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Abstract

The integration of autonomous vehicles into urban traffic systems raises impor-
tant questions regarding their operational efficiency, environmental impact, and
interaction with dynamic road users such as pedestrians. This study presents a
comprehensive simulation-based evaluation of an autonomous robotaxi system,
referred to as ADone, using the Simulation of Urban Mobility (SUMO) framework.
A Monte Carlo approach with 200 randomized runs was employed to capture
variability in traffic density, pedestrian activity, weather conditions, and system
latency:.

The statistical analysis indicates that ADone exhibits an average travel time
increase of approximately 49% compared with conventional vehicles. Regression
analysis shows that this increase is primarily driven by pedestrian interactions and
safety-oriented vehicle responses rather than by overall traffic density, highlighting
the influence of localized urban interactions on autonomous driving performance.

From an environmental perspective, the system achieves an estimated 95% reduc-
tion in well-to-wheel CO4 emissions compared to conventional internal combustion
engine vehicles. This substantial decrease underscores the potential of electric
autonomous systems to significantly reduce transport-related emissions, even when
accounting for upstream energy factors.

Additionally, the results indicate that weather-adaptive driving behavior, partic-
ularly reduced acceleration under snow conditions, contributes to smoother energy
consumption profiles by limiting peak power demand. This effect supports improved
battery efficiency and enhanced operational stability under adverse conditions.

Overall, this work establishes a statistically validated framework and provides
quantitative insights into the performance trade-offs, environmental benefits, and
operational constraints of autonomous electric vehicles in complex urban environ-
ments.

Keywords: Autonomous Electric Vehicles, Robotaxi, SUMO, Monte Carlo
Simulation, Urban Traffic Simulation, Pedestrian Interaction, Carbon Emissions,
Smart Mobility.
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Chapter 1

Introduction

1.1 Introduction

The rapid advancement of autonomous vehicle technology is transforming the
landscape of urban transportation systems. Autonomous electric vehicles, particu-
larly robotaxi services, are increasingly viewed as a promising solution to reduce
traffic congestion, improve safety, enhance accessibility, and mitigate environmental
impacts. This development has been driven by progress in sensing technologies,
artificial intelligence, vehicle connectivity, and electric mobility [3], [5], [6], all of
which have contributed to the emergence of next-generation transportation systems.

Among the different applications of autonomous driving, autonomous robotaxis
represent one of the most promising solutions for future urban mobility. By com-
bining automation, electrification, and shared mobility concepts, robotaxi systems
may reduce dependence on private vehicles [7], [8], improve transport efficiency, and
contribute to lower transport-related emissions. However, despite significant techno-
logical progress, important questions remain regarding their real-world performance,
especially within complex urban environments characterized by heterogeneous traffic
flows, frequent pedestrian interactions, and varying environmental conditions.

Urban traffic systems present a unique set of challenges for autonomous vehicles.
Unlike controlled highway scenarios, city environments involve unpredictable inter-
actions with pedestrians, cyclists, and human-driven vehicles. These interactions
often require cautious decision-making strategies, such as speed reduction, yielding,
and additional braking maneuvers, which may affect travel efficiency and overall
system performance. In particular, the interaction between autonomous vehicles
and pedestrians introduces uncertainty and represents one of the most critical
aspects of autonomous urban driving [13], [14].

At the same time, the transition to electric propulsion introduces new con-
siderations related to energy consumption, battery efficiency, and environmental
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sustainability. While electric propulsion can substantially reduce direct vehicle
emissions, the true environmental benefit depends on driving behavior, electricity
generation sources, and external operating conditions such as traffic congestion
and weather. Therefore, understanding the trade-offs between operational effi-
ciency, safety-oriented autonomous behavior, and sustainability is essential for the
successful deployment of autonomous electric mobility systems [16], [18].

Existing research has explored several aspects of autonomous vehicle perfor-
mance, including traffic flow optimization, energy consumption modeling, pedestrian
interaction, and safety analysis. Simulation platforms such as the Simulation of
Urban Mobility (SUMO) have been widely used to study these systems under
controlled and repeatable conditions. However, many studies rely on deterministic
scenarios or limited experimental configurations, which may not fully capture the
inherent variability of real-world urban traffic. In particular, stochastic variations
in traffic density, pedestrian activity, system latency, and weather conditions can
significantly influence autonomous vehicle performance and should therefore be
explicitly considered in the evaluation process [23], [24].

To address these limitations, this study proposes a comprehensive Monte Carlo-
based simulation framework for evaluating the performance of an autonomous
electric robotaxi system, referred to as ADone. The framework is implemented in
SUMO and applied across 200 randomized simulation runs in order to capture a
wide range of urban operating conditions. The analysis incorporates variability in
traffic flow intensity, pedestrian generation rates, weather conditions, and decision-
making latency, allowing for a more realistic representation of urban mobility
dynamics.

The primary aim of this work is to quantitatively assess the ADone system across
multiple performance dimensions. These include travel time efficiency, well-to-wheel
carbon emissions, energy consumption, pedestrian interaction effects, and sensitivity
to external factors such as weather and latency. In addition, statistical techniques
including convergence analysis, bootstrap confidence intervals, correlation analysis,
regression modeling, and sensitivity analysis are employed to identify the dominant
factors influencing system performance.

Overall, this thesis contributes to the study of autonomous urban mobility by
providing a statistically validated evaluation framework and offering quantitative
insights into the trade-offs between efficiency, sustainability, and operational con-
straints. The findings highlight the importance of considering stochastic variability
and micro-level interactions when assessing autonomous electric robotaxi systems
in complex urban environments.
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1.2 Objectives

The primary objective of this study is to develop a statistically robust framework
for evaluating the performance of an autonomous electric robotaxi system in urban
traffic environments. To achieve this goal, the study focuses on the following
specific objectives:

To design and implement a Monte Carlo-based simulation framework capable
of capturing variability in traffic conditions, pedestrian activity, weather, and
system latency.

To analyze the impact of these factors on travel time and overall system
performance.

To evaluate the environmental benefits of the autonomous electric system by
quantifying well-to-wheel carbon emissions.

To identify the dominant factors influencing performance using multivariate
statistical analysis.

To investigate the effect of weather conditions on vehicle energy consumption
and operational behavior.

1.3 Thesis structure

This thesis is structured in a way that facilitates a comprehensive exploration of
the research objectives, methods, and findings. The document is divided into the
following chapters:

1.

Introduction: The first chapter presents the research background, defines
the problem statement, outlines the objectives, and introduces the overall
approach of the study.

Literature Review: Chapter 2 examines existing research on autonomous
vehicles, urban traffic simulation, energy consumption, and pedestrian interac-
tion, identifying the key gaps addressed in this work.

Methodology: Chapter 3 describes the proposed Monte Carlo-based frame-
work, including parameter selection, modeling assumptions, and statistical
analysis techniques.

Simulation Setup: Chapter 4 details the SUMO-based environment, in-
cluding the network configuration, vehicle models, and scenario generation
process.
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5. Results and Discussion: Chapter 5 presents and interprets the outcomes
of the simulation experiments, covering travel time performance, emission
analysis, regression modeling, sensitivity analysis, and weather effects.

6. Conclusion and Future Work: The final chapter summarizes the main
findings of the study and outlines potential directions for further research.



Chapter 2

Literature Review

2.1 Introduction

Autonomous vehicle technology has evolved rapidly over the past decade and
is increasingly recognized as one of the most significant innovations in modern
transportation systems. Advances in artificial intelligence, computer vision, sensor
fusion, and vehicle connectivity have enabled the development of vehicles capable
of perceiving their surroundings, making driving decisions, and navigating complex
environments with limited or no human intervention [3], [5], [6].

The integration of autonomous driving with electric propulsion has further
expanded the potential benefits of intelligent transportation systems [16], [18].
Autonomous electric vehicles have the capacity to improve road safety, reduce
traffic congestion, increase transportation accessibility, and decrease greenhouse
gas emissions [2], [4]. Consequently, governments, researchers, and industry stake-
holders have invested substantial resources in the development and deployment of
autonomous mobility solutions [43], [44].

Despite these advances, the large-scale deployment of autonomous vehicles
remains challenging. Urban environments are characterized by dynamic traffic
conditions, unpredictable pedestrian behavior, varying weather conditions, and
complex road infrastructures [13], [14]. These factors introduce uncertainty into
vehicle operation and may significantly influence the performance, safety, and
environmental impact of autonomous transportation systems.

To better understand these challenges, researchers have increasingly relied on
simulation-based methodologies capable of evaluating autonomous vehicle behavior
under controlled yet realistic operating conditions. Traffic simulation platforms,
particularly the Simulation of Urban Mobility (SUMO) [23], [24], have become
widely used tools for investigating vehicle performance, traffic low dynamics, energy
consumption, and environmental impacts.
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This chapter reviews the existing literature related to autonomous vehicles,
robotaxi systems, pedestrian interaction, environmental sustainability, traffic simu-
lation, Monte Carlo methodologies, and statistical analysis techniques. The chapter
concludes by identifying the research gaps addressed by the present study.

2.2 Autonomous Vehicles and Urban Mobility

Autonomous vehicles (AVs) are vehicles capable of sensing their environment and
performing driving tasks with varying degrees of automation. The most widely
adopted classification system for autonomous driving is provided by the Society of
Automotive Engineers (SAE) [1], which defines six levels of driving automation
ranging from Level 0 (no automation) to Level 5 (full automation).

Recent advances in sensing technologies, including LiDAR, radar, cameras, and
Global Navigation Satellite Systems (GNSS), have significantly improved vehicle
perception capabilities [5], [6]. Combined with machine learning algorithms and
high-performance computing platforms, these technologies enable autonomous vehi-
cles to detect obstacles [3], interpret traffic conditions, predict road-user behavior,
and make driving decisions in real time.

Researchers have identified several potential benefits associated with autonomous
mobility. One of the most frequently cited advantages is the reduction of road
accidents caused by human error. Human factors such as distraction, fatigue, and
impaired driving are responsible for a substantial proportion of traffic collisions
worldwide [2]. Autonomous vehicles have the potential to mitigate these risks by
maintaining continuous situational awareness and applying consistent decision-
making strategies.

Autonomous mobility is also expected to improve traffic efficiency. Connected
and autonomous vehicles can exchange information with surrounding vehicles and
infrastructure, enabling more coordinated traffic management and smoother traffic
flow [3], [40]. Previous studies have suggested that autonomous vehicles may
reduce congestion through adaptive routing, optimized car-following behavior, and
improved intersection management [4].

However, the operational performance of autonomous vehicles remains highly
dependent on the surrounding environment. Urban areas present challenges due to
dense traffic, frequent pedestrian interactions, traffic-control devices, and unpre-
dictable road-user behavior [13], [14]. Consequently, understanding the influence of
these factors remains an active area of research within intelligent transportation
systems.
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2.3 Autonomous Robotaxi Systems

One of the most promising applications of autonomous vehicle technology is the
development of robotaxi services. Robotaxis are autonomous vehicles that provide
on-demand transportation services without requiring a human driver [7]. By
combining automation with shared mobility concepts, robotaxis have the potential
to transform urban transportation and reduce the need for private vehicle ownership
[7], [3].

The concept of robotaxi systems has attracted considerable attention from both
academia and industry. Researchers have investigated a wide range of topics,
including fleet management, passenger demand forecasting, ride-sharing optimiza-
tion, vehicle dispatching strategies, and energy-efficient routing [7], [8]. These
studies suggest that autonomous ride-hailing services may contribute to improved
transportation accessibility while simultaneously reducing operational costs.

Several studies have emphasized the importance of efficient routing and fleet
coordination within robotaxi systems [8]. Because autonomous vehicles continuously
respond to changing traffic conditions and passenger demand, routing decisions
directly influence travel time, energy consumption, and service quality. As a result,
adaptive route planning has become a critical component of robotaxi operations.

In addition to operational efficiency, safety remains a central concern for au-
tonomous ride-hailing services. Robotaxis must operate reliably in highly dynamic
environments while interacting safely with pedestrians, cyclists, and human-driven
vehicles [13], [14]. Consequently, many researchers have focused on developing
robust perception systems, prediction algorithms, and decision-making frameworks
capable of handling uncertain urban scenarios.

The increasing deployment of commercial robotaxi services provides valuable
opportunities to evaluate autonomous mobility under real-world conditions [9], [10],
[11], [12]. These deployments offer insights into both the technological capabilities
and operational challenges associated with autonomous transportation systems and
highlight the need for comprehensive performance evaluation frameworks.

