in our physical situation. The Uniform [0, 1] distribution can be
used to construct this, allowing for the generation of all the distributions required
to run the simulations.
Secondly, the Monte Carlo Integral, or one or more of them, can be seen as the
solution to the simulation problem. In the 1940s [35], one of the earliest uses of
Monte Carlo techniques was the assessment of complex integrals, which had nothing
to do with probability distributions. The total area multiplied by the percentage
of points that lie beneath the curve of f(x) is roughly the integral of the function
f(x) [35]. Refer �gure 5.2 for illustration of Monte Carlo Integral of Function f(x).
Naturally, the multi-dimensional instance and/or complex functions are the only
situations in which this approach of integral evaluation (using "random" locations)
is competitive. When the points are consistently distributed over the area or, in
the case of a multi-dimensional problem, within the hypercube volume, the integral
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evaluation performs better.

Figure 5.2: Monte Carlo Integral of Function f(x)
[35]

5.3 Quasi Monte Carlo Method

The quasi-Monte Carlo approach in numerical analysis uses low-discrepancy se-
quences, also known as quasi-random sequences or sub-random sequences, to re-
duce variance in numerical integration and other problems. On the other hand, the
standard Monte Carlo approach and Monte Carlo integration rely on pseudorandom
number sequences. A quasi-Monte Carlo experiment is a variation of the classic
Monte Carlo simulation in which pseudo-random sequences are used in place of ac-
tual random numbers. Using these sequences, it may create examples that are repre-
sentative of the probability distributions that our practical situation is imitating. In
a number of situations, the quasi-random sequences|also known as low-discrepancy
sequences allow for better Monte Carlo simulation performance, providing faster
calculation times and/or increased accuracy. Since low-discrepancy sequences guar-
antee even coverage and typically have a rapid order of convergence compared to
Monte Carlo simulations employing random or pseudorandom sequences, they are
frequently employed in place of random sampling from a space.
Whereas Monte Carlo employs a pseudorandom sequence, quasi-Monte Carlo em-
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ploys a low-discrepancy sequence like the Halton, Sobol, or Faure sequences. Uti-
lizing low-discrepancy sequences has the bene�t of accelerating convergence. The
convergence rate of the Monte Carlo approach isO(N � 0:5) [36], while the conver-
gence rate of quasi-Monte Carlo is close toO(1=N) [37]. In the �eld of mathematical
�nance, often known as computational �nance, the Quasi-Monte Carlo approach has
gained popularity recently. High-dimensional mathematical integrals, where an in-
tegral needs to be assessed inside a threshold� , are common in these domains [37].
Therefore, in these circumstances, the quasi-Monte Carlo and Monte Carlo methods
are advantageous.
The quasi-monte carlo approach can be applied in a variety of ways. The Van-der
Corput sequence with base 2 is used to create a quasi-monte carlo sequence in one
dimension. "Filling the gaps" dynamic is used by the Vam-der Corput pattern in
Base 2 to produce sequence inside a set interval. This sequence is thought to be
the foundation of many signi�cant low-discrepancy sequences. This series begins at
zero and is limited to the �rst N numbers in an interval [0, 1]. where N denotes the
interval's �rst N numbers expressed in base 2.

For Example: N=10, Van-der-Corput sequence with base 2 distributed over in-
terval [10,20]:

[10.0, 15.0, 12.5, 17.5, 11.25, 16.25, 13.75, 18.75, 10.625, 15.625]