2.3.1 Recent Commercial Robotaxi Deployments

The transition from experimental autonomous vehicle testing to commercial de-
ployment has accelerated significantly during the past decade. Several companies
have launched robotaxi services in real urban environments, providing valuable
insights into the practical opportunities and challenges associated with autonomous
mobility.

Among the most prominent deployments is Waymo One, operated by Waymo
in the United States. Waymo has accumulated millions of autonomous driving
kilometers and provides fully driverless ride-hailing services [9] in selected urban

7
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regions. Similarly, Apollo Go, developed by Baidu in China, has expanded au-
tonomous ride-hailing operations across multiple cities and completed millions
of passenger trips [10]. Other companies, including Cruise and Zoox, have also
conducted extensive pilot programs aimed at evaluating autonomous transportation
under real-world operating conditions [11], [12].

These deployments have demonstrated that autonomous mobility is technically
feasible; however, they have also revealed several persistent challenges. Urban
environments require autonomous vehicles to continuously interact with pedestrians,
cyclists, traffic signals, and human-driven vehicles. Such interactions often result in
conservative driving behavior that can influence travel time, energy consumption,
and overall system efficiency.

The experience gained from commercial robotaxi deployments suggests that
evaluating autonomous mobility systems requires more than simply assessing
technological capability. Operational performance, environmental sustainability,
and interaction behavior must also be considered when determining the viability of
autonomous transportation services. Consequently, simulation-based evaluation
frameworks continue to play an important role in supporting the development and
validation of future robotaxi systems [23], [24].

2.4 Autonomous Vehicle—Pedestrian Interaction

Pedestrian interaction represents one of the most challenging aspects of autonomous
urban driving. Unlike vehicles, pedestrians frequently exhibit unpredictable be-
havior and may change direction, speed, or crossing intentions without warning.
Consequently, autonomous vehicles must continuously monitor surrounding pedes-
trian activity and adapt their behavior accordingly.

Several studies have identified pedestrian interactions as a critical factor influenc-
ing autonomous vehicle performance [13], [14]. In urban environments, pedestrians
often trigger speed reductions, yielding maneuvers, and route adjustments that can
increase travel time and affect operational efficiency [14]. While these behaviors
improve safety, they may simultaneously reduce vehicle throughput and mobility
performance.

Researchers have proposed various approaches for modeling pedestrian behavior
within autonomous transportation systems. Common methods include trajectory
prediction models, intention recognition algorithms, probabilistic behavior models,
and machine-learning-based prediction techniques [13], [15]. These approaches aim
to improve the ability of autonomous vehicles to anticipate pedestrian actions and
respond appropriately.

Recent research increasingly suggests that pedestrian interactions may represent
a more significant source of delay than traditional traffic congestion in certain
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urban scenarios [13], [14]. While traffic density has historically been considered
the primary determinant of travel time, several studies have reported that frequent
pedestrian encounters can substantially influence vehicle behavior, particularly
within city centers and pedestrian-rich environments.

Despite considerable progress in this area, accurately modeling pedestrian
behavior remains challenging. Human decision-making is inherently uncertain and
influenced by numerous environmental and social factors [15]. Consequently, further
investigation is required to better understand the relationship between pedestrian
activity and autonomous vehicle performance.

2.5 Environmental Sustainability of Electric Au-
tonomous Vehicles

The transportation sector is responsible for approximately one-quarter of global
energy-related greenhouse gas emissions, making decarbonization a major policy
objective worldwide [17]. As urban populations continue to grow and transportation
demand increases, reducing the environmental impact of mobility systems has
become a critical challenge for policymakers, researchers, and industry stakeholders.

Electric vehicles have emerged as a key strategy for reducing transportation-
related emissions. Compared with conventional internal combustion engine vehicles,
battery electric vehicles eliminate tailpipe emissions and generally produce lower
lifecycle carbon footprints when supplied by low-carbon electricity sources [19]. In
addition to reducing greenhouse gas emissions, electric vehicles can contribute to
improved urban air quality by decreasing emissions of pollutants such as nitrogen
oxides and particulate matter [16], [18].

The environmental benefits of autonomous electric vehicles are expected to
extend beyond electrification alone. Autonomous driving systems can optimize
acceleration patterns, reduce unnecessary braking, improve route selection, and
maintain smoother speed profiles [4], all of which contribute to lower energy
consumption. By continuously monitoring traffic conditions and adjusting driving
behavior in real time, autonomous vehicles may operate more efficiently than
conventional human-driven vehicles.

Recent studies have emphasized the importance of combining vehicle electri-
fication with intelligent mobility strategies. Autonomous electric vehicles may
further reduce energy consumption through smoother acceleration profiles, op-
timized routing decisions, and adaptive traffic management. Researchers have
reported that the environmental benefits of autonomous electric transportation are
highly dependent on local electricity generation sources and operational conditions
[20], [21], highlighting the importance of Well-to-Wheel assessment methodologies
when evaluating sustainability performance.

9
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However, several studies have emphasized the importance of evaluating emissions
using a Well-to-Wheel perspective rather than considering only direct vehicle emis-
sions [20]. Well-to-Wheel analysis accounts for electricity generation, transmission
losses, fuel production, and energy conversion processes [20], providing a more
comprehensive assessment of environmental impact. This approach is particularly
important when comparing electric and conventional vehicles, as the environmental
advantages of electrification may vary according to the carbon intensity of the
electricity grid used for charging.

Recent investigations have reported substantial carbon emission reductions for
autonomous electric vehicles relative to conventional vehicles, although results vary
depending on electricity generation sources, driving conditions, vehicle character-
istics, and operational strategies [18], [19], [22]. These findings suggest that the
sustainability benefits of autonomous electric mobility cannot be generalized across
all contexts and should therefore be evaluated using realistic operating scenarios
and region-specific energy data.

Consequently, robust environmental assessment frameworks remain essential
for quantifying the true sustainability benefits of autonomous electric mobility
systems. The integration of energy-consumption modeling, traffic simulation, and
Well-to-Wheel emission analysis provides a valuable methodology for evaluating
the environmental performance of future autonomous transportation systems and
identifying strategies that maximize sustainability benefits.

2.6 Simulation of Urban Mobility (SUMO)

Simulation has become an indispensable tool for evaluating autonomous vehicle
systems due to the complexity, cost, and safety considerations associated with
real-world testing. Traffic simulation platforms enable researchers to investigate
vehicle behavior under a wide range of operating conditions while maintaining full
control over environmental variables.

Among the available traffic simulation tools, the Simulation of Urban Mobility
(SUMO) has emerged as one of the most widely used platforms for transportation
research. Developed by the German Aerospace Center (DLR), SUMO is an open-
source microscopic traffic simulator capable of modeling large-scale road networks,
vehicle interactions, pedestrian movements, public transportation systems, and
traffic-control devices [23], [24]. Its flexibility and extensive functionality have
made it a popular choice for studies involving intelligent transportation systems,
autonomous vehicles, and traffic management applications.

One of the principal advantages of SUMO is its ability to represent individual
vehicle behavior at a microscopic level. Each vehicle can be assigned unique
characteristics, routes, and decision-making rules [25], enabling detailed analyses of
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traffic dynamics and autonomous driving strategies. In addition, SUMO supports
dynamic rerouting, trafficcdemand generation, pedestrian modeling, and real-time
communication through the Traffic Control Interface (TraCI) [24], [27], making it
particularly suitable for autonomous mobility research.

Recent studies have employed SUMO to investigate a variety of transportation-
related topics, including autonomous vehicle deployment, congestion management,
energy consumption optimization, and vehicle-to-infrastructure communication
[25], [26]. Researchers have demonstrated that SUMO provides a realistic and
computationally efficient environment for evaluating the performance of intelligent
transportation systems under diverse operating conditions.

Despite its widespread adoption, SUMO remains a simplified representation
of reality. Human behavior, environmental uncertainty, and vehicle perception
systems cannot be fully replicated within a simulation environment. Nevertheless,
SUMO provides a robust and well-established framework for conducting controlled
and repeatable transportation experiments, making it an appropriate platform for
the present study.

2.7 Monte Carlo Simulation in Transportation
Research

Transportation systems are inherently stochastic. Traffic demand fluctuates through-
out the day, pedestrian activity varies across locations, weather conditions change
over time, and communication systems experience varying levels of latency and
reliability. As a result, evaluating autonomous vehicle performance using a single
deterministic scenario may not adequately represent real-world operating conditions.

Monte Carlo simulation provides a powerful methodology for addressing this
challenge. The technique involves repeatedly executing a model under randomly
generated input conditions and analyzing the resulting distribution of outputs [30],
[31]. Rather than producing a single outcome, Monte Carlo methods generate a
range of possible outcomes that reflect the uncertainty present within the system
being studied.

The application of Monte Carlo simulation has expanded significantly within
transportation research. Previous studies have used Monte Carlo approaches to
evaluate traffic flow variability, infrastructure reliability, travel demand uncertainty,
vehicle routing strategies, and transportation network resilience [31], [32]. By
incorporating stochastic variability into the analysis, researchers are able to obtain
more realistic estimates of system performance and identify the factors most strongly
influencing operational outcomes.

In the context of autonomous mobility, Monte Carlo simulation offers several
important advantages. First, it enables the simultaneous investigation of multiple
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uncertain variables, such as traffic density, pedestrian activity, communication
latency, and weather conditions [32]. Second, it allows researchers to quantify un-
certainty in key performance indicators, including travel time, energy consumption,
and environmental impact. Third, it provides a statistically robust framework for
evaluating system behavior under a large number of operating scenarios.

For these reasons, Monte Carlo simulation has become increasingly valuable
for assessing autonomous transportation systems operating within dynamic and
uncertain urban environments.

2.8 Statistical Methods for Autonomous Mobility
Analysis

The increasing complexity of autonomous transportation systems has generated
a growing need for advanced statistical analysis techniques capable of extracting
meaningful insights from large simulation datasets. While descriptive statistics
provide a useful overview of system behavior, more sophisticated methods are often
required to identify significant relationships, quantify uncertainty, and evaluate the
influence of individual variables.

Hypothesis testing remains one of the most widely used statistical approaches
in transportation research. Methods such as the Welch’s t-test, paired t-test, and
Mann-Whitney U test allow researchers to determine whether observed differences
between experimental groups are statistically significant or merely the result of
random variation [34], [35]. These techniques are particularly valuable when com-
paring autonomous and conventional vehicle performance across multiple operating
scenarios.

Bootstrap methods have also gained popularity due to their ability to estimate
confidence intervals without relying on strict distributional assumptions [33]. By
repeatedly resampling the original dataset, bootstrap techniques provide robust
estimates of statistical uncertainty and improve the reliability of performance
evaluations.

Correlation analysis is frequently employed to identify relationships between
operational variables [36]. In autonomous mobility studies, correlation coefficients
can reveal how traffic density, pedestrian activity, communication latency, or
weather conditions influence key performance metrics such as travel time and
energy consumption.

Regression modeling represents another important analytical tool. Multiple
linear regression models allow researchers to quantify the influence of several
independent variables simultaneously and determine which factors contribute most
strongly to system behavior [38]. Such models are particularly useful for identifying
dominant performance drivers and supporting evidence-based decision making.
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More recently, sensitivity analysis has become increasingly common in trans-
portation research. Sensitivity analysis evaluates how changes in input parameters
affect system outputs and can provide valuable insights into the robustness of
autonomous mobility systems operating under uncertain conditions [39].

Collectively, these statistical methods provide a rigorous framework for evaluating
autonomous vehicle performance and support the development of scientifically
validated conclusions.

2.9 Research Gap

Although significant progress has been made in autonomous vehicle research, several
important limitations remain evident in the existing literature.

Many studies evaluate autonomous vehicles using deterministic simulation sce-
narios or a limited number of predefined conditions, which may not adequately
represent the variability of real urban environments. In practice, traffic density,
pedestrian activity, weather conditions, and communication performance contin-
uously fluctuate, creating uncertainty that is often not captured in traditional
simulation studies.

Furthermore, while pedestrian interaction has been recognized as a critical
challenge for autonomous mobility, relatively few studies have investigated its
influence alongside traffic congestion, communication latency, weather variability,
and environmental sustainability within a single analytical framework. Existing
research frequently examines these factors independently, making it difficult to
assess their combined impact on vehicle performance.

Another limitation concerns environmental assessment. Many studies focus
primarily on direct vehicle emissions and energy consumption, while comparatively
fewer investigations employ a comprehensive Well-to-Wheel approach capable of
capturing the indirect environmental impacts associated with electricity generation
and energy conversion processes.

Finally, many autonomous mobility studies rely on descriptive performance
comparisons and lack rigorous statistical validation methods capable of quantifying
uncertainty and identifying the dominant factors influencing system behavior.

To address these limitations, this thesis proposes a Monte Carlo—based simulation
framework that integrates autonomous vehicle modeling, pedestrian interaction
analysis, weather variability, communication latency, Well-to-Wheel environmental
assessment, and advanced statistical analysis within a unified methodology. The
framework is applied to the ADone autonomous electric robotaxi and evaluated
across 200 randomized simulation runs, providing a statistically robust assessment
of autonomous urban mobility performance.
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Chapter 3

Methodology

3.1 Introduction

This chapter presents the methodological framework developed for evaluating the
performance of the ADone autonomous electric robotaxi in urban environments.
The study employs a Monte Carlo simulation approach integrated with microscopic
traffic modeling to investigate the effects of traffic density, pedestrian activity,
communication latency, and weather conditions on vehicle performance.

The methodology was designed to quantify both operational and environmental
performance indicators while ensuring statistical validity through repeated random-
ized simulation experiments. The proposed framework combines stochastic scenario
generation, performance monitoring, statistical inference, regression analysis, and
uncertainty quantification.

The overall methodology consists of seven major stages so the workflow adopted
throughout the study is illustrated in Figure 3.1.

Literature Review Monte Carlo Sampling SUMO Simulation Results
. A N el N A
Parameter Selection Data Collection Statistical Analysis

Figure 3.1. Research Methodology Workflow

Figure 3.1 presents the overall research methodology adopted in this study. The
framework begins with the identification of relevant parameters through literature
review and proceeds through simulation-based experimentation and statistical
evaluation.
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3.2 Research Framework

The objective of this research is to evaluate the behavior of an autonomous electric
robotaxi operating within a dynamic urban environment.

Unlike deterministic simulation studies that analyze only a limited number
of predefined scenarios, this work adopts a stochastic Monte Carlo approach to
account for uncertainty in real-world operating conditions [30], [32].

The investigated variables include:

Traffic density

Pedestrian activity

Communication latency

Weather conditions
The primary outputs of interest are:

o Travel time

e Emnergy consumption

o Carbon emissions

o Vehicle speed

o Pedestrian interaction metrics

» Route adaptation behavior

3.3 Monte Carlo Simulation Approach

Monte Carlo Simulation (MCS) is a stochastic numerical technique based on
repeated random sampling that is widely used to estimate the behavior of complex
systems operating under uncertainty [30]. Instead of analyzing a single deterministic
scenario, Monte Carlo methods generate a large number of independent simulation
runs in which uncertain input variables are randomly sampled from predefined
probability distributions. The resulting collection of outcomes provides a statistical
representation of system performance and allows both the expected behavior and
the variability of the system to be quantified [31], [32].

In this study, Monte Carlo Simulation was employed to reproduce the stochas-
tic nature of urban traffic conditions affecting the ADone autonomous robotaxi.
For each simulation run, a unique combination of environmental and operational
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parameters was randomly generated before the simulation started. This approach
enables the evaluation of vehicle performance under a broad range of realistic oper-
ating conditions while reducing the bias associated with deterministic simulation
scenarios. The Monte Carlo estimator of the expected value of a performance
metric is given by

~ 1 X

E(X) = N ; X;
where
o N is the total number of independent simulation runs.
e i is the simulation index (7=1,2,...,N).

o X, is the value of the selected performance metric obtained during simulation
run 7.

A total of

N =200

independent Monte Carlo simulations were performed throughout this study.
The selected sample size was considered sufficient after convergence analysis demon-
strated that the cumulative mean of the principal performance indicators became
stable as the number of simulation runs increased (Section 3.15).

3.3.1 Randomized Simulation Parameters

The uncertainty of the simulation environment was represented through random
sampling of the principal input variables. Continuous variables were generated using
uniform probability distributions, since no prior statistical information was available
to justify favoring particular values within the selected ranges. Under a uniform
distribution, every value inside the specified interval has the same probability of
being selected.

Weather conditions were modeled as a discrete uniform random variable, where
each weather scenario (Clear, Rain, and Snow) had an equal probability of being
selected at the beginning of each Monte Carlo run.

Parameter Probability Distribution Range / Values
Traffic generation period Uniform 0.5-2.0s
Communication latency Uniform 0.5-5.0 s

Weather condition Discrete Uniform Clear, Rain, Snow

Table 3.1. Randomized simulation parameters used in the Monte Carlo framework
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3.4 Experimental Variables

The simulation framework incorporates four randomized input variables that rep-
resent the principal sources of uncertainty encountered by autonomous vehicles
operating in urban environments. These variables were selected because they
directly influence traffic conditions, vehicle decision-making, and overall system
performance. Unless otherwise stated, continuous variables were sampled using
a uniform probability distribution, meaning that every value within the selected
interval had an equal probability of being generated. This assumption was adopted
because no prior statistical information was available to justify favoring specific
values within the predefined ranges.

3.4.1 Traffic Density

Traffic demand is represented through the vehicle insertion period, which determines
how frequently new vehicles enter the road network during the simulation.

0.5 < Period < 2.0 s

The insertion period was randomly sampled from a continuous uniform distri-
bution, ensuring that every value between 0.5 s and 2.0 s was equally likely to
occur.

Traffic low was then calculated as

3600

Flow =
ow Period

where

o Flow is expressed in vehicles per hour (veh/h)

o Period is the vehicle insertion interval in seconds

Consequently, shorter insertion periods generate higher traffic densities, while

longer periods produce lighter traffic conditions.

3.4.2 Pedestrian Activity
Pedestrian activity is modeled through the pedestrian generation period, which

controls the frequency at which pedestrians are inserted into the simulation.

0.2 < Pedestrian Period < 1.2's

The pedestrian generation period was sampled from a continuous uniform distri-
bution, allowing the simulation to reproduce varying levels of pedestrian activity
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ranging from sparse to highly crowded urban environments. Since pedestrian inter-
actions are one of the principal factors affecting autonomous driving performance,
randomizing this variable provides a more realistic representation of urban mobility
conditions.

3.4.3 Communication Latency

Communication latency represents the elapsed time between the detection of a
persistent congestion condition and the execution of a route adaptation decision by
the autonomous vehicle.

This delay models the time required for sensing, processing, decision-making,
and route recomputation before the vehicle receives an updated path.

0.5 < Latency < 5.0 s

Latency values were randomly sampled from a continuous uniform distribu-
tion, allowing the evaluation of autonomous vehicle performance under different
communication and processing delays.

3.4.4 Dynamic Route Adaptation

Dynamic route adaptation enables the autonomous vehicle to respond to congestion
by periodically evaluating its driving conditions and requesting an alternative route
when necessary.

Throughout the simulation, the instantaneous vehicle speed is continuously
monitored. A rerouting request is generated only when the vehicle speed remains
below a predefined threshold for a period equal to the sampled communication
latency. Consequently, temporary stops caused by traffic lights or normal yielding
behavior generally do not trigger route recalculation, since the vehicle resumes
movement before the latency interval expires.

The rerouting condition is defined as

v<3(m/s)
where:
e v is the instantaneous vehicle speed.

The threshold of 3 m/s was selected to identify sustained low-speed conges-
tion rather than brief stops occurring during normal traffic operation. Using
instantaneous speed allows the routing algorithm to react immediately to persis-
tent congestion, whereas averaging the speed over a fixed distance (e.g., 100 m)
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could delay the detection of rapidly developing traffic conditions and reduce the
responsiveness of the autonomous navigation system.

Once the rerouting condition has been satisfied for the specified latency period,
the vehicle computes a new shortest path based on the current traffic conditions
within the SUMO routing engine.

3.4.5 Weather Conditions

Three weather scenarios were considered throughout the Monte Carlo simulations:

e Clear
e Rain
e Snow

For each simulation run, one weather condition was randomly selected using a
discrete uniform distribution, giving each scenario an equal probability of occur-
rence.

The selected weather condition remained constant throughout the entire sim-
ulation run and modified the vehicle dynamics by adjusting both the maximum
allowable speed and the desired safety gap between vehicles. The numerical val-
ues of these adjustment factors are presented in Section 4.8, where the complete
simulation configuration is described.

3.5 Performance Indicators

To comprehensively evaluate the operational and environmental performance of
the ADone autonomous robotaxi, several quantitative performance indicators
were recorded during each Monte Carlo simulation. These indicators characterize
vehicle efficiency, traffic interaction, energy consumption, and environmental impact,
providing the basis for the statistical analyses presented in Chapter 5.

3.5.1 Travel Time

Travel time represents the total duration required for the autonomous vehicle to
complete its assigned route. It is computed as the difference between the arrival
time and the departure time.

ﬂravel - Tarrival - Tdeparture

where
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o Tiraver is the total travel time (s)
o Torrivar 1S the arrival time (s)

o Tieparture is the departure time (s)

Travel time is one of the principal indicators used to evaluate the operational
efficiency of the autonomous vehicle under different traffic, pedestrian, weather,
and communication conditions.

3.5.2 Mean Speed

The average speed of the autonomous vehicle is defined as the ratio between the
total traveled distance and the corresponding travel time.

D

Ttravel

U =
where

o D is the total distance traveled (m)

o Tiraver is the travel time (s)

Within the SUMO simulation environment, the average vehicle speed is obtained
by averaging the instantaneous vehicle speed over the complete trajectory, which is
mathematically equivalent to the above definition.

Higher average speeds generally indicate more efficient traffic flow, whereas lower
average speeds often reflect congestion, pedestrian interactions, or adverse weather
conditions.

3.5.3 Speed Variability

Speed variability quantifies the fluctuations of the vehicle speed during the simu-
lation and is evaluated using the standard deviation of the instantaneous speed
samples.

where

0, is the speed standard deviation (m/s)

e v; is the instantaneous speed at sample 7
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e T is the mean vehicle speed
e n is the total number of recorded speed samples

A higher standard deviation indicates less stable driving behavior, while lower
values correspond to smoother and more consistent vehicle motion.

3.5.4 Stopped Time

Stopped time represents the cumulative duration during which the autonomous
vehicle is considered stationary. Following the SUMO convention adopted in this
work, the vehicle is regarded as stopped whenever its instantaneous speed falls
below 0.1 m/s.

The total stopped time is calculated as

N
Tstop == Z[ (Ut < O].) At

t=1

Where

Tstop is the total stopped time (s)

vy is the instantaneous vehicle speed at simulation step ¢

I is the indicator function, which equals 1 when the condition is true and 0
otherwise

At is the simulation time step

N is the total number of simulation steps

At=1s

therefore, one second is accumulated whenever the stopping condition is satisfied.
Stopped time provides an indication of congestion severity and the influence of
pedestrian crossings, traffic lights, and other traffic interactions on vehicle operation.

3.5.5 Pedestrian Encounters

Pedestrian encounters quantify the interactions between the autonomous vehicle
and nearby pedestrians. During each simulation step, the Euclidean distance
between the vehicle and every pedestrian is computed.

d= \/(xv - xp)z + (Yo — yp>2

where
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e X, , Y, are the vehicle coordinates
e T, , Yp are the pedestrian coordinates
e d is the Euclidean distance between the vehicle and the pedestrian

A pedestrian encounter is registered whenever

d<10m

The detection region is modeled as a circular area centered on the autonomous
vehicle with a radius of 10 m. Consequently, every pedestrian located inside this
detection region is counted as an encounter regardless of whether the pedestrian
is located in front of, beside, or behind the vehicle. This metric was selected to

quantify the overall density of nearby pedestrian interactions rather than only
potential collision conflicts.

10 m J
detection —|
radius 1

Countedas  T777°
encounter

lgnored
(outside radius)

Figure 3.2. ADone and Pedestrian Interaction

Figure 3.2 illustrates the pedestrian encounter detection mechanism adopted
throughout the simulation framework.
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3.6 Energy Consumption Model

Energy consumption values were obtained directly from the SUMO electric vehicle
model using the TraCl interface, which provides the instantaneous electrical energy
consumption at every simulation time step [27]. The total energy consumed during
a simulation is computed by accumulating the energy consumed over all simulation

steps.
The cumulative energy consumption is calculated as

N
FEiotal = Z Ey

t=1

where
o Ejoqis the total electrical energy consumed during the simulation (Wh)
o E, is the electrical energy consumed during simulation step ¢ (Wh)

o N is the total number of simulation steps

Since the simulation is evaluated at discrete time intervals, the cumulative
energy consumption is represented as a finite summation rather than a continuous
integral.