Additionally, a number of methods, including the Halton, Sobol, and Faure se-
quences, are available to produce multi-dimensional low-discrepancy sequences. The
most well-known low-discrepancy sequences are Halton, Faure, Sobol, and Niederre-
iter; nevertheless, new sequences are being proposed in this expanding �eld of study
[35]. In order to construct new LD sequences, the unit hypercube is divided into
sub-volumes, or boxes, of constant volume, each of which has vertices parallel to
the faces of the hypercube. Counting all of these sub-volumes is the plan before
moving on to a �ner grid. For every dimension in the Halton sequence, one distinct
prime base is used. Halton employs base 2 for the �rst dimension, base 3 for the
second, base 5 for the third, and so forth. Higher base results in longer computation
times and higher cycles. The Halton sequence operates with base 2 in the very �rst
dimension along with base 3 in the second dimension in the case of two dimensions.
There are two distinctions between the Halton and Faure sequences. First, all di-
mensions are based on a single base. Secondly, for every dimension, it employs a
combination of the vector elements.The smallest primer number that is equal or
greater than to the total number of dimensions in the problem|or equal to two
in the case of a one-dimensional problem is the base of a Faure sequence. Thus,
for multi-dimensional problems, the Faure sequence functions with van der Corput
patterns with long cycles. The issue with longer cycles is that they take longer to
compute than shorter cycle sequences. The Faure sequence has the same low speed
issue as the high-dimensional Halton sequence when it comes to producing increas-
ingly thinner points on the grid to cover the unit hypercube. This issue is not as
serious as the Halton sequence, though. For instance, if the issue has a dimension of
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50, the �nal Halton sequence (in dimension 50) utilizes 229, the 50th prime number,
whereas the Faure sequence uses base 53, which is substantially lower than 229, as
the �rst prime number following 50. Therefore, compared to the Halton sequence,
the Faure sequence is faster at "�lling in the gaps" at high dimensions [35].
Similar to the Faure sequence, the Sobol sequence involves rearranging the vector
elements inside each dimension and shares an identical base for all dimensions. Be-
cause it use base 2 across all dimensions, the Sobol sequence is both faster and
simpler than the Faure sequence. Therefore, the reduced cycle duration results
in a slight computational time gain. The 2D quasi-monte Carlo sobol sequence is
illustrated in �gure 5.3.

Figure 5.3: 2D sequence generated using Quasi Monte Carlo Method

Rate of Convergence and the Multi-Dimensional Case

The computing time and mathematical instability of the simulation are constant
concerns for the simulation practitioner. Both are associated with the simulation's
rate of convergence to the actual value. The standard deviation of the (random)
sampling divided by a growing value of N, the number of simulations or routes, can
be used to calculate the standard error in the simulation. Looking at the numerator
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and applying methods for reducing the sample's standard deviation (also known as
"variance reduction techniques") are two ways to lessen error; however, both meth-
ods are outside the purview of this section.
By running more simulations (N), the error can be decreased in another method.
Numerical error and computing time are subject to trade-o�s, though. Increasing N
is a straightforward and logical technique to lower the numerical inaccuracy of the
simulation; nevertheless, the computational time grows as N simulations increase.
The following lists the convergence rates to the true value as a function of N for
both the Monte Carlo as well as quasi-Monte Carlo simulations:

1. The convergence rate of the classical Monte Carlo (MC) method, which uses
(pseudo) random numbers, is onlyO(N � 0:5). It should be noted that this rate is
independent of dimension d and only depends on the number of simulations (N) [35];

2. The pace of convergence of the quasi-Monte Carlo (QMC) method can be sig-
ni�cantly faster in optimal instances, with errors approaching the size ofO(1=N).
As an illustration, in order to minimize the inaccuracy by a percentage of 10, MC
requires increasing the number of computations N by 100 times, but QMC requires
less, generally much less than 100 times, and just 10 times in ideal circumstances [35];

3. For multi-dimensional low discrepancy patterns (Halton and others), the theo-
retical limit on the rate of convergence (or maximum error) isO(( lnN )d=N), where
d is the quantity of dimensions from the real-world problem. Therefore, the quasi-
random sequence e�ciency falls with dimension d, in contrast to the pseudo-random
bound convergence [35].
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This chapter explains in detail how the thesis research work is implemented. This
chapter includes information on the methodology used to put the sampling tech-
niques into practice, as well as how to create scenarios that are similar to real-world
situations and evaluate them using the sampling data. The format of this chapter
is as follows. Section 6.1 provides further details on the methodology's underlying
theory as well as the necessary actions that must be taken. Section 6.2 provides an
explanation of the quasi-monte carlo and monte carlo sampling. The creation of a
scenario using Python and CARLA APIs is explained in Section 6.3.