3.7 Carbon Emission Model

The environmental assessment adopts a Well-to-Wheel (WTW) perspective to
quantify the indirect carbon emissions associated with electric vehicle operation.
Unlike tailpipe emission analysis, the WTW approach considers electricity genera-
tion and energy delivery processes, providing a more comprehensive assessment of
environmental impact [20].

Carbon emissions are estimated as

COZ - Etotal X CIelectric
where

o CO, is the estimated Well-to-Wheel carbon emissions (¢COy)
o Ejq is the total electrical energy consumption (Wh)

o Clgectric is the effective carbon intensity of the electricity supply (¢COz/Wh)
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The carbon intensity value was derived from the average Italian electricity
generation mix. An average grid carbon intensity of 212 gCO,/kWh was adopted
[21]. To account for electricity transmission, distribution, and charging losses,
an overall energy delivery efficiency of 89% was assumed [22]. Consequently, the
effective carbon intensity used throughout this study is

212
Cloeetric = —— = 2382 gCOy/kWh
0.89

This value was applied consistently throughout the simulations to estimate the
indirect carbon emissions associated with ADone electric vehicle operation. Carbon
emissions per kilometer are calculated as

CO,

COQ/km = D
travel

where
o COsy/ky, is the carbon emission intensity (¢COg/km)

« COy is the total Well-to-Wheel carbon emissions (¢CO,)

o Dyraver 1s the total distance traveled by the vehicle (km)

3.7.1 Carbon Modeling Derivation

To quantify the environmental benefit of the autonomous electric vehicle, the per-
centage reduction in carbon emissions relative to a conventional internal combustion
engine (ICE) vehicle is computed as

COZ,IC’E’ - COQ,ADOﬂe) % 100
COsz10E
This metric expresses the percentage decrease in carbon emissions achieved by
the ADone autonomous electric robotaxi compared with a conventional ICE vehicle
operating under identical simulation conditions.

Reduction(%) = (

3.8 Statistical Analysis Framework

The performance of the ADone autonomous robotaxi was evaluated using a com-

prehensive statistical framework designed to assess system behavior, compare

autonomous and conventional vehicles, and quantify the uncertainty associated

with the Monte Carlo simulations. All statistical analyses were implemented in

Python using the NumPy, Pandas, SciPy, Statsmodels, and Seaborn libraries.
The statistical methodology consisted of the following stages:
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1. Normality assessment using the Shapiro-Wilk test.
2. Selection of appropriate hypothesis tests based on the normality results.

Effect size analysis using Cohen’s d.

- W

Bootstrap confidence interval estimation.
Correlation analysis.

Multiple linear regression.

Ne «

Sensitivity analysis.
8. Monte Carlo convergence analysis.

These analyses were applied to the principal performance indicators collected
during the simulations, including travel time, mean speed, energy consumption,
carbon emissions, carbon emissions per kilometer, stopped time, rerouting events,
and pedestrian encounters.

The objective of this framework was to determine whether the observed dif-
ferences were statistically significant, identify the variables that most strongly
influenced autonomous vehicle performance, and evaluate the reliability of the
obtained simulation results.

3.9 Normality Assessment

Before performing any comparative statistical analysis, the distributions of the
principal performance indicators were evaluated using the Shapiro-Wilk normality
test. The test was applied independently to the distributions of travel time, mean
speed, energy consumption, carbon emissions, carbon emissions per kilometer,
stopped time, rerouting events, and pedestrian encounters.

The Shapiro-Wilk test evaluates whether a sample can reasonably be assumed
to originate from a normally distributed population [35].

The null hypothesis is defined as

Hy : The data are normally distributed
The alternative hypothesis is

H, : The data are not normally distributed

The decision criterion adopted in this study was
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e p >0.05: the null hypothesis is not rejected, indicating that the data are
approximately normally distributed.

e p<0.05: the null hypothesis is rejected, indicating that the data do not follow
a normal distribution.

The outcome of the Shapiro-Wilk test determined the selection of the subsequent
statistical tests. Variables satisfying the normality assumption were analyzed using
parametric statistical methods, whereas non-normal variables were evaluated using
the corresponding non-parametric alternatives.

3.10 Comparative Statistical Testing

The objective of the comparative statistical analysis was to determine whether the
observed differences between the ADone autonomous robotaxi and conventional
internal combustion engine (ICE) vehicles were statistically significant. For each
performance indicator, the appropriate statistical test was selected according to
the outcome of the normality assessment described in Section 3.9.

If the compared datasets followed a normal distribution, Welch’s t-test was
applied. Otherwise, the Mann—Whitney U test was used. In addition, a paired t-test
was performed to compare the travel times of ADone and ICE vehicles travelling
along identical routes, thereby eliminating the influence of route variability on the
comparison. A significance level of @ = 0.05 was adopted throughout the study.
Consequently, a p-value < 0.05 indicates that the observed difference between the
two vehicle types is statistically significant.

The comparative analysis was performed for the principal performance indicators
investigated in this study, including:

e Travel Time
o Mean Speed

e Carbon Emissions

These variables constitute the primary metrics used to evaluate the operational
efficiency and environmental performance of the ADone autonomous robotaxi.

3.10.1 Welch’s t-Test

Whenever the Shapiro-Wilk test indicated that both datasets were approximately
normally distributed, the comparison between ADone and ICE vehicles was per-
formed using Welch’s t-test. Unlike the classical Student’s t-test, Welch’s test does
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not require equal variances between the compared samples, making it particularly
suitable for simulation data where variability may differ between vehicle types [34].
The test statistic is

L ADone — LICE

2 2
SADone _I_ Sice
N ADone nNicEe

e Taponeand T7cr denote the sample means of the ADone and ICE datasets,
respectively

t=

where

e Sapone and s;op are the corresponding sample standard deviations

e NApone and njop represent the sample sizes

The null hypothesis assumes that the mean values of the two groups are equal.
If the computed p-value is less than 0.05, the null hypothesis is rejected, indicating
that the observed performance difference is statistically significant.

3.10.2 Mann—Whitney U Test

When the normality assumption was not satisfied, the comparison between ADone
and ICE results was performed using the Mann—Whitney U test.

The Mann-Whitney U test is a non-parametric statistical method that compares
the relative ranking of observations rather than their numerical means. Conse-
quently, it is robust against skewed distributions and outliers, making it appropriate
for Monte Carlo simulation outputs that do not satisfy the assumptions required
by parametric statistical tests.

In this study, the Mann-Whitney U test was applied whenever the Shapiro-Wilk
test rejected the normality assumption. As for the Welch’s t-test, a significance
level of = 0.05 was adopted. A p-value below 0.05 indicates that the distributions
of the ADone and ICE performance metrics differ significantly.

3.10.3 Paired t-Test

In addition to the independent comparisons, a paired t-test was performed to
compare the travel times of ADone and ICE vehicles travelling along identical
routes. Since both vehicles follow the same origin—destination pair, the paired
comparison removes the influence of route variability and isolates the effect of the
autonomous driving strategy on travel time.
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The paired t-test evaluates whether the mean difference between the paired
observations is significantly different from zero.
The paired difference is defined as

d; = Ti,ADone — L4 ICE
The test statistic is

dy'n

Sd

t =

where

d; is the travel time difference for the i-th route

« d is the mean value of all paired differences

sq is the standard deviation of the paired differences

n is the total number of paired observations

A p-value smaller than 0.05 indicates that the travel times of the ADone and
ICE vehicles differ significantly when evaluated over identical routes.

3.11 Effect Size Analysis

Statistical significance alone does not indicate the magnitude of the observed
differences between the ADone autonomous robotaxi and conventional ICE vehicles.
Therefore, Cohen’s d was computed to quantify the practical significance of the
differences identified by the hypothesis tests. Unlike the p-value, Cohen’s d measures
the magnitude of the effect independently of the sample size, providing an indication
of whether the observed difference is negligible or practically meaningful.

The effect size is calculated as

d — T ADone — XICE

Spooled
where
Caome — 1) S & 20~ D5}
N ADone S'ADone nice STCE
Spooled =
N ADone + nNice — 2
where

* TaDone and Tjog are the sample means
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* Spooled 15 the pooled standard deviation
e Napone and nyocp are the sample sizes

Following the guidelines proposed by Cohen [37], the effect size was interpreted
as

e 0.2 — Small effect
e 0.5 — Medium effect
o 0.8 — Large effect

In this study, Cohen’s d was computed for the principal performance indicators
to complement the hypothesis tests and evaluate the practical importance of the
observed differences.

3.12 Bootstrap Confidence Intervals

To evaluate the uncertainty associated with the estimated performance metrics, a
bootstrap resampling procedure was applied. Unlike classical confidence interval es-
timation, bootstrap methods do not require the assumption of normally distributed
data and are therefore particularly suitable for stochastic Monte Carlo simulation
results [33].

In this study, bootstrap resampling was applied to the travel time results of the
ADone vehicle. During each bootstrap iteration, a new dataset of equal size was
generated by randomly sampling the original observations with replacement. The
mean travel time of the resampled dataset was then computed and stored.

The bootstrap procedure consisted of the following steps:

1. Randomly sample the original travel-time observations with replacement.
2. Compute the sample mean.
3. Store the estimated mean.

4. Repeat the procedure 1000 times.

The resulting empirical distribution of the bootstrap estimates was used to
compute the 95% confidence interval, defined by the 2.5th and 97.5th percentiles.
Clys = [Pys, Por.s)

A total of 1000 bootstrap iterations were performed to estimate the uncertainty
of the travel-time results.
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3.13 Correlation Analysis

Correlation analysis was performed to quantify the linear relationships between the
principal simulation variables and to identify the factors most strongly associated
with autonomous vehicle performance. In this study, the Pearson correlation
coefficient was computed using the ADone simulation results.

The analysis included the following variables:

o Travel Time

o Energy Consumption

e Carbon Emissions

o Mean Speed

o Number of Rerouting Events

o Traffic Flow

o Communication Latency

The Pearson correlation coefficient [36] is defined as

_ Cov(X,Y)

0x0y

r
where

« Cou(X,Y) is the covariance between variables X and Y;
e oxoy are their standard deviations.

The correlation coefficient ranges between

-1<r<1

where values close to 1 indicate a strong positive linear relationship, values close
to -1 indicate a strong negative linear relationship, and values near 0 indicate little
or no linear correlation.
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3.14 Multiple Linear Regression

To identify the variables that most strongly influence the travel time of the ADone
autonomous robotaxi, a multiple linear regression model was developed. The
regression model quantifies the relationship between travel time and several oper-
ational and environmental variables simultaneously, allowing the contribution of
each predictor to be evaluated while controlling for the remaining variables.

The regression model is expressed as

Y =00+ bivr + B a2+ + Buzn + €
where
e Y is the travel time
e x; are the predictor variables
o (i are the regression coefficients
e ¢ is the random error term

The predictor variables included

Traffic flow

Latency

Pedestrian encounters

Pedestrian waiting time

Weather conditions

The regression analysis was performed using the Ordinary Least Squares (OLS)
method implemented in the Statsmodels library. To account for possible het-
eroscedasticity in the simulation data, HC3 robust standard errors were employed
when estimating the regression coefficients. The regression results were subsequently
used to identify the variables with the greatest influence on autonomous vehicle
travel time [38].
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3.15 Validation Strategy

To ensure the reliability and robustness of the proposed simulation framework,
a comprehensive validation strategy was implemented. Since the study relies
on stochastic Monte Carlo simulations and statistical analysis, it is essential to
verify that the obtained results are stable, reproducible, and representative of the
simulated urban traffic system. This was achieved by evaluating the convergence
of the Monte Carlo simulations, estimating the uncertainty of the results through
bootstrap confidence intervals, assessing the statistical significance of the observed
differences between ADone and ICE vehicles, and verifying the adequacy of the
regression model through diagnostic analysis. Together, these procedures provide
confidence that the reported performance indicators are not the result of random
simulation variability but reflect consistent trends across the simulated scenarios.
The validation strategy consisted of four complementary components:

1. Monte Carlo convergence analysis
2. Bootstrap confidence interval estimation
3. Statistical significance testing

4. Regression model diagnostics

3.15.1 Monte Carlo Convergence Analysis

The first stage of validation focused on verifying that the number of simulation
runs was sufficient to produce stable estimates of system performance. Convergence
was evaluated using cumulative mean plots of travel time across the 200 simulation
runs.

For each additional simulation, the cumulative average travel time was recalcu-
lated and plotted against the number of completed iterations. A stable cumulative
mean indicates that further simulations produce only minor changes in the estimated
performance metrics, suggesting that the sample size is adequate.

The convergence analysis demonstrated that the cumulative mean travel time
gradually stabilized as the number of simulations increased, confirming that the
selected sample size was sufficient to capture the variability associated with traffic
density, pedestrian activity, weather conditions, and communication latency.

3.15.2 Bootstrap Confidence Intervals

Bootstrap resampling was employed to quantify uncertainty in the estimated
performance metrics [33]. The bootstrap method repeatedly samples observations
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from the original dataset with replacement to generate an empirical distribution of
the statistic of interest.

In this study, bootstrap confidence intervals were computed for the mean travel
time and other key performance indicators using 1000 bootstrap samples. The
resulting confidence intervals provide an estimate of the precision of the calculated
statistics and help determine whether the observed results are robust to sampling
variability [33].

A relatively narrow confidence interval indicates low estimation uncertainty and
supports the reliability of the simulation outcomes.

3.15.3 Statistical Significance Testing

Statistical significance testing was conducted to determine whether observed differ-
ences between simulation scenarios were likely to represent genuine effects rather
than random variation.

Depending on the characteristics of the data, both parametric and non-
parametric statistical tests were employed. These included Welch’s t-test, paired
t-test, and Mann—Whitney U test. Normality assumptions were assessed using the
Shapiro—Wilk test prior to selecting the appropriate statistical procedure.

The significance level was set to (alpha = 0.05), meaning that results with a
p-value below 0.05 were considered statistically significant [34], [35].

3.15.4 Regression Diagnostics

Regression diagnostics were performed to evaluate the validity of the multiple
linear regression models used throughout the study. Diagnostic procedures included
residual-versus-fitted plots, histograms of residuals, and Quantile-Quantile (Q-Q)
plots.

These analyses were used to assess key regression assumptions, including;:

o Linearity
o Homoscedasticity

o Approximate normality of residuals

The diagnostic results indicated that the regression models adequately repre-
sented the dominant relationships within the simulation data and were therefore
suitable for identifying the principal factors influencing autonomous vehicle perfor-
mance.

Overall, the combination of convergence analysis, bootstrap resampling, sig-
nificance testing, and regression diagnostics provides a comprehensive validation
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framework that enhances the credibility and statistical reliability of the proposed
methodology [38].

3.16 Limitations of the Methodology

Although the proposed methodology provides a comprehensive framework for
evaluating the performance of autonomous electric robotaxis under a wide range of
urban operating conditions, several limitations should be acknowledged.

First, the simulation environment is based on the Simulation of Urban Mobility
(SUMO) platform, which, despite its extensive capabilities, cannot fully reproduce
the complexity of real-world human driving behavior. Human drivers often exhibit
unpredictable decision-making processes, aggressive maneuvers, and non-compliant
traffic behaviors that are difficult to represent accurately within microscopic traffic
simulation models. Consequently, the simulated traffic conditions may not capture
all aspects of real urban mobility.

Second, weather effects were modeled through simplified modifications of vehicle
speed limits and safety gaps. While these adjustments allow the representation of
reduced road friction and increased caution under adverse environmental conditions,
they do not explicitly account for other weather-related factors such as reduced
sensor visibility, road surface degradation, vehicle dynamics under varying tire
conditions, or perception uncertainties. Therefore, the weather scenarios should be
interpreted as approximations rather than complete representations of real-world
environmental effects.

Third, communication latency was represented using a simplified delay parameter
controlling the response time of route adaptation mechanisms. In real autonomous
transportation systems, communication performance may be influenced by network
congestion, packet loss, signal interruptions, infrastructure availability, and cyber-
security constraints. These aspects were beyond the scope of the present study and
therefore were not explicitly modeled.

Fourth, the simulation experiments were conducted using a single urban road
network. Although the selected network contains realistic urban characteristics,
the results may not be directly transferable to cities with substantially different
road geometries, traffic regulations, pedestrian densities, or transportation infras-
tructures. Additional studies using multiple network configurations would improve
the generalizability of the findings.

Furthermore, the pedestrian interaction model was based on proximity detec-
tion within a predefined radius surrounding the autonomous vehicle. While this
approach provides a practical mechanism for quantifying pedestrian influence, it
does not represent the full complexity of pedestrian intentions, crossing behavior,
group dynamics, or human—vehicle interaction patterns observed in real urban
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environments.

Finally, the environmental assessment was performed using a Well-to-Wheel
carbon intensity factor representative of the Italian electricity generation mix. Since
electricity generation portfolios vary significantly across countries and regions, the
estimated carbon reductions reported in this study may differ when applied to
locations with alternative energy sources.

Despite these limitations, the methodology provides a robust and statistically
validated framework for evaluating autonomous vehicle performance under uncer-
tainty. The combination of Monte Carlo simulation, microscopic traffic modeling,
and advanced statistical analysis enables the systematic investigation of opera-
tional and environmental factors influencing autonomous urban mobility. Future
research may address the identified limitations through the incorporation of more
advanced behavioral models, multiple network environments, and higher-fidelity
representations of weather and communication systems.
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Chapter 4

Simulation Setup

4.1 Introduction

This chapter presents the simulation environment developed to evaluate the perfor-
mance of the ADone autonomous electric robotaxi under a wide range of urban
operating conditions. The simulation framework was implemented using the Simu-
lation of Urban Mobility (SUMO) platform together with a Python-based control
framework that communicates with SUMO through the Traffic Control Interface
(TraCI). The Python application automatically generated randomized simulation
scenarios, controlled vehicle behavior during execution, implemented the Monte
Carlo methodology, and continuously collected the performance indicators used in
the subsequent statistical analyses.

The objective of the simulation framework was to reproduce realistic urban traffic
conditions by modeling vehicle interactions, pedestrian activity, weather effects,
communication latency, and traffic variability. The implementation was designed
to support the Monte Carlo methodology presented in Chapter 3, enabling 200
independent simulation runs to be executed under randomized operating conditions
while ensuring a fully automated and reproducible simulation workflow.

The remainder of this chapter describes the simulation platform, road network,
vehicle configuration, traffic generation process, pedestrian modeling approach,
weather implementation, scenario randomization procedure, rerouting strategy, and
data collection framework adopted throughout the study.

4.2 Simulation Platform

The simulation environment was developed using the Simulation of Urban Mobility
(SUMO), an open-source microscopic traffic simulator widely used for transportation
research, intelligent transportation systems, and autonomous vehicle development.
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SUMO was selected because it provides detailed modeling of urban traffic while
supporting vehicle dynamics, pedestrian interactions, traffic control systems, electric
vehicle simulation, and dynamic route management within a computationally
efficient environment [23], [24].

Communication between the simulation and the external control application
was established through the Traffic Control Interface (TraCI) [27]. TraCl enables
bidirectional communication between SUMO and the Python controller, allowing
simulation parameters to be modified and vehicle states to be monitored in real
time. Through this interface, the Python application automatically generates
randomized scenarios, applies environmental conditions, monitors vehicle behavior,
performs dynamic rerouting, records simulation outputs, and exports the collected
data for subsequent statistical analysis.

The principal capabilities of the simulation platform utilized in this study
include:

o Microscopic vehicle-level traffic simulation

e Pedestrian and multimodal traffic modeling

e Dynamic route recalculation

o Electric vehicle energy consumption modeling

» Python-based simulation control through TraCl

» Automated execution of Monte Carlo simulation experiments

Python Control Script ‘ ‘ SUMO CSV Files
\\‘ 1 \\‘ //,,1 \\
‘ TraCI API ‘ Simulation Results Statistical Analysis

Figure 4.1. Simulation Framework Architecture

Figure 4.1 illustrates the architecture of the proposed simulation framework.
The Python controller communicates continuously with SUMO through the TraCI
interface, enabling automated scenario generation, dynamic vehicle control, per-

formance monitoring, and data collection throughout each simulation run [24],
[25].
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Figure 4.2. Urban Simulation Scenario in SUMO

Figure 4.2 presents a representative urban traffic scenario implemented in
SUMO. The environment includes the ADone autonomous robotaxi, surrounding
conventional vehicles, pedestrian crossings, and urban road infrastructure. This
visualization provides an overview of the operating environment used for the
performance evaluation conducted throughout this study.

4.3 Urban Network Configuration

The experiments were conducted using the Vedano urban road network, which
represents a medium-density urban area characterized by signalized intersections,
pedestrian crossings, and mixed traffic conditions. The network was selected
because it provides a realistic environment for evaluating the interaction between
autonomous vehicles, conventional traffic, and pedestrians under typical urban
operating conditions.

The original road network was obtained from OpenStreetMap (OSM) [47] and
subsequently converted into the SUMO network format using the SUMO network
conversion tools [23], [28]. The resulting network preserves the original road
geometry and traffic infrastructure while enabling microscopic traffic simulation
within the SUMO environment.
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Figure 4.3. OpenStreetMap view of the study area used for the simulation

Figure 4.3 illustrates the geographical location and road layout of the study
area as obtained from OpenStreetMap.
The converted SUMO network contains

Signalized intersections

Multiple road segments

Pedestrian crossings and sidewalks

Urban traffic constraints suitable for autonomous vehicle evaluation

The network was imported into SUMO using a preprocessed network file. During
route generation, only road segments accessible to passenger and taxi-class vehicles
were considered.

To ensure consistency between simulation runs, all generated routes were required
to satisfy a minimum route length of

Dyin = 2000

This constraint prevents unrealistically short trips and ensures that each vehicle
experiences a representative portion of the urban network before reaching its
destination.
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Figure 4.4. SUMO Road Network Used in the Simulations

Figure 4.4 presents the resulting SUMO network used throughout the simulation
study.

The imported network preserves the topology of the original road system while
providing the microscopic representation required for vehicle routing, pedestrian
interactions, and traffic simulation.

4.4 ADone Vehicle Configuration

The autonomous robotaxi was modeled as an electric vehicle using SUMO’s energy
consumption model. The ADone vehicle model was configured using technical
specifications provided by Tecnocad during the development of the project. These
parameters include vehicle dimensions, acceleration characteristics, maximum speed,
battery-related properties, and routing behavior settings [46].

Parameter Value
Vehicle Type Taxi
Maximum Speed 35 km/h
Acceleration 0.7 m/s?
Deceleration 3.0 m/s?
Minimum Gap 2.0m
Vehicle Mass 1850 kg
Frontal Area 2.5 m?
Air Drag Coefficient 0.48
Rolling Resistance 0.012
Auxiliary Power Demand 1600 W
Recuperation Efficiency 65%

Table 4.1. ADone Vehicle Parameters
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Source: Tecnocad Internal Documentation [46].

Table 4.1 summarizes the physical and operational parameters used to model
the ADone autonomous electric robotaxi within the SUMO environment. The
selected parameters were designed to represent a conservative autonomous urban
robotaxi prioritizing safety and passenger comfort.

4.5 Conventional Vehicle Configuration

A conventional passenger vehicle was introduced to provide a baseline comparison.
The benchmark vehicle followed the same route as ADone but used standard
passenger-car dynamics [25] , [27].

Parameter Value
Vehicle Type Passenger
Maximum Speed 50 km/h
Acceleration 2.5 m/s?
Deceleration 4.5 m/s?
Minimum Gap 2.5 m

Table 4.2. ICE Vehicle Parameters

Table 4.2 summarizes the physical and operational parameters used to model
the standard vehicles within the SUMO environment.

Using identical routes allowed differences in travel performance to be attributed
primarily to vehicle behavior rather than route selection.

4.6 Traflfic Generation

Background traffic was generated automatically using SUMO’s RandomTrips.py
tool [24]. For each Monte Carlo simulation run, the vehicle insertion period was
randomly sampled from a uniform distribution between 0.5 s and 2.0 s. Since the
insertion period determines the frequency of vehicle generation, each simulation
produced a different traffic demand, allowing the evaluation of the autonomous
vehicle under varying congestion conditions.

The insertion period is defined as

Tp € [0.5,2.0] s

where Tp denotes the time interval between the generation of two consecutive
vehicles.
The corresponding traffic flow is computed as
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where

e ¢ is the traffic flow (vehicles/hour)

o Tp is the insertion period (seconds)

Consequently, the generated traffic demand ranged approximately between

1800 < g < 7200 vehicles/hour

depending on the randomly selected insertion period.