6.1 Methodology

The creation of sample values, the implementation of scenarios, and the testing
of sample values from implemented scenarios form the foundation of the research
work's approach. The sampling technique for Monte Carlo and quasi-Monte Carlo
will be covered in detail in section 6.2 that follows. The implementation of the
scenarios using the CARLA simulator and accompanying packages, as well as an
analysis of the constructed scenarios grounded on the obtained sample values, are
covered in Section 6.3.
The approach outlined below is based on the theoretical ideas of two signi�cant
literary works. Firstly, a survey on scenario-based testing for ADS that describes
all the popular simulators for optimizing scenario-based testings convenience and
versatility. As a result, scenarios using Monte Carlo simulation are used to verify a
vehicle's behavior.
The framework's primary responsibilities are :
(1) To Create random samples using the speci�ed method depending on input dis-
tributions that are provided;
(2) To simulate each set of samples on the speci�ed scenario;
(3) To record the results of the simulations;
(4) To examine the simulation output data statistically

We have put into practice a dynamic object crossing scenario in which a cyclist or
pedestrian abruptly crosses the road directly in front of the ego vehicle track. Python
APIs are used to implement the scenario in the CARLA simulator. Choosing and
adjusting parameters that a�ect the scenario's behavior is crucial to con�rming its
random behavior in this developed scenario. Numerous factors could in
uence how
well the ego vehicle performs, including the vehicle's physical characteristics (speed,
steering angle, friction values, etc.), the weather (precipitation, fog density, etc.),
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Figure 6.1: Basic framework of the research

other actors in the scene (walkers, cyclists, trees, parked cars, etc.), and tra�c and
road participants (tra�c lights, signs, road dividers, other vehicles traveling on the
road, etc). Road friction values are the parameter we have chosen for change in order
to test and assess the produced scenario to determine its random behavior. Within
the speci�ed range, sampling techniques such as quasi-monte carlo and monte carlo
are used to create the road friction values. Using these sample values, the analysis
of the ego vehicle's performance in a given scenario is conducted.
Variations in friction have a major e�ect on emergency braking procedures in CARLA
and other realistic driving simulations. The connection among the wheels and the
street surface, or friction coe�cient, has a direct impact on how a vehicle behaves
during braking. Shorter stopping distances are often the result of higher friction
coe�cient tires since they have stronger traction and can decelerate the car more
quickly. A large friction coe�cient also aids in preventing wheel lockup, which is
the condition in which the wheels lose traction and come to a stop, causing skid-
ding. The purpose of Anti-lock Braking Systems (ABS) is to minimize this problem
by enhancing braking. Maintaining steering control while emergency braking also
depends on enough tire-road friction. While low friction can lead to instability and
make it di�cult to keep the vehicle in a straight line, high friction helps the vehicle
to react to steering inputs.
When applying emergency brakes, tires may skid or slide depending on the friction
value. While sliding happens when the tire breaks contact with the road, sliding
involves the tire turning but not rolling. These realistic behaviors can be simu-
lated by varying the friction. Friction coe�cients change depending on the type
of tire, road surface, and weather, and CARLA's simulation of these 
uctuations
provides a more accurate picture of emergency braking situations in a range of cir-
cumstances. The e�ectiveness of electronic stability control (ESC) and brake aid
systems (ABS), which maximize braking and support maintaining vehicle stability
during quick movements, is also impacted by friction coe�cients.
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Variations in friction have an impact on the vehicle's overall dynamics, which include
how the braking forces are distributed between the wheels, the vehicle's propensity
to oversteer as well as understeer, and how the vehicle reacts to inputs from the
driver. A platform for investigating emergency braking in various situations, such
as snowy circumstances, wet surfaces, dry roadways, or surfaces with varying fric-
tion characteristics, is o�ered by CARLA. Friction coe�cients also a�ect how well
traction control systems work since reduced friction can cause wheel spin, which
calls for strong traction control to regulate power supply and preserve stability.