SUMO
simulation

Route file
(.rou.xml)

Random insertion
period

‘

— ‘ Random Trips.py

Figure 4.5. Traffic Generation Workflow

Figure 4.5 illustrates the workflow adopted for generating background traffic.
For every Monte Carlo run, a new insertion period was randomly selected, Ran-
domTrips.py generated a corresponding set of vehicle trips, and the resulting route

file was used by SUMO during the simulation.
To avoid transient start-up effects, the ADone autonomous vehicle was not

inserted into the network immediately after the simulation started. Instead, a
warm-up period of 150 s was adopted, allowing background traffic and pedestrian
activity to stabilize before performance measurements began.

The ADone insertion time is therefore defined as

Tinsert = 150 seconds

This procedure ensures that the evaluated vehicle operates under established
traffic conditions rather than during the artificial initialization phase of the simula-

tion.

4.7 Pedestrian Modeling

Pedestrians were generated using SUMO’s pedestrian generation functionality [26].
Pedestrian activity was controlled through a pedestrian generation rate:

Rate = [0.2,1.2] seconds
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Pedestrians moved independently through the network and interacted dynam-
ically with vehicle traffic [26]. To quantify pedestrian influence on autonomous
driving performance, a local interaction model was implemented. An encounter
was recorded whenever a pedestrian entered a 10-meter radius around the ADone
vehicle.

4.8 Weather Implementation

Three weather conditions were simulated:

1. Clear
2. Rain

3. Snow

Weather effects were represented through speed reductions and increased safety
gaps.

Weather Speed Factor Gap Factor
Clear 1.00 1.00
Rain 0.85 1.40
Snow 0.60 2.00

Table 4.3. Weather Adjustment Factors

These modifications emulate reduced tire-road friction and increased safety
margins under adverse environmental conditions [29].

4.9 Dynamic Rerouting Strategy

To represent autonomous fleet operation, ADone was allowed to perform dynamic
route recalculation. A rerouting event was triggered whenever:

Vehicle Speed < 3 m/s

for a duration exceeding a predefined latency threshold.
Latency values were randomly sampled from:

0.5 < Latency < 5.0 seconds

This mechanism enabled investigation of communication delays on autonomous
vehicle performance [24].
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4.10 Monte Carlo Scenario Generation

A Monte Carlo framework was implemented to evaluate system performance across
a broad range of operating conditions.

A total of 200 independent simulation runs were executed.

Each simulation was executed for a total duration of 3600 seconds (1 hour),
allowing sufficient time for traffic dynamics, pedestrian interactions, weather effects,
and routing decisions to develop throughout the network. The selected duration
provides a balance between computational efficiency and the ability to capture
representative urban mobility conditions [30], [32].

This approach generated a diverse set of scenarios representative of real-world
uncertainty.

Random . . Statistical
Simulation .
—> —> —> 3
Parameter Execution Data Collection Analysis
Generation

Figure 4.6. Monte Carlo Workflow

4.11 Data Collection and Performance Logging

Performance metrics were collected continuously throughout simulation execution.
The primary indicators included:

o Travel time

e Energy consumption

o Carbon emissions

e Mean speed

o Speed variability

e Time stopped

o Number of rerouting events
o Pedestrian encounters

o Pedestrian waiting time

All metrics were exported automatically to CSV files for subsequent statistical
analysis.
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Chapter 5

Results and Discussion

5.1 Introduction

This chapter presents the results obtained from the Monte Carlo simulation frame-
work developed to evaluate the operational and environmental performance of the
ADone autonomous electric robotaxi within a realistic urban environment. The
simulation campaign consisted of 200 independent runs executed in the Simulation
of Urban Mobility (SUMO) platform under varying traffic densities, pedestrian
activity levels, communication latency values, and weather conditions. The ob-
jective of the analysis is to assess the ability of ADone to operate efficiently and
sustainably under uncertain urban mobility conditions while identifying the factors
that most strongly influence its performance.

The results are organized into five main categories. First, the statistical reliabil-
ity of the Monte Carlo framework is evaluated through convergence and bootstrap
analyses. Second, the travel-time performance of ADone is compared with conven-
tional vehicles. Third, the environmental benefits of electrification are quantified
through carbon-emission analysis. Fourth, regression and sensitivity analyses are
employed to identify the dominant variables influencing performance. Finally, the
effects of adverse weather conditions are investigated to evaluate the robustness of
the autonomous system under realistic operating conditions.

The findings presented in this chapter directly address the research objectives
defined in Chapter 1 and provide the basis for the conclusions and recommendations
presented in Chapter 6.

5.2 Monte Carlo Convergence Analysis

Before interpreting the simulation outcomes, it is necessary to verify that the number
of Monte Carlo iterations is sufficient to produce statistically stable estimates. Since

45



Results and Discussion

each simulation run contains randomly generated traffic, pedestrian activity, latency
values, and weather conditions, convergence analysis is required to ensure that the
resulting performance metrics are representative of the overall system behavior
rather than random fluctuations.

Monte Carlo Convergence of Travel Time
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Figure 5.1. Monte Carlo Convergence of Travel Time

Figure 5.1 illustrates the cumulative average travel time as the number of
simulation runs increases. The cumulative mean initially exhibits considerable
variability because the first simulations represent only a small subset of the possible
operating conditions. As additional runs are incorporated, the cumulative average
gradually stabilizes and converges toward a consistent value [32].

The convergence curve demonstrates that the largest fluctuations occur during
approximately the first 50 simulations. Beyond this point, the cumulative mean
begins to stabilize, and after approximately 150 runs only minor variations are
observed. At the conclusion of the 200 simulations, the cumulative mean travel
time converges to approximately 549 seconds.

The stabilization of the cumulative mean indicates that the simulation sample
size is sufficiently large to capture the variability associated with the stochastic
operating environment. Consequently, the results obtained from the Monte Carlo
framework can be considered statistically reliable and suitable for further analysis.

The convergence behavior also validates the methodological framework described
in Chapter 3. In particular, it demonstrates that repeated random sampling
successfully captures the combined effects of traffic density, pedestrian interactions,
weather conditions, and communication latency.

To further quantify uncertainty, bootstrap resampling was applied to the travel-
time dataset [33].
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Figure 5.2. Bootstrap Distribution of Mean Travel Time

Figure 5.2 presents the bootstrap distribution obtained from 1000 resampled
estimates of the mean travel time. The red dashed lines indicate the lower and
upper bounds of the 95% confidence interval.

The bootstrap distribution exhibits an approximately bell-shaped form centered
around the observed travel-time mean. This result suggests that the estimated
travel time is stable and not excessively influenced by a small number of extreme
observations.

The confidence interval remains relatively narrow compared with the overall
travel-time range observed across the simulations. This finding demonstrates that
the uncertainty associated with the estimated mean travel time is limited and that
the Monte Carlo framework provides robust performance estimates.

From a methodological perspective, the combination of convergence analysis
and bootstrap resampling provides strong evidence that the simulation framework
achieves statistical validity. Therefore, the subsequent analyses may be interpreted
with confidence.

Metric Value
Number of Simulation Runs 200
Mean Travel Time (s) 548.67
Bootstrap Iteration 1000
Confidence Level 95%
Convergence Achieved Yes

Table 5.1. Monte Carlo Stability Statistics

The statistics presented in Table 5.1 further support the validity of the simulation
framework. Together with the convergence and bootstrap analyses, these results
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demonstrate that the selected number of simulations is sufficient to characterize
system performance under uncertainty.

5.3 Travel Time Performance Analysis

Travel time represents one of the most important indicators of transportation
system efficiency and user satisfaction. Consequently, a primary objective of this
research was to evaluate how the operational behavior of ADone compares with
that of conventional vehicles operating within the same urban environment.

Metric ADone Conventional Vehicle
Mean Travel Time (s) 548.67 368.11

Minimum (s) 242 236

Maximum (s) 3263 565

Standard Deviation (s) 348.94 -

Table 5.2. Travel Time Statistics

The results indicate that ADone requires substantially longer travel times than
conventional vehicles. The average travel time of ADone is approximately 548.67
seconds, compared with 368.11 seconds for conventional vehicles.

The observed difference corresponds to an increase of approximately 49%, demon-
strating that autonomous operation introduces a measurable performance penalty
under the investigated urban conditions.

Several factors contribute to this increase. Unlike conventional vehicles, ADone
actively responds to pedestrian movements, performs dynamic rerouting when
congestion is detected, and operates using conservative acceleration and deceleration
profiles designed to prioritize safety.

Metric Value
Mean Conventional Travel Time (s) 368.11
Mean ADone Travel Time (s) 548.67
Absolute Difference (s) 180.56
Relative Increase (%) 49.05

Table 5.3. Relative Travel Time Difference

Table 5.3 quantifies the operational tradeoff associated with autonomous driving.
Although travel times increase, the additional delay must be considered in the
context of improved safety, reduced emissions, and enhanced pedestrian awareness.

From an engineering perspective, these results illustrate one of the principal
challenges facing autonomous mobility systems. Achieving safety-oriented behavior
often requires sacrificing a portion of operational efficiency.
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Figure 5.3. Travel Time Distribution Comparison

Figure 5.3 illustrates the distribution of travel times observed for both vehicle
categories. The width of the violin plot represents the density of observations at
each travel-time value.

The figure reveals a considerably wider distribution for ADone than for conven-
tional vehicles. Most conventional vehicle observations are concentrated within a
relatively narrow range, whereas ADone exhibits greater variability and a longer
upper tail.

The presence of this upper tail indicates that specific combinations of traffic
congestion, pedestrian interactions, and adverse weather conditions can substan-
tially increase travel times. However, these extreme cases represent a relatively
small proportion of the total simulations.
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Figure 5.4. ECDF Comparison of Travel Time
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Figure 5.4 presents the empirical cumulative distribution functions of travel
times for both vehicle categories.

The ECDF analysis confirms that conventional vehicles consistently complete
trips more rapidly than ADone across nearly all percentiles. The separation between
the curves demonstrates that the travel-time increase associated with autonomous
operation is systematic rather than being caused by a small number of outliers.

This result strengthens the conclusion that the observed performance difference
is an inherent consequence of the operational characteristics of the autonomous
vehicle rather than random variability within the simulation framework.

The travel-time results suggest that autonomous urban mobility systems remain
subject to a tradeoff between operational efficiency and safety. While conventional
vehicles can complete trips more quickly, ADone demonstrates behavior that is
more responsive to pedestrians and environmental uncertainty.

These findings are consistent with recent autonomous mobility studies, which
report that conservative decision-making remains one of the principal causes of
increased travel times in urban autonomous transportation systems.

The travel-time analysis demonstrates that ADone experiences a statistically
significant increase in travel time compared with conventional vehicles. The
average travel time increase of approximately 49% represents the operational cost
associated with autonomous safety-oriented behavior. Despite this penalty, the
results indicate that ADone maintains acceptable performance across a wide range
of urban operating conditions [4].

5.4 Environmental Impact Assessment

One of the principal motivations for the development of autonomous electric
transportation systems is the reduction of greenhouse gas emissions associated with
urban mobility. Consequently, evaluating the environmental performance of ADone
constitutes an essential component of this research.

The environmental assessment was conducted using a Well-to-Wheel (WTW)
methodology [20], which accounts for both direct and indirect emissions associated
with electricity generation and vehicle operation. Carbon emissions were calculated
using the Italian electricity grid carbon intensity introduced in Chapter 3 [21].

Metric ADone Conventional Vehicle
Mean COg Emissions (g) 45.36 966.41
Average Reduction (%) 95.31 -

Table 5.4. Carbon Emission Statistics

The results presented in Table 5.4 demonstrate a substantial environmental
advantage for ADone. The average carbon footprint of the autonomous electric
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vehicle is approximately 45 g CO, per trip, whereas the average conventional vehicle
produces approximately 966 g CO,.

This difference corresponds to an average emission reduction of 95.31%.

Such a reduction highlights the significant environmental potential of autonomous
electric mobility and confirms that vehicle electrification remains one of the most
effective strategies for reducing transportation-related emissions [16], [18].

Carbon Emission Distribution Comparison
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Figure 5.5. Carbon Emission Distribution Comparison

Figure 5.5 compares the distribution of carbon emissions generated by ADone
and conventional vehicles across all simulation runs.

A complete separation between both distributions is observed. Conventional
vehicles consistently generate significantly higher emissions than ADone regardless
of traffic conditions.

The narrow spread associated with ADone indicates that the environmental
performance of the electric vehicle remains relatively stable across different operating
scenarios. In contrast, conventional vehicles exhibit substantially greater emission
variability due to changes in speed, acceleration behavior, and congestion levels.

The consistency of the ADone distribution further demonstrates the robustness
of the environmental benefits associated with electrification.
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Carbon Emission Relationship per Simulation Run
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Figure 5.6. Carbon Emission Relationship per Simulation Run

Figure 5.6 presents the relationship between emissions generated by ADone and
conventional vehicles for each simulation run.

All observations are located well below the equality line, indicating that ADone
consistently produces lower emissions under every investigated scenario.

This finding is particularly important because it demonstrates that the envi-
ronmental advantage of ADone is not restricted to specific operating conditions.

Instead, the reduction remains evident under both favorable and unfavorable traffic
environments.

ADone Carbon Reduction vs Traffic Density
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Figure 5.7. Carbon Reduction versus Traffic Density

Figure 5.7 illustrates the relationship between traffic density and the percentage
reduction in carbon emissions achieved by ADone.
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The results indicate that carbon reduction remains remarkably stable across
all traffic densities. Although minor fluctuations are visible, the regression trend
remains nearly horizontal.

This observation suggests that congestion has limited influence on the envi-
ronmental superiority of electric mobility. Consequently, ADone can maintain
substantial emission reductions even in highly congested urban environments.

From an urban sustainability perspective, the results provide strong evidence
that autonomous electric fleets could significantly contribute to greenhouse gas
mitigation strategies.

The observed emission reductions exceed those reported in many previous studies
and demonstrate the importance of combining vehicle electrification with intelligent
transportation technologies [18], [19], [20].

5.5 Correlation Analysis

Understanding relationships among performance variables is essential for identifying
the mechanisms responsible for travel-time variation.

To investigate these relationships, a correlation matrix was constructed using
the principal variables collected during the simulations.

Correlation Matrix - ADone Performance Variables
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Figure 5.8. Correlation Heatmap of ADone Performance Variables

Figure 5.8 presents Pearson correlation coefficients among the principal simula-
tion variables.

Several strong relationships emerge from the analysis. Travel time exhibits
particularly strong positive correlations with:

o Number of rerouting events
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o Pedestrian waiting time

e Pedestrian encounters

Among these variables, the strongest relationship is observed between travel
time and rerouting frequency.

This finding is expected because rerouting events generally occur during con-
gestion conditions that simultaneously increase overall travel duration. Similarly,
strong positive relationships exist between travel time and pedestrian-related vari-
ables. The correlation coefficients indicate that increasing pedestrian activity
contributes directly to longer travel times through repeated vehicle yielding and
speed reductions. Conversely, mean speed exhibits a strong negative correlation
with travel time. This relationship confirms that reductions in average speed
constitute one of the primary mechanisms responsible for increased trip duration.
Interestingly, communication latency displays only a weak correlation with travel
time. Although latency influences route adaptation timing, its effect remains consid-
erably smaller than that of physical interactions with pedestrians and surrounding
traffic.

Variable Pair Correlation
Travel Time — Reroutes Strong Positive
Travel Time — Pedestrian Waiting Time Strong Positive
Travel Time — Pedestrian Encounters Strong Positive
Travel Time — Mean Speed Strong Negative
Travel Time — Latency Weak Positive

Table 5.5. Strongest Correlations Observed

The relationships summarized in Table 5.5 suggest that local interactions occur-
ring within the immediate vehicle environment are more influential than broader
network-level parameters [13], [14].

This observation constitutes one of the most important findings of the thesis
and motivates the regression analysis presented in the following section.

5.6 Regression Analysis

While correlation analysis identifies relationships between variables, it cannot
determine their relative importance when multiple factors act simultaneously.

To overcome this limitation, a multiple linear regression model was developed
using travel time as the dependent variable [38]. The predictor variables included:

o Traffic flow
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Figure 5.9. Standardized Regression Coefficients

Figure 5.9 presents the standardized coefficients obtained from the regression
model.

The standardized coefficient analysis reveals substantial differences in the rela-
tive influence of the investigated variables. Pedestrian encounters emerge as the
strongest predictor of travel time, exhibiting the largest positive coefficient among
all explanatory variables. Snow conditions represent the second most influential fac-
tor. Traffic flow ranks third, followed by pedestrian waiting time. Communication
latency exhibits the smallest coefficient and contributes minimally to travel-time
variation.

These results demonstrate that physical interactions with pedestrians and envi-
ronmental constraints exert considerably greater influence on autonomous vehicle
performance than digital communication delays [13], [14], [15].

Traditional traffic engineering often assumes that traffic density constitutes the
primary source of travel-time delays [4]. However, the present results suggest that
local pedestrian interactions can exert an even greater influence on autonomous
vehicle performance.

This observation has significant implications for future robotaxi deployment
strategies. Improving pedestrian detection, prediction, and interaction management
may produce larger performance gains than focusing exclusively on congestion
mitigation.
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5.6.1 Regression Diagnostics

To evaluate model validity, residual analysis was performed.

Residuals
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Figure 5.10. Residuals versus Fitted Values
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Figure 5.11. Distribution of Regression Residuals
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QQ Plot of Regression Residuals
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Figure 5.12. Q—Q Plot of Regression Residuals

The residual analysis demonstrates that the regression model captures the prin-
cipal trends present in the data. The residual distribution remains approximately
centered around zero and exhibits no major systematic patterns. Furthermore,
the Q—Q plot indicates reasonable agreement with normality assumptions. Conse-
quently, the regression model may be considered sufficiently reliable for identifying
the dominant factors influencing travel time.

The regression analysis confirms that pedestrian interactions constitute the
dominant operational constraint affecting ADone performance. While traffic density
and weather conditions remain important contributors, local pedestrian encounters
exert the strongest influence on travel time. These findings provide valuable insight
into the challenges associated with autonomous mobility in pedestrian-rich urban
environments [38].

5.7 Sensitivity Analysis

Sensitivity analysis was conducted to evaluate how variations in individual simula-
tion parameters influence ADone performance [39]. While the regression analysis
identifies the relative importance of multiple variables simultaneously, sensitivity
analysis enables the direct observation of how travel time changes as individual
factors increase or decrease.

The analysis focuses on four principal variables:

o Traffic flow
o Communication latency

e Pedestrian encounters
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o Pedestrian waiting time

These variables were selected because they represent the most important oper-
ational and environmental uncertainties encountered by autonomous vehicles in
urban environments.

5.7.1 Traffic Flow Sensitivity

Traffic density is traditionally considered one of the primary determinants of travel
time in transportation systems. To investigate its influence on ADone performance,
travel time was analyzed as a function of traffic flow.

Traffic Flow Sensitivity on Travel Time
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Figure 5.13. Traffic Flow Sensitivity on Travel Time

Figure 5.13 illustrates the relationship between traffic flow and travel time across
all simulation runs. The regression line represents the average trend observed
within the dataset.

A positive relationship between traffic flow and travel time is clearly visible.
As the number of vehicles within the network increases, ADone generally requires
longer periods to complete its route. However, considerable variability exists
around the regression line. Several scenarios with similar traffic densities exhibit
substantially different travel times.

This observation suggests that traffic density alone cannot fully explain au-
tonomous vehicle performance. Instead, traffic flow interacts with other variables
such as pedestrian activity and weather conditions, producing different operational
outcomes even under similar congestion levels.
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Traffic Level Travel Time Trend
Low Traffic Lowest travel times
Medium Traffic Moderate delays
High Traffic Significant delays

Table 5.6. Travel Time under Different Traffic Conditions

The results confirm that congestion influences autonomous mobility performance.
However, congestion is not the dominant source of delay. This finding challenges tra-
ditional transportation assumptions and suggests that future autonomous mobility
systems must consider additional environmental factors beyond vehicle density.

5.7.2 Communication Latency Sensitivity

Communication latency represents the delay between the detection of congestion
and the execution of route adaptation strategies.

Latency Sensitivity on Travel Time
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Figure 5.14. Latency Sensitivity on Travel Time

Figure 5.14 illustrates the relationship between communication latency and
travel time.

Although a positive trend is observable, the slope of the regression line remains
relatively small. The weak relationship indicates that travel time increases only
modestly as latency increases. Even when communication delays approach their
maximum simulated values, the resulting impact on overall trip duration remains
limited. This finding is particularly important because communication infrastruc-
ture is frequently considered a critical challenge for autonomous transportation
systems.
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The results suggest that moderate latency values can be tolerated without
producing substantial operational degradation.

The limited impact of latency suggests that ADone exhibits a relatively robust
response to communication delays. Consequently, future optimization efforts may
achieve greater benefits by focusing on pedestrian interaction management rather
than communication performance.

5.7.3 Pedestrian Encounter Sensitivity

Pedestrian encounters represent direct interactions between the autonomous vehicle
and vulnerable road users.

Pedestrian Density Impact on Travel Time
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Figure 5.15. Pedestrian Density Impact on Travel Time

Figure 5.15 presents the relationship between pedestrian encounters and travel
time.

A strong positive relationship is evident. As the number of pedestrian encounters
increases, travel time increases substantially. The regression trend is considerably
steeper than those observed for traffic density and communication latency.

This finding indicates that pedestrian activity exerts a stronger influence on
autonomous vehicle performance than general traffic congestion. Frequent pedes-
trian interactions force the vehicle to perform additional yielding maneuvers, speed
reductions, and safety-related decisions.

The results suggest that pedestrian-rich environments remain one of the most
challenging operational contexts for autonomous mobility systems. Improving
pedestrian prediction and interaction planning algorithms may therefore provide
substantial performance benefits.
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5.7.4 Pedestrian Waiting Time Sensitivity

Pedestrian waiting time provides an indirect measure of the duration and intensity
of pedestrian interactions.

Pedestrian Interaction Impact on Travel Time
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Figure 5.16. Pedestrian Interaction Impact on Travel Time

Figure 5.16 illustrates the relationship between pedestrian waiting time and
travel time.

The relationship is strongly positive and nearly linear. As pedestrian waiting
time increases, travel time rises significantly. This result reinforces the conclusions
obtained from both the correlation and regression analyses.

The consistency of these findings across multiple statistical methods provides
strong evidence that pedestrian-related variables represent the dominant operational
constraint affecting ADone performance.

The sensitivity analysis confirms that pedestrian encounters and pedestrian
waiting time exert a stronger influence on travel time than either traffic density
or communication latency. These findings highlight the critical importance of
pedestrian-aware autonomous driving strategies[39].

5.8 Weather Impact Analysis

Weather conditions were incorporated into the simulation framework to evaluate
the influence of environmental uncertainty on autonomous vehicle performance.
Three weather scenarios were considered:

e Clear weather
¢ Rain
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e Snow

The objective was to determine how adverse environmental conditions affect
travel time and energy consumption.

5.8.1 Travel Time Effects

Weather Condition Mean Travel Time (s)
Clear 428.76
Rain 474.07
Snow 661.74

Table 5.7. Weather Impact on Travel Time
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Figure 5.17. Weather Impact on Travel Time

Figure 5.17 compares the distribution of travel times observed under different
weather conditions.

The results indicate a clear deterioration in performance as weather conditions
become more severe. Snow generates the highest average travel time, exceeding
clear-weather conditions by more than 230 seconds. Several extreme outliers are
visible within the snow distribution, indicating that severe delays can occur under
unfavorable environmental conditions. Rain also increases travel time, although
the effect is considerably smaller than that observed for snow.

These findings are consistent with the weather model introduced in Chapter 4,
where reduced speed limits and increased safety gaps were applied under adverse
conditions.

The results demonstrate that environmental conditions remain an important
challenge for autonomous mobility systems. Winter weather, in particular, can
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significantly reduce operational efficiency and must therefore be considered when
designing deployment strategies.

5.8.2 Energy Consumption Effects

Weather Condition Mean Energy Consumption (Wh)
Clear 207.93
Rain 194.32
Snow 179.68

Table 5.8. Weather Impact on Energy Consumption
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Figure 5.18. Weather Impact on Energy Consumption

Figure 5.18 illustrates the distribution of energy consumption observed under
different weather conditions.