6.2 MC and QMC Sampling

I have chosen a parameter road friction value for variation, as we covered in section
6.1. Since this parameter only has one dimension, the following section 6.2.1 explains
how the values were obtained using the conventional monte carlo sampling method.
Section 6.2.2 explains how to generate single dimension friction values using the
quasi monte carlo approach.

6.2.1 MC Sampling

Random numbers are produced by the usual monte carlo sampling method. The
random() function of the Python library is applied to produce a randomly selected
number of numbers with a given distribution. Pseudo-random number generation
for di�erent distributions are implemented in this module. There is symmetrical
sampling from a range for integers. There are three functions for sequences: one for
random element selection uniformly, another for random list permutation generated
in-place, and a third one for sampling at random without replacement. The dis-
tributions of uniform, normal (Gaussian), lognormal, negative exponential, gamma,
along with beta may all be computed on the real line using these functions. The
von Mises distribution can be used to create angle distributions [38].
The fundamental function random(), which produces a random 
oat evenly in the
partially opened range 0:0 < = X < 1:0, is the foundation for almost all module
functions. Python's main generator is the Mersenne Twister. With a period of
2 � � 19937� 1, it generates precision 
oats with a bit length of 53 [39]. The un-
derlying C implementation is threadsafe and quick. One of the random number
generators that has been tested the most is the Mersenne Twister.

The python fuction used to generate MC random numbers is:
random.randint(a, b)
Return a random integer N such thata <= N < = b.
Alias for randrange(a, b+1).

Friction values vary depending on the state of the road and can range between 0
to 1. The function random.randint(0, 1) is used to generate the monte carlo samples
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for friction values for n samples. The JSON �le contains these samples. This JSON
�le is subsequently supplied to the scenario simulation as an input. Later sections
provide a detailed explanation of it.
Let see the example, for number of samples N = 100, Random sequence distributed
over interval [0,1]

Figure 6.2: The samples generated using Monte carlo method when number of sam-
ples N = 100

6.2.2 QMC Sampling

The basic low discrepancy sequences are another name for quasi-Monte Carlo se-
quences. The idea of low discrepancy is linked to the characteristic that subsequent
numbers are added as far apart from one another as feasible, preventing cluster-
ing, or groupings of numbers that are near to one another. The idea behind the
sequence's construction is that every point repels every other point. Therefore, the
duty of numbers that are generated sequentially is to �t in the greater "gaps" be-
tween previously generated numbers of the series if the goal for the points is to avoid
each other as much as possible.
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The "�lling in the gaps" phenomenon derived from the van der Corput sequencing
in base 2, which serves as the foundation for a number of signi�cant low-discrepancy
sequences, is depicted in the accompanying image. Beginning at zero, this series is
limited to the interval [0, 1], with the �rst 16 integers (n from 0 to 15) provided by:

Figure 6.3: The �rst 16 numbers of QMC Sequence

The interval [0, 1) is chosen for the sequence de�nition; it is opened at 1 since the
sequence never reaches the number 1 (but for extremely big n we get points as close
as 1). It has been closed at zero due to this point is incorporated in the sequence.
Nonetheless, it is typical to begin at n = 1 rather than n = 0 or possibly to eliminate
the �rst n' digits in a number of applications.
The van der Corput sequence is obviously cyclical, which can be problematic in
many applications. It rises and falls in cycles of two; nonetheless, this reliance can
be practically eliminated by randomly permuting the sequence. Van der Corput
sequences exist on di�erent prime number bases. The number of numbers used in
each cycle to �ll the range [0, 1) varies depending on the basis. The two initial cycles
in base two are the pairings (0, 1/2) and (1/4, 3/4).
With other bases, the cycle is longer. For instance, a sequence in base 3 has a power
of three denominator and a length cycle of three (the �rst cycle being 0, 1/3, and
2/3, for example). It appears as follows:

0, 1/3, 2/3, 1/9, 4/9, 7/9, 2/9, 5/9, 8/9, 1/27, 10/27, 19/27, .....