Interestingly, snow conditions produce the lowest average energy consumption
despite generating the longest travel times. At first glance, this result may appear
counterintuitive. However, the explanation lies in the reduced vehicle speeds
and smoother acceleration profiles imposed under snowy conditions [29]. Lower
acceleration rates reduce instantaneous power demand and limit energy-intensive
driving behaviors. Consequently, the reduction in power consumption partially
offsets the increased trip duration.

This finding represents one of the most interesting outcomes of the study because
it demonstrates that operational efficiency and energy efficiency do not necessarily
vary in the same direction.

The results suggest that speed management strategies may play an important
role in extending electric vehicle range. Although adverse weather conditions
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increase travel time, they may simultaneously reduce battery power consumption
through smoother vehicle operation [29].

5.9 Discussion of Key Findings

The results obtained throughout this chapter provide several important insights
into autonomous electric mobility.

First, the Monte Carlo framework successfully achieved statistical convergence
after 200 simulation runs, validating the methodological approach adopted in this
research.

Second, ADone achieved substantial environmental benefits, reducing Well-
to-Wheel carbon emissions by approximately 95% compared with conventional
vehicles.

Third, autonomous operation resulted in an average travel-time increase of
approximately 49%, reflecting the safety-oriented behavior of the vehicle.

Fourth, pedestrian interactions emerged as the dominant factor influencing travel
time. Both correlation analysis and regression modeling consistently identified
pedestrian encounters and pedestrian waiting time as the strongest predictors of
operational performance.

Fifth, weather conditions significantly influenced vehicle behavior. Snow sce-
narios generated the longest travel times but simultaneously produced the lowest
energy consumption due to reduced acceleration demands.

Collectively, these findings demonstrate that future improvements in autonomous
urban mobility should focus primarily on pedestrian interaction management rather
than communication infrastructure optimization.

5.10 Computational Performance

To evaluate the computational efficiency of the proposed simulation framework, the
execution time of the complete experimental workflow was recorded. All simulations
were performed on a MacBook Pro equipped with an Apple M3 Pro processor,
18 GB of unified memory, and running macOS. The simulation framework was
implemented in Python and executed using SUMO 1.22.0 through the TraCI
interface.

A total of 200 Monte Carlo simulations were executed. Each simulation required
an average execution time of approximately 148.2 seconds, resulting in a total
simulation time of approximately 8.23 hours. Including data processing and
the generation of the final figures, the complete experimental workflow required
approximately 8.94 hours.
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The measured execution times indicate that the computational cost is primarily
associated with repeatedly executing the microscopic SUMO simulations required
by the Monte Carlo methodology. Despite the large number of independent
simulation runs, the complete experimental campaign can be completed within
a single overnight execution on a standard personal computer, demonstrating
the practical applicability of the proposed framework for large-scale stochastic
simulation studies.
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Chapter 6

Conclusion and Future Work

6.1 Research Summary

This thesis presented a stochastic simulation framework for evaluating the opera-
tional and environmental performance of the ADone autonomous electric robotaxi
under uncertain urban operating conditions. The framework combined the Simu-
lation of Urban Mobility (SUMO) platform [23] with a Python-based controller
communicating through the Traffic Control Interface (TraCI) [24], while the stochas-
tic simulation scenarios were generated using a Monte Carlo methodology [30], [31].

A total of 200 independent simulation runs were conducted considering variations
in traffic density, pedestrian activity, communication latency, and weather condi-
tions. The resulting datasets were analyzed using bootstrap confidence intervals [33],
hypothesis testing [35], [36], effect size analysis (Cohen’s d) [37], correlation and
sensitivity analyses [39], and multiple linear regression [38] to identify the factors
influencing autonomous vehicle performance.

The obtained results demonstrate that the proposed framework provides stable
and statistically reliable estimates of vehicle behavior. Compared with conventional
internal combustion engine vehicles, the ADone autonomous electric robotaxi exhib-
ited longer travel times due to its more conservative driving strategy but achieved
a Well-to-Wheel carbon emission reduction exceeding 95%, supporting previous
studies on the environmental benefits of vehicle electrification and sustainable trans-
portation [18], [19], [20]. The statistical analyses further indicated that pedestrian
interactions were the dominant factor affecting travel time, whereas communication
latency had only a limited influence under the investigated operating conditions.

Overall, the proposed methodology provides a flexible framework for evaluating
autonomous electric mobility under realistic urban uncertainty while support-
ing quantitative comparisons between different operating scenarios and vehicle
technologies.

66



Conclusion and Future Work

6.2 Main Findings and Contributions

The results presented throughout this thesis provide several important contributions
to the study of autonomous urban mobility.

6.2.1 Statistical Validation of the Simulation Framework

The first contribution of this work is the development and validation of a Monte
Carlo-based evaluation framework for autonomous vehicle performance assessment.

The convergence analysis demonstrated that the cumulative mean travel time
stabilized after approximately 150-200 simulation runs, confirming that the selected
sample size was sufficient to produce statistically reliable results. Bootstrap analysis
further validated the robustness of the obtained estimates and confirmed the stability
of the simulation outputs.

These findings demonstrate that Monte Carlo simulation provides an effective
methodology for evaluating autonomous transportation systems operating under
uncertain and dynamically changing urban conditions.

6.2.2 Operational Performance of Autonomous Urban Mo-
bility

The second contribution concerns the operational performance of the ADone

autonomous robotaxi.

The simulation results showed that ADone required, on average, approximately
49% more travel time than conventional vehicles operating on equivalent routes.
This increase was primarily attributed to safety-oriented autonomous driving
behavior, including pedestrian yielding, conservative acceleration strategies, and
dynamic route adaptation mechanisms.

Although the observed increase represents a reduction in operational efficiency,
it also reflects the cautious decision-making processes required for safe autonomous
operation in pedestrian-rich urban environments.

These findings highlight the fundamental tradeoff between safety and efficiency
that currently characterizes many autonomous transportation systems.

6.2.3 Environmental Sustainability Benefits

The environmental assessment revealed substantial sustainability benefits associated
with autonomous electric mobility.

Using a Well-to-Wheel carbon accounting methodology [20], ADone achieved
an average carbon emission reduction of approximately 95% compared with con-
ventional internal combustion engine vehicles. This reduction remained remarkably
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consistent across different traffic densities and operating conditions, indicating that
the environmental advantages of electrification are largely preserved even under
congested urban scenarios.

The results demonstrate that autonomous electric robotaxis have the potential
to contribute significantly to greenhouse gas reduction objectives and support the
transition toward more sustainable transportation systems.

6.2.4 Influence of Pedestrian Interactions

One of the most significant findings of this research concerns the role of pedestrian
interactions.

Both correlation analysis and multivariate regression modeling consistently
identified pedestrian encounters and pedestrian waiting time as the strongest
predictors of travel time. Interestingly, pedestrian-related variables exerted a
greater influence on vehicle performance than traffic density and communication
latency [13], [14].

This finding suggests that future improvements in autonomous mobility systems
should focus not only on traffic optimization but also on the development of more
effective pedestrian interaction and prediction algorithms [13], [15].

The results highlight the importance of considering vulnerable road users when
evaluating autonomous vehicle performance in urban environments.

6.2.5 Weather Effects on Autonomous Vehicle Performance

The final major contribution concerns the influence of environmental conditions.

The simulation results demonstrated that snow conditions produced the largest
increase in travel time and represented the most challenging operating environment
for the autonomous vehicle. However, snow conditions also generated the lowest
average energy consumption due to reduced speeds and smoother acceleration
profiles.

This finding demonstrates that operational efficiency and energy efficiency do
not necessarily vary in the same direction and highlights the complex relationship
between environmental conditions and autonomous vehicle performance.

6.3 Research Limitations

Although the proposed framework provides valuable insights into autonomous
urban mobility, several limitations should be acknowledged.

First, the simulation environment is based on the SUMO platform and therefore
cannot fully replicate the complexity of real-world human driving behavior. Human
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drivers frequently exhibit unpredictable actions and decision-making processes that
are difficult to represent accurately within simulation environments.

Second, although the ADone vehicle model was developed using technical
specifications and information provided by Tecnocad [46], the simulated vehicle does
not fully replicate the complete proprietary autonomous driving system. The real
ADone platform integrates complex perception, localization, planning, and control
algorithms that cannot be reproduced entirely within a microscopic traffic simulator.
Consequently, the implemented model represents the operational behavior of the
vehicle through a set of calibrated driving parameters, including acceleration,
deceleration, safety-gap adaptation, pedestrian interaction, rerouting behavior, and
weather-dependent speed adjustments. While these parameters were selected to
reflect the characteristics of the real ADone platform as closely as possible, the
simulation remains an approximation of the actual autonomous driving system.

Third, weather conditions were modeled through simplified modifications to
vehicle speed and safety-gap parameters. While this approach captures the general
effects of adverse environmental conditions, it does not explicitly account for sensor
degradation, visibility reduction, road-surface changes, or other weather-related
factors affecting autonomous vehicle perception and control.

Fourth, communication latency was represented using a simplified delay model.
Real-world communication systems may experience packet loss, network interrup-
tions, infrastructure limitations, and cybersecurity-related issues that were not
considered within the scope of this research [41], [42].

Fifth, the study was conducted using a single urban network configuration.
Although the selected environment provides realistic urban characteristics, the
results may vary when applied to different cities, road layouts, or transportation
infrastructures.

Finally, the environmental assessment was based on the electricity generation
mix of a specific geographic region. Different electricity production systems may
produce different environmental outcomes.

Despite these limitations, the proposed methodology provides a robust framework
for evaluating autonomous mobility systems under uncertainty and offers valuable
insights into the operational and environmental factors affecting autonomous urban
transportation.

6.4 Future Work

Several opportunities exist for extending and improving the research presented in
this thesis.

First, future studies could investigate larger and more complex urban networks
to evaluate the scalability of the proposed framework and determine whether similar
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trends emerge in metropolitan-scale transportation systems.

Second, more sophisticated pedestrian behavior models could be incorporated
to represent realistic crossing decisions, group interactions, and human—vehicle
negotiation processes. Such improvements would provide a deeper understanding
of the influence of pedestrian dynamics on autonomous mobility performance.

Third, future research could integrate higher-fidelity weather models capable
of representing visibility reduction, road friction changes, sensor uncertainty, and
vehicle dynamics under adverse environmental conditions.

Fourth, the communication framework could be expanded to include realistic
vehicle-to-infrastructure (V2I) and vehicle-to-vehicle (V2V) communication archi-
tectures, allowing the investigation of network reliability, cybersecurity challenges,
and cooperative traffic management strategies [40], [41].

Fifth, future research could extend the proposed framework to evaluate other
autonomous vehicle and robotaxi platforms in addition to ADone. Different
autonomous driving systems employ distinct sensing technologies, perception al-
gorithms, planning strategies, and driving policies, which may lead to different
operational characteristics under identical traffic conditions [1], [2], [6]. Comparing
multiple autonomous vehicle models within the same simulation framework would
help determine whether the findings obtained in this study are specific to the
ADone platform or representative of autonomous urban mobility in general.

Sixth, future studies could investigate more advanced techniques for reproducing
autonomous vehicle behaviour and estimating model parameters. Real-world
vehicle trajectories, onboard sensor measurements, and operational data could
be used to calibrate simulation models more accurately [10], [12]. Optimization-
based calibration, Bayesian inference, and other machine learning approaches could
further improve model fidelity and reduce the gap between simulated and real
autonomous driving behaviour [29], [30], [38].

Seventh, future studies could evaluate fleet-level robotaxi operations, including
passenger demand modeling, vehicle dispatch optimization, charging infrastructure
management, and ride-sharing strategies.

Finally, the proposed framework could be combined with real-world traffic and
mobility datasets to validate the simulation results against observed operational
performance and further improve model realism [43], [44].

6.5 Final Remarks

Autonomous electric mobility is expected to play an increasingly important role
in the future of urban transportation. However, the successful deployment of
autonomous robotaxi systems requires a comprehensive understanding of the opera-
tional, environmental, and human-related factors that influence system performance.
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This thesis presented a statistically validated Monte Carlo framework for eval-
uating autonomous electric robotaxis operating in complex urban environments.
The results demonstrated substantial environmental benefits, identified pedestrian
interactions as the dominant operational constraint, and highlighted the influence
of weather conditions on autonomous vehicle behavior.

Overall, the findings suggest that autonomous electric robotaxis can contribute
significantly to sustainable urban mobility while maintaining acceptable operational
performance. As autonomous driving technologies continue to mature, the method-
ologies and findings presented in this research may support the development of safer,
more efficient, and more environmentally sustainable transportation systems.
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