For the number n and base b, the van der Corput sequence is produced using the
following three steps [35]:
1. The base b expansion of the decimal-base value n is performed. For instance, in
base 2, n = 4 equals 100 (4 = 1� 22 + 0 � 21 + 0 � 20);
2. The base b number is re
ected. For instance, 001; and
3. Obtain base b's re
ected number. Van der Corput = 1/8 = 0.125 (= 0� 2� 1+0 �
2� 2 + 1 � 2� 3) is the decimal number that corresponds to the base 2 number 0.001
in the example.

Two equations are used to carry out these processes. The inverted base b digit
sequencesaj (e.g., a sequence of 0s and 1s for base 2, a sequence of 0s, 1s, and 2s
for base 3, etc.) are calculated in the �rst equation, while the associated van der
Corput sequence with base b to obtain the necessary decimal number n is calculated
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in the second equation [35]:

n =
P m

j =0 aj (n) bj

van der Corput base b(n)= ' b(n) =
P m

j =0 aj (n) b� j � 1

Here m is the smallest number such that for allj > m , aj (n) = 0. The reader
would �nd it interesting to review the base 2 example (which has the integers 0
through 15) to see how these two straightforward equations can be used to get the
sequence 0, 1/2, 1/4, 3/4, etc.

Friction sample values that are scattered over the interval [0,1] are required. Thus,
base 2 is used to obtain the sample values over the interval [0,1]. The Python code is
created to generate a succession of friction values with a set interval using the above-
explained formulae. The.json �le contains the QMC sequence samples. This.json
�le is subsequently supplied to the scenario simulation as an input. Later sections
provide a detailed explanation of it.

Let's see the example, for number of samples n= 100, Quasi random sequence
distributed over interval [0,1]

Figure 6.4: The samples generated using Quasi Monte carlo method when number
of samples N = 100
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6.3 Scenario Development

This section provides a detailed explanation of scenario construction using the
Python API and the CARLA simulator. A pedestrian abruptly shifts from one
end of the road to the other in front of the ego vehicle path in the dynamic object
crossing scenario. In response to the situation, the ego car slows down, measures the
gap between it and the pedestrian, applies the brake, and waits for the pedestrian
to cross the street. A similar situation where a pedestrian crosses the road in front
of the same vehicle path is depicted in the �gure 6.5. When the ego-vehicle comes
into an obstruction or an unexpected object on the road, it has to brake suddenly
or take an avoidance action.

Figure 6.5: Pedestrian crossing the road in front of the ego vehicle
[11]

Establishing a connection to the CARLA simulator as a server on default port
2000 is the �rst step in developing a scenario. Additionally, the client must be
con�gured to interact with a CARLA server that is operating on the local machine,
or localhost. In the CARLA world, a new map of Town10 HD is loaded using the
client object of the python API. Because it depicts a downtown urban environment
with skyscrapers, residential structures, an ocean promenade, apartment buildings,
hotels, public buildings, and boulevards dotted with trees, the town 10 HD map was
chosen. A town's road de�nition and three-dimensional model are both included in
a map. An OpenDRIVE �le, a standardised, annotated format for road de�nitions,
serves as the foundation for a map's road de�nition. The Python API's functionality
and the logic underlying decisions are determined by the de�nitions of roads, lanes,
junctions, and other features found in OpenDRIVE standard 1.4 [40]. To traverse
these routes, the Python API serves as a high-level searching system. The road
network in town 10 o�ers a variety of unique junction con�gurations with lane
markings, crossings, and signal kinds to test your autonomous agent's ability to
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negotiate with oncoming tra�c.
The road network is organized in a grid pattern with multiple junctions, such as a
4-way yellow-box junction, center reservations, and designated turning lanes. The
�gure 6.6 illustrates the road network of CARLA town 10.

Figure 6.6: Road network of CARLA Town 10
[40]

The following �gure 6.7(a) depicts the road intersection available in the map of
CARLA town 10. The �gure 6.7(b) shows the road crossing feature available in the
map of CARLA town 10.

The following stage is to choose and spawn the actors, such as the ego car, pedes-
trian, and necessary sensors in the loaded map, once the Carla world is fully con-
